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Kühl für die kreative, unkomplizierte und fruchtbringende Zusammenarbeit.
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Geduld und eure Unterstützung in guten wie in schweren Zeiten während meiner Promotion.

Nicht zuletzt geht mein Dank auch an alle anderen Freunde, Kommilitonen und Bekannte, die
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Abstract

Due to the ongoing biodiversity crisis, many species including great apes such as chimpanzees or

gorillas are threatened and need to be protected. To overcome the catastrophic decline of biodi-

versity, biologists recently started to use remote cameras for wildlife monitoring. However, the

manual analysis of the resulting image and video material is extremely tedious, time consuming,

and highly cost intensive.

To overcome the burden of exhaustive routine work, this thesis explores a novel applica-

tion of computer vision: Automatic detection and identification of primates in visual

footage. Based on the assumption that humans and our closest relatives - the great apes -

share similar properties of the face, algorithms for human face detection and recognition are

adapted and extended in order to identify chimpanzees and gorillas in their natural habitats.

The thesis proposes and evaluates an algorithmic framework comprising detection, alignment,

and identification of primate faces in images and videos which is robust to various poses, chal-

lenging lighting, clutter, and partial occlusion among other extrinsic and intrinsic factors present

in real-world environments. Free-living and captive chimpanzees and gorillas serve as sample

species to demonstrate the feasibility but also highlight limitations of the approach.

Emphasizing on the identification part of the proposed system, first algorithms for reliable

identification of primates in still images are proposed. Holistic global features and locally ex-

tracted descriptors are combined using a decision-level fusion paradigm. This approach is further

extended to recognize great apes in videos. After faces have been detected and tracked through

the sequence, a number of quality assessment modules are applied in order to select the frames

which are best suited for subsequent recognition. Furthermore, a novel frame-weighting scheme

is proposed which weights the predictions of multiple frames according to the classifier’s confi-

dence.

Secondly, the developed algorithms are thoroughly evaluated on realistic image and video

benchmark datasets annotated by experts. To show the superiority of the proposed framework,

it is compared to various state-of-the-art face recognition algorithms originally developed to

identify humans.

In order to provide a practical proof of concept, the proposed algorithms are integrated into

a unified full-automatic prototypical implementation currently used by biologists and ecologists

to estimate population sizes faster and more precisely than current approaches. Thus, the

proposed Primate Recognition Framework (PRF) has the potential to open up new venues

in efficient wildlife monitoring and can help researchers to develop innovative protection schemes

in the future.
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Zusammenfassung

Aufgrund des gegenwärtigen Artensterbens sind viele Spezies, einschließlich Menschenaffen wie

Schimpansen und Gorillas, vom Aussterben bedroht. Daher gewinnt die Überwachung der ak-

tuellen Bestände mittels autonomer Aufnahmegeräte zunehmend an Bedeutung. Die manuelle

Auswertung solcher Daten ist jedoch extrem mühsam, zeitaufwändig und kostenintensiv.

Um der immer größer werdenden Datenflut Herr zu werden, untersucht diese Arbeit ein neu-

es Anwendungsgebiet der Bildverarbeitung und des maschinellen Sehens: Automatische De-

tektion und Identifikation von Primaten in Bildern und Videos. Basierend auf der

Annahme, dass Menschen und unsere nächsten Verwandten ähnliche Charakteristika des Ge-

sichts aufweisen, werden in dieser Arbeit Algorithmen zur Erkennung menschlicher Gesichter

erweitert um Schimpansen und Gorillas in ihrem natürlichen Lebensraum zuverlässig identifizie-

ren zu können. Die Dissertation beschreibt und evaluiert ein algorithmisches System bestehend

aus Detektion, Ausrichtung und Identifikation von Primatengesichtern in Bildern und Videos.

Die vorgeschlagenen Algorithmen sind dabei robust gegenüber verschiedenen Posen, Beleuch-

tungsbedingungen und partiellen Verdeckungen sowie anderen Faktoren wie sie häufig in realen

Anwendungsszenarien auftreten. Die Leistungsfähigkeit, aber auch Grenzen des Systems wer-

den ausführlich anhand von Datensets freilebender und gefangener Schimpansen und Gorillas

diskutiert.

Mit dem Fokus auf die individuelle Erkennung werden zuerst Algorithmen für eine zuverlässige

Erkennung von Primaten in Bildern vorgestellt. Holistische Merkmale sowie lokale Deskriptoren

werden mittels einer Entscheidungsfusion kombiniert. Anschließend wird dieser Ansatz auf die

Erkennung von Menschenaffen in Videos erweitert. Nach der Detektion und Verfolgung von

Gesichtern werden Module zur Qualitätsbeurteilung angewandt, um Frames zu identifizieren,

die sich am besten für die folgenden Gesichtserkennungsalgorithmen eignen. Weiterhin wird ein

neuartiger Frame-Weighting-Algorithmus beschrieben, welcher basierend auf der Konfidenz des

Klassifikators die Resultate mehrerer Frames gewichtet. Des Weiteren werden die entwickelten

Algorithmen auf realistischen, von Experten annotierten Bild- und Videodatenbanken, sorgfältig

evaluiert. Um die Vorteile des vorgeschlagenen Systems zu demonstrieren, wird es mit anderen

dem Stand der Technik entnommenen Algorithmen zur Gesichtserkennung verglichen.

Die implementierten Algorithmen wurden in einer prototypischen Anwendung zusammen-

geführt, welche derzeit von Biologen genutzt wird um Populationsgrößen schneller und genauer

schätzen zu können. Daher hat das entwickelte Primate Recognition Framework (PRF)

das Potential, den Weg zu effizienteren Monitoringverfahren zu ebnen und damit zukünftig Wis-

senschaftlern zu helfen, neue innovative Schutzmaßnahmen zu entwickeln.
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1. Introduction

1.1. Motivation

Due to the ongoing biodiversity crisis, many species are on the brink of extinction. According to

the International Union for Conservation of Nature (IUCN) about 22% of the mammal species

worldwide are threatened or extinct [13]. The current biodiversity crisis is observed all over the

world. Primates such as chimpanzees or gorillas are hit by the crisis and belong to a species that

is severely endangered. Walsh et al. [14] for instance reported a decrease of ape populations in

western equatorial Africa by more than a half between 1983 and 2000. Similar conclusions were

drawn by Campbell et al. in [15]. They observed a 90% decrease of chimpanzee sleeping nests

in Côte d’Ivoire, West Africa, between 1990 and 2007.

Those agitating results demonstrate the urgent need to intensify close surveillance of this

threatened species in order to protect the remaining populations. Many protective areas have

already been established. However, effectively protecting animals requires good knowledge of

existing populations and fluctuations of population sizes over time. Individual identification of

animals is not only a prerequisite to measure the success of implemented protection schemes but

also for many other biological questions such as wildlife epidemiology, social network analysis,

and behavioral ecological research. However, it is a labor intensive task to estimate population

sizes in the wild. A widely used population monitoring approach for instance approximates

species density by counting animal traces such as nests. This information is subsequently con-

verted into individual abundance [16, 17]. To overcome the burden of such tedious tasks, non-

invasive monitoring techniques which are based on automatic camera traps are currently under

development and the number of published studies that utilize autonomous recording devices is

tremendously increasing [18]. However, the collected data is mostly analyzed manually which

is a time and resource consuming task. Consequently, there is a high demand for automated

algorithms which are able to assist biologists in their effort to analyze remotely gathered video

recordings. Especially so-called capture-mark-recapture methods, commonly used in ecology,

could benefit from an automated system for animal identification.

This thesis presents a completely autonomous framework for individual identification of free-

living as well as captured primates in images and videos. Based on the assumption that humans

and our closest relatives, the great apes, share similar properties of the face, the proposed Pri-

mate Recognition Framework (PRF) is built upon face detection and face recognition technology.
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Due to its close to real-time capability, a second novel applicability of the proposed PRF is

within the edutainment domain, where the system might be deployed as an interactive tool for

individual identification of great apes in zoos or wildlife parks. The developed system for non-

intrusive wildlife observation thus might give visitors the chance to apply innovative technology

in a novel real-world scenario. More importantly, it could open up an opportunity for the wider

public to obtain deeper insights into the social complexity of chimpanzee or gorilla groups.

Thus, a concrete application in the field of ecology and behavioral research could be established

which might consequently lead to increasing environmental awareness and species protection.

Moreover, the developed system for individual identification of primates might also be applied

in the field of citizen science. With the help of zoo visitors new datasets could be established

which might help biologists to obtain new insights into the social behavior and communication

complexity of primates which currently is a large and growing field of biological research [19,

20, 21].

1.2. Wildlife Monitoring: A Brief Introduction

To fully understand the practical implications of the proposed PRF, a brief review of existing

wildlife population monitoring techniques is given in this section.

According to [22], three main approaches for estimating population parameters such as den-

sity or fluctuation rates are commonly used within the biological community. The first approach

is referred to as occupancy method. Here, the density and population size as well as the distri-

bution of species is estimated by repeatedly confirming species presence or absence in different

sampling locations [23]. The second technique approximates species density and population

sizes by counting animal traces such as nests. This information is subsequently used to estimate

individual abundance [16, 17]. However, this approach is not only tedious and time consuming

but also prone to errors since it requires auxiliary parameters based on statistical assumptions

which are hardly to be met in real-world situations [22]. The third approach, which nowadays

is commonly used by biologists and ecologists, refers to so-called capture-mark-recapture tech-

niques [24, 25, 26]. A sample of individuals of a population is identified in the first phase, i.e.

individuals are captured and marked. In the next step a second group of individuals is identified.

Some of the individuals captured and marked in the first phase of the approach are also present

in the second group, i.e. they are recaptured. This information can then be exploited to esti-

mate the population size using statistical approaches. The latter method, although extensively

used by biologists, requires reliable identification and recognition of individuals which can be

tedious in wildlife environments. Early approaches for individual identification concentrated on

intrusive analysis in which animals are physically marked by ear tags, leg bands or dyes [27, 28].
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However, a number of studies showed that such methods can cause extreme discomfort and

pain. Furthermore, invasive methods are also known to be a severe intrusion into ecosystems

itself and may therefore bias observation due to potential changes in behavior, reproduction,

and even survival [29, 30, 31]. Therefore, non-invasive monitoring techniques using autonomous

video recording devices have been used extensively by biologists and ecologists in recent years

[18, 32]. In a study by Head et al. [33] it has been proven successful to place video recording

devices with a two-fold strategy: First, a systematic grid with cell size of 1 × 1 km is placed

across the study area. Secondly, within each cell, cameras are placed at locations that are fre-

quently visited by wildlife such as animal trails, tree bridges across rivers or swamps, tool use

sites or important feeding spots such as fruit trees. Figure 1.1 shows examples of camera traps

often used by biologists. Furthermore, typical placement sites to monitor great ape species in

national parks and protected areas are illustrated. Screenshots of captured videos using such

remote recording devices can be seen in Figure 1.2

(a) (b) (c)

Figure 1.1.: Examples of autonomous recording devices. The figure shows examples of infrared-triggered
autonomous camera traps (a) used by biologists and ecologists to monitor great ape populations in their
natural habitats. Typical locations for placing autonomous video cameras are either honey extraction sites (b)
or animal trails (c). Images source: [22, 1]. [I01]

However, for most practical applications the important information - namely the number of

individuals present in the video - often has to be extracted manually which is not only tedious,

time consuming, and cost intensive but also prone to errors due to subjectivity and fatigue.

Hence, innovative automatic procedures are required to overcome the burden of tedious and

time consuming routine work. Thus, previously bound human resources could then be released

to conduct innovative and important research.
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Figure 1.2.: Screenshots of video footage captured from autonomous recording devices. The figure
shows screenshots of video sequences captured by remote video cameras at Loango National Park, Gabon,
Africa (top row: chimpanzees, second row: gorillas). A large variety of different lighting conditions, head
poses, facial expressions, and limited video resolution are present in most video recordings which place high
demands on a facial recognition system. [I02,I03]

1.3. Problem Outline and Contributions

This thesis proposes and evaluates a unified automatic framework for the detection and iden-

tification of great apes in images and videos recorded in real-world environments. As stated

earlier, there is an urgent need for automatic routine procedures to detect, identify and recog-

nize animals filmed by autonomous recording devices in their natural habitats. The emerging

and interdisciplinary field of research commonly known as Animal Biometrics has recently at-

tracted the attention of many ecologists, biologist and computer vision experts. As will be

shown in this thesis, a large and growing amount of literature has recently been published in

which full- or semi-automatic algorithms to detect and recognize animals in audio-visual footage

were proposed. Most of these techniques utilize unique markings known as coat patterns on fur

or skin of animal bodies as key features for automatic identification. However, many species -

including great apes - either do not carry any obvious coat patterns or such markings cannot be

efficiently exploited for identification due to insufficient image or video resolution.

Based on the assumption that humans and our closest relatives share similar properties of

the face, ideas originating for human face detection and recognition technology are adapted and

extended in this thesis to non-intrusively identify primates in natural environments. Although

the proposed Primate Recognition Framework (PRF) is theoretically applicable to all four great

apes species, particular emphasis is placed on chimpanzees and gorillas as two representative

primate species.
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The main purpose of the system is to support biologists, ecologists, and gamekeepers in

annotating huge amounts of video footage gathered in natural habitats of great apes. Thus,

high demands are placed on the system in terms of various uncontrollable factors comprising

lighting conditions, non-cooperative subjects, a variety of different facial expressions, pose

variations, limited resolution of video recordings, and even partial occlusion by branches,

leafs, and conspecifics just to name a few. In addition to robustly identifying primate genuine

individuals, a further requirement of the proposed PRF is to reliably reject unknown individuals

that have not yet been included into the training set. Once enough high-quality material of a

previously unknown individual has been gathered, it should be possible for biologists to retrain

the system in an intuitive and user-friendly fashion.

As claimed earlier, a second application scenario of the proposed PRF might be within the

edutainment domain. The face detection and identification framework can be used by zoo visitors

to monitor captured primate individuals and get immediate feedback about the identity of the

observed individual. Since in this scenario the number of individuals is known a-priori, rejection

of unknown individuals is not required. However, the system has to be close to real-time capable

in order to give immediate feedback to the user.

The primary goal of this thesis is to provide a proof of concept, and thus demonstrate that face

detection and recognition algorithms, originally developed to identify humans, can be extended

to reliably recognize great apes in real-world environments. This task involves explanation and

justification of theoretical concepts such as feature extraction, feature space transformation,

and classification with a special focus on high robustness against above mentioned challenges

in natural environments. Moreover, these techniques are efficiently implemented to provide a

prototypical close to real-time capable tool for biologists, ecologists, and gamekeepers. Finally,

the proposed PRF is thoroughly evaluated on realistic datasets of captive as well as free-living

chimpanzee and gorilla individuals gathered under real-world conditions. The developed system

is compared to other state-of-the-art face recognition algorithms to show the superiority of the

proposed algorithms for the application presented in this thesis. To summarize, the contributions

of this thesis are as follows:

1. An extensive and thorough literature review of algorithms in the field of Visual Animal

Biometrics is given. Available state-of-the-art software tools and algorithms to automat-

ically detect, represent, and interpret phenotypic appearance of various animal species in

images and videos are presented and discussed. Advantages and shortcomings of different

approaches are reviewed which to the best of the author’s knowledge has not yet been

done to this extend.
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2. A detailed description of the proposed Primate Recognition Framework (PRF) is

given. First, a robust facial descriptor referred to as Enhanced Local Gabor Ternary

Pattern Histogram Sequence (ELGTPHS) is proposed which efficiently encodes the visual

traits of a primate’s face. Secondly, an effective processing chain comprising state-of-the-

art feature space transformation and classification techniques is suggested for fast and

accurate identification. Thirdly, the robustness of the proposed system against various

intrinsic and extrinsic factors is further enhanced by combining the results of global and

local features in a decision-level based manner for accurate recognition.

3. The developed framework for primate photo identification is extended to accurately iden-

tify great ape individuals in video sequences. Once faces of chimpanzees or gorillas

have been detected they need to be tracked through the video. To further enhance the

accuracy of the system and at the same time maintain near real-time performance, the

extracted face-track is subsequently scanned by quality-assessment routines to select the

frames which are best suited for recognition. Moreover, a novel frame-weighting proce-

dure is proposed which combines the results of multiple frames by taking classification

confidences into account.

4. All proposed algorithms are integrated into a unified full-automatic prototypical imple-

mentation currently used by biologists and ecologists for wildlife monitoring, population

counting, and species protection. The developed prototype is not only capable of identi-

fying individual members of a population but can also be configured to reject unknown

individuals. Thus, once a reasonable amount of annotated facial images of previously un-

seen animals is available, the proposed PRF can be retrained by biologists in a user-friendly

way in order to recognize new individuals.

5. As a proof of concept, a thorough evaluation of the proposed system on realistic datasets

of different captive and free-living individuals gathered in natural environments is con-

ducted. The developed PRF is benchmarked against state-of-the-art human face recog-

nition algorithms in order to proof the superiority of the proposed identification system

for the task at hand. It is shown that additional representative training data - real or

synthesized data rendered from a generic 3D model - can be used to further enhance the

robustness of the system against various difficulties present in real-world situations.

1.4. Thesis Overview

The thesis is organized into seven chapters, where Chapter 4 represents the core of the thesis

where the proposed Primate Recognition Framework (PRF) is described in detail.
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Chapter 2 introduces the background considered to be relevant to understand the subsequent

chapters. Particular emphasis is placed on fundamentals of pattern recognition including tech-

niques and algorithms for feature extraction, feature space transformation, and classification.

Chapter 3 reviews the state-of-the-art of the research fields of interest. First, an extensive

and thorough literature survey of the new and emerging field known as Visual Animal Biomet-

rics is given. Techniques and algorithms for automatic animal detection, species classification,

as well as individual identification are categorized and reviewed. Advantages and shortcomings

of approaches proposed in the recent past are discussed and highlighted with respect to the

objectives of this thesis. A compact yet comprehensive review of existing biometric identifica-

tion systems based on facial analysis is reviewed in the second part of this chapter. Particular

emphasis is placed on holistic techniques which are considered to be applicable for the task at

hand. Some of the surveyed algorithms for face recognition of human beings are compared with

the proposed framework in Chapter 5.

Chapter 4 is the core chapter of this thesis and thus introduces the proposed framework. First,

algorithms are proposed which are applicable for still images only. A robust global face descrip-

tor called ELGTPHS is proposed which unites the strengths of two descriptors, Gabor-based

features and Extended Local Ternary Patterns (ELTP). It is then shown how a sophisticated

feature space transformation technique known as Locality Preserving Projections (LPP) can be

used to project the obtained high-dimensional feature vectors into a smaller yet more disjunc-

tive subspace. A recently proposed algorithm called Sparse Representation Classification (SRC)

which is based on Compressed Sensing (CS) theory, a mathematical framework for efficient signal

measurement and reconstruction, is used for classification. Based on the assumption that dif-

ferent features tend to misclassify different patterns, a decision fusion scheme is proposed which

merges the results of global and local features to further enhance the accuracy and robustness of

the system. In the second part of this chapter, the proposed algorithms for facial feature analysis

of primates are extended to robustly identify African great apes in videos. A prerequisite for

accurate identification in videos is robust detection and tracking of faces through the sequence.

The resulting face-tracks are subsequently analyzed in order to select the frames which are best

suited for subsequent recognition. A number of different quality-assessment modules including

algorithms for pose and visual quality estimation are proposed for that purpose. Finally, a

novel frame weighting scheme is introduced which is based on Maximum Likelihood Estimation

(MLE) and Bayesian statistics to obtain a final decision.
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In Chapter 5, the proposed PRF is thoroughly evaluated on real-world datasets of captive

and free-living chimpanzees and gorillas. Detailed information about all data used for exper-

imentation is given, followed by an introduction of the applied evaluation measures. Experi-

ments are first conducted in a closed-set fashion where the number of individuals in a dataset

is known a-priori. The developed identification system is benchmarked against other state-of-

the-art face recognition algorithms which were originally developed to identify humans. Various

pre-processing steps for face alignment and lighting normalization are thoroughly investigated

to identify the techniques which are best suited for the application presented in this thesis. It

is further shown that additional data - real or artificial data synthesized from a generic 3D

model of a chimpanzee head - can be used to enhance the system’s robustness against chal-

lenges frequently present in real-world environments. Secondly, experiments are conducted in

an open-set fashion to show that the proposed system is not only capable of reliably identifying

known individuals but also rejecting subjects which are not yet included in the training set.

Moreover, the developed framework is also tested on annotated video sequences. The proposed

frame-weighting scheme is compared to other video-based face recognition approaches commonly

used within the research community.

Chapter 6 presents the prototypical implementation of the proposed algorithms currently used

by biologists of the Max-Planck-Institute as supportive tool for annotating huge amounts of

video footage gathered in protected areas and national parks. The real-world prototype of the

proposed PRF consists of three main parts combined into a single unified framework: The Train-

ing Module offers the possibility to add new training data of known individuals or previously

unseen subjects to build an extended model which can subsequently be used for identification.

The Ripper Module provides the core functionality of the developed framework. Videos gathered

in natural habitats can be processed in order to detect and identify primate individuals present

in the video. The extracted information is written into an SQL database which can be efficiently

searched by biologists by applying common SQL commands. Finally, a video sequence and the

according SQL database can be loaded with the Graphical Interface. The obtained results, i.e.

information about the location and names of individuals as well as obtained confidence mea-

sures, are displayed. A separate timeline is created for each individual present in the video which

allows efficient browsing through video sequences.

Chapter 7 concludes and summarizes the thesis. Achievements and limitations of the pro-

posed framework are discussed and future directions of research which might further enhance

the developed methods for non-intrusive identification of great apes are indicated.
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2. Background

2.1. Chapter Overview

This chapter gives an introduction to the fundamentals of pattern recognition considered relevant

for understanding the theoretical and practical aspects of the proposed Primate Recognition

Framework (PRF). The overall system comprises three main components: Detection, Alignment,

and Identification. However, the emphasis of this thesis lies on the identification of great apes in

their natural habitats, assuming that faces of primates have already been detected and tracked

through the video sequence. In fact, a face detection library named Sophisticated High-Speed

Object Recognition Engine (SHORE
TM

), originally developed to detect human faces, is utilized

for that purpose. Details about the detection of primate faces are given in Section 4.2.1.

The core functionality of PRF - the identification of great apes - follows a standard pat-

tern recognition pipeline: Feature Extraction, Feature Space Transformation, and Classification.

Thus, the fundamentals of those three problems are covered in more detail in this section, em-

phasizing techniques either used within the proposed PRF directly or in state-of-the-art face

recognition algorithms used for benchmarking purposes.

Section 2.2 gives an introduction to visual feature extraction algorithms covering global fea-

tures as well as local keypoint descriptors. For many pattern recognition problems, especially for

face recognition, feature space transformation techniques are indispensable to perform robust

and fast recognition in practice. Therefore, three of the most common feature reduction tech-

niques are discussed in Section 2.3. Finally, Section 2.4 briefly introduces both classical and

more recently developed classification paradigms commonly utilized in many face recognition

applications.

2.2. Visual Descriptors

This section gives a brief summary of some important state-of-the-art visual feature extraction

algorithms and techniques. A feature can be seen as an abstract, often application specific

property of the content of images or videos. The aim of feature extraction is to find a compact

yet meaningful representation of these features which leads to a so called visual descriptor. Low-

level descriptors can represent a number of different features including texture, color, shape,

motion, etc.
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Hence, descriptors are one key step to characterize the connection between spatially and

temporally discretized functions of real world scenes in form of pixels and what humans recall

after having observed an image or a sequence of images. A suitable representation for visual

features therefore enables a number of automatic procedures including individual identification,

object categorization, image region classification, image segmentation and many more.

Since this field of research has been very active within the last decade, a vast number of

types, methods, and applications exist, making a taxonomic classification of algorithms difficult.

For the sake of simplicity, visual features are therefore grouped into two categories within this

thesis: global and local descriptors. Different definitions of global and local features exist in

the literature. Throughout this thesis the following definition is used: While global descriptors

give a representation of the whole image, local descriptors encode the information of a restricted

region around an interest point. This section particularly emphasizes the global and local feature

descriptors used in this thesis. Since the overall objective of the proposed PRF is to facilitate

recognition of great apes in visual footage independent from the type of recording (e.g color,

gray-scale, infrared), this section solely reviews visual texture descriptors. For a more thorough

review of visual descriptors the interested reader is referred to [34, 35, 36].

2.2.1. Global Features

Some of the most well established texture descriptors for pattern recognition are Gabor-based

features [37], Local Binary Patterns (LBP) [38, 39], and its extension Local Ternary Patterns

(LTP) [40]. Since those features represent a key aspect for the proposed PRF they are reviewed

within the subsequent sections.

Gabor Features

Gabor functions were first proposed by Dennis Gabor in 1946 as a complex sinusoidal wave

multiplied with a Gaussian function [37]. In 1985 it was discovered that simple cells in the

visual cortex of mammalian brains can be modeled by Gabor functions. Thus, image analysis

by Gabor wavelets provides similarity to perception in the human visual system [41].

Complex two-dimensional Gabor kernels at pixel location z = (x, y) are defined as

Ψµ,ν(z) =
|kµ,ν |2

σ2
e
−|kµ,ν |2|z|2

2σ2 [eikµ,νz − e
−σ2
2 ], (2.1)

where kµ,ν = kνe
iθµ with kν = kmax

fν and θµ = πµ
F . The maximum frequency is denoted as kmax, f

is the spacing between kernels in the frequency domain, and F is the number of rotations defined

by the user. Furthermore, σ represents the ratio of the Gaussian window to the wavelength.
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Every kernel is the product of a Gaussian envelope and a sinusoidal plane wave. Figure 2.1

shows the real part of Gabor kernels at five different scales ν ∈ {0, . . . , 4} and eight orientations

µ ∈ {0, . . . , 7} (a) as well as their magnitudes (b). The kernels exhibit desirable characteristics

of spatial frequency, spatial locality, and orientation selectivity. A more detailed introduction

to 2D Gabor wavelets can be found in [42].

(a) (b)

Figure 2.1.: Gabor kernels for five different scales and eight orientations as well as their magnitudes.
The figure shows the real part of Gabor kernels at five scales ν ∈ {0, . . . , 4} and eight orientations µ ∈ {0, . . . , 7}
(a) as well as their magnitudes (b). For the generation of Gabor kernels the parameters were set as follows:
kmax = π

2
, f =

√
2, σ = π. The kernels exhibit desirable characteristics of spatial frequency, spatial locality,

and orientation selectivity.

The Gabor wavelet transform is defined as the convolution of a grayscale input image I(z)

with a set of two-dimensional Gabor kernels Ψµ,ν(z).

Gµ,ν(z) = I(z) ∗Ψµ,ν(z), (2.2)

where Gµ,ν(z) is the output image for orientation µ and scale ν at pixel location z = (x, y) and ∗
denotes the convolution operator. Due to the multi-resolution and multi-orientation properties

of the Gabor wavelet transform it provides a robust measurement of the local spectral energy

density concentrated around a given position and frequency in multiple directions. Due to

its desirable properties, the Gabor wavelet transform has been used in many image analysis

applications such as texture segmentation [43], edge detection [44], and face recognition [45, 46,

47, 48].
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In general, Gµ,ν(z) is complex and can be rewritten as Gµ,ν(z) = |Gµ,ν(z)|eiΦµ,ν(z), where

|Gµ,ν(z)| denotes the Gabor Magnitude Picture (GMP) and Φµ,ν(z) is the phase at pixel lo-

cation z, scale ν, and orientation µ. Although it was shown in [47] that Φµ,ν(z) can contain

discriminative information, often only |Gµ,ν(z)| is used for further processing since it contains

the local energy variation in a given image which is the most important cue for robust and

accurate recognition [42]. In many applications the GMPs are used directly as descriptors. In

this thesis however the generation of the GMPs only serves as a pre-processing step to extract

the actual face descriptor (see section 4.2.3.1 for details).

Local Binary Patterns (LBP)

The main idea of Local Binary Patterns (LBP) is to model the local texture of an image by

using the joint distributions of differences between a center pixel and its surrounding neighbors.

The original LBP descriptor as proposed by Ojala et al. in [38] thresholds each 3 × 3 block

within a monochrome image based on its center pixel to obtain a binary number for each block.

Figure 2.2 shows an illustration of the basic LBP operator applied on a chimpanzee face.

Figure 2.2.: The basic LBP operator. The figure illustrates the basic LBP operator as proposed in [38]. The
eight neighbor pixels are thresholded based on the gray value of the center pixel. A binary number is obtained
by assigning a “1” to pixels with equal or higher gray values and a “0” to sampling points with values lower
than the center pixel. For eight neighbors, 28 = 256 different labels can be obtained.

As the neighborhood of each pixel consists of 8 neighbors, 28 = 256 different labels can be

obtained depending on the gray values of the center pixel and its eight neighbors. The statistics

of these labels in form of histograms is then commonly used to model the local texture of images.

The original LBP descriptor was later presented in a more general form by the same authors

in [39]. Let I be a gray-scale image where zc = I(xc, yc) denotes the gray level value of a pixel

at location (xc, yc). Moreover, zp = I(xp, yp) represents the gray-level value of a pixel within

an evenly spaced circular neighborhood of P sampling points p = 0, . . . , P and radius R around
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(xc, yc) with

xp = xc +R cos

(
2πp

P

)
and (2.3)

yp = yc −R sin

(
2πp

P

)
. (2.4)

Figure 2.3 shows three example patterns of different circular neighborhoods and sampling points.

Bilinear interpolation is applied in case the location of I(xp, yp) is not in the center of a pixel.

(a) (b) (c)

Figure 2.3.: Circular neighbors for different (P ,R). The figure shows the circular neighbors obtained from
equation 2.3 for (8,1) (a), (16,2) (b), (8,2) (c). Bilinear interpolation is applied for sampling points that are
not located at the center of a pixel in order to obtain the gray-level values of these points. Image source: [49]

The generic LBP operator for radius R and number of sampling points P is then given by

LBPP,R(xc, yc) =

P−1∑
p=0

s(zp − zc)2p, (2.5)

where s(zp − zc) is a thresholding function defined as

s(zp − zc) =

1, zp − zc ≥ 0

0, zp − zc < 0.
(2.6)

Hence, the signs of the differences between a center pixel and its neighbors are interpreted as

a P -bit binary number resulting in 2P possible values.

In practice, the local gray value distribution is often described using a histogram with 2P bins.

Figure 2.4 shows a gray scaled image of a chimpanzee face, the corresponding LBP image, and

the according LBP histogram for R = 1 and P = 8.
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(a) (b) (c)

Figure 2.4.: LBP image and according histogram. The figure shows an input image (a), the corresponding
LBP image (b), and the according LBP histogram (c) for radius R = 1 and number of sampling points P = 8.

Note that the generic LBP8,1 operator is very similar to the basic LBP proposed in [38].

However, an important difference of the generic LBP descriptor is that the neighborhood is

defined circularly which generally results in sampling points that are not located in the center

of a pixel. The gray-level values of such pixels are usually defined by bilinear interpolation.

Ojala et al. presented another extension of the basic LBP operator in [39] which utilizes so

called uniform patterns. A uniformity measure U was introduced which denotes the number of

bitwise transitions from “0” to “1” or vice versa when the binary pattern is considered circular.

A pattern is called uniform if U is at most two. For instance, the binary patterns 00111100

(2 transitions) and 11111111 (0 transitions) are uniform while 00110011 (4 transitions) and

01010100 (6 transitions) are not. Hence, uniform patterns can be seen as a representation of

primitive structural information such as edges, spots, flat areas or corners [49]. The uniform

LBP operator is denoted as LBPu2
P,R for the remainder of the thesis. When mapping uniform

LBP patterns into a histogram, each uniform binary code is assigned to a separate bin and there

is only one single label for all non-uniform patterns. Thus, the number of possible labels for a

P -bit binary number is reduced from 2P to P (P − 1) + 3 [49]. There are two major advantages

of using uniform LBP patterns: First, for real-world images most binary patterns are in fact

uniform. Ahonen et al. for instance found in [50] that 90.6% of LBP8,1 patterns and 85.2% of

LBP patterns in the (8,2) neighborhood are uniform for images of a human face. Consequently,

non-uniform LBPP,R patterns often lead to sparse histograms, i.e. feature vectors with lots of

zero-valued entries. Omitting non-uniform patterns drastically reduces the dimensionality of the

final feature vector which in turn leads to a more dense representation of the texture. Secondly, it

was shown that uniform LBP features lead to more robust and accurate recognition [39, 50, 49].

This indicates that by considering uniform patterns, texture descriptors can be obtained which

are are less prone to noise and therefore more reliable under natural conditions than their non-

uniform counterparts.
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Local Ternary Patterns (LTP)

One known disadvantage of LBP, however, is that it may not work well for noisy images or flat

regions such as cheeks or the forehead of human faces due to its thresholding paradigm which

is solely based on the gray level value of the center pixel. Moreover, the reliability of LBP is

known to decrease significantly for large illumination changes and shadowing. To overcome these

limitations, Tan and Triggs proposed to replace LBP with a three-level operator called Local

Ternary Patterns (LTP) in [40]. In LTP the difference of the center pixel and its surrounding

neighbors is encoded using three values (-1,0,1) according to a user specified threshold t. Thus,

the thresholding function s(n) of equation 2.6 is replaced with s(zp, zc, t) defined as

s(zp, zc, t) =


1, zp ≥ zc + t

0, |zp − zc| < t

−1, zp ≤ zc − t.

(2.7)

Figure 2.5 illustrates the process of applying the basic LTP operator on a chimpanzee face where

the threshold t was set to 5. Since the center pixel has a gray value of 54, the tolerance interval

is thus (49, 59).

Figure 2.5.: The basic LTP operator. The figure shows how LTPs are obtained from an input image. In
this example the threshold t is set to 5. Hence, the tolerance interval is (49, 59). Neighboring pixels with gray
values that fall within this interval are encoded as “0” while sampling points above or below the bounds are
labeled with “1” and “-1”, respectively.

LTPs could then be encoded in a histogram of 3P different bins. However, this would result

in extremely high dimensional feature vectors. For instance, a histogram of 6561 bins would be

obtained by considering only P = 8 neighbors. Using P = 16 neighbors would result in 43046721

different labels. Thus, in practice LTPs are usually split into two different binary patterns, a

“positive” and a “negative” part, as shown in Figure 2.6.

Regular histograms can then be obtained from both channels of the LTP descriptor separately.

Both histograms are then concatenated to form the final texture representation.
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Figure 2.6.: Split of the LTP operator into a positive and negative part. Since using the ternary code
directly would result in too high dimensional feature vectors, the basic LTP operator is split into a “positive”
and a “negative” part. Thus, two regular LBP operators are obtained and histograms can be calculated from
each LBP pattern separately which are subsequently concatenated to form the final descriptor.

A more detailed overview and explanation of LBP, LTP, as well as various extensions of both

descriptors can be found in [49].

2.2.2. Local Descriptors

As stated earlier, opposed to global descriptors which are representations of the whole image,

local descriptors only encode information about a restricted area around certain keypoints (also

referred to as interest points). Thus, the detection of these keypoints in different scales is

usually the first step of local feature extraction. For the application presented in this thesis,

however, the keypoints can be calculated based on the positions of both eyes and the mouth

(see section 4.2.1). Furthermore, in order to achieve scale invariance of the descriptor, keypoints

are usually detected in the so-called scale-space, a multi-scale representation of an image. For

the task at hand, this step can also be omitted since the size of the region around each interest

point can be calculated based on the size of the cropped facial image after alignment (see Section

4.2.3.2 for details).

Hence, only the different feature extraction techniques are reviewed in more detail within

this section. For the detection part of the local descriptors the reader is referred to the ac-

cording publications [51, 52]. More detailed insights and comparison of different local keypoint

descriptors can be found in [36].

Scale Invariant Feature Transform (SIFT)

In 2004, David Lowe presented a scale and rotation invariant local feature detector and descriptor

called SIFT which gained much attention within the research community [51]. Nowadays, it still

serves as a baseline for more recently developed keypoint descriptors.
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A consistent orientation is assigned to every keypoint after interest point detection in the

so-called Difference of Gaussian (DoG) scale-space in order to achieve rotation invariance of

the descriptor. The gradient magnitudes and orientations are calculated for every pixel of a

region around the detected keypoint in its according scale. An orientation histogram consisting

of 36 bins covering 360◦ in 10◦ steps can then be formed in which maxima correspond to the

dominant directions of the keypoint. Lowe found that assigning multiple orientations to one

single interest point contribute significantly to the robustness of SIFT. Thus, multiple keypoints

can be assigned to the same location and scale but with different orientations. More details

about the orientation assignment can be found in [51]. After the dominant orientations were

assigned, the gradient directions can be rotated relative to the main orientation of the keypoint.

For extraction of the final descriptor, first a 16 × 16 grid is created around each keypoint

and the gradient magnitudes and directions of each image sample point are calculated. A 2D

Gaussian window is additionally applied to put less emphasis on gradients far away from the

actual interest point location. The gradient magnitudes and orientations of 4× 4 subregions are

then accumulated into 8 bin orientation histograms. The final SIFT descriptor is then given by

concatenating the obtained histograms. Thus, the feature vector for every interest point consists

of 4 · 4 · 8 = 128 elements. The descriptor vector is then normalized to unit length to reduce

the effects of illumination changes. For details about keypoint detection, orientation assignment

and SIFT descriptor extraction the reader is referred to [51]. Figure 2.7 illustrates the process

of SIFT descriptor generation.

Figure 2.7.: SIFT feature extraction. The figure illustrates how SIFT descriptors are extracted from a
previously detected keypoint. After the main direction has been assigned, all gradient orientations are rotated
relative to the main orientation of the keypoint to achieve rotation invariance. Then, a rectangular region is
created around each keypoint and gradient magnitudes and orientations are calculated for every image sample
point. A 2D Gaussian window (black circle on the left) is applied to emphasize gradients near the center of
the region which ensures smooth weighting. The gradients of 4 × 4 subregions are then accumulated into 8
bin orientation histograms, indicated on the right. Note that for illustration purposes a 2× 2 descriptor array
obtained from a region grid of size 8 × 8 is shown on the right hand side of the figure. For the actual SIFT
descriptor 16× 16 grid is constructed around each keypoint which is accumulated into 4× 4 histograms. Image
adapted from [51]
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Speeded-Up Robust Features (SURF)

SURF is a fast and robust scale- and rotation-invariant interest point detector and descriptor,

published by Bay et al. in 2008 [52] as an extension of SIFT.

As claimed by the authors, the standard version of SURF is several times faster, more compact

and at the same time more robust against certain image transformations than comparable local

descriptors such as SIFT. Similar to SIFT and its variants, SURF describes the distribution of

intensity variation within a certain neighborhood around an interest point. However, instead of

extracting the gradient information directly, SURF uses first order Haar wavelet responses in x

and y-direction to approximate the gradient. For efficiency, SURF further exploits the concept

of integral images, a quick and effective way of calculating the sum of pixel values in a given

image or a rectangular subset of an image. This procedure drastically reduces processing time

while at the same time improve the robustness of the resulting descriptor [52]. As done for SIFT,

the first step of feature extraction is to identify a reproducible orientation for the interest point

in order to increase the robustness against rotation. The dominant orientation can be found by

calculating the sum of the Gaussian weighted Haar wavelet responses using a sliding window

around a circular region around the interest point. The next step is to construct a square region

of a fixed size symmetrically around the interest point. This region is then split into 4 × 4

sub-regions to preserve spatial information. Horizontal and vertical Haar wavelet responses, dx

and dy, on 2× 2 sub-divisions are subsequently calculated for each sub-region. Additionally, the

obtained Haar wavelet responses are weighted with a Gaussian kernel which is centered at the

particular interest point to compensate for geometric deformations. Thus, gradients closer to

the center of the square region are treated more important than wavelet responses farther away

from the interest point. The magnitudes as well as the directions of the weighted Haar wavelet

responses are calculated, summed and concatenated to form the final feature vector. Hence, the

descriptor for each sub-region is a four dimensional vector:

fSURF =
[∑

dx,
∑

dy,
∑
|dx|,

∑
|dy|
]

(2.8)

Concatenation of fSURF for all 4 × 4 sub-regions results in a descriptor of size 64 for every

keypoint which is invariant to uniform illumination changes. Additional robustness to contrast

changes is achieved by normalizing the final feature vector to have unit norm.

The process of local feature extraction is illustrated in Figure 2.8.
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Figure 2.8.: SURF feature extraction. The figure illustrates the process of local feature extraction for SURF.
First, the main orientation of a keypoint is found (read arrow) and the 4×4 sub-regions are rotated accordingly.
Each sub-region is then split into 2 × 2 cells and the Haar-wavelet responses in x- and y-direction as well as
their orientations are calculated in each cell. To compensate geometric deformations, the wavelet responses
are additionally weighted with a Gaussian kernel centered at the interest point (black circle). Image adapted
from [52]

2.3. Feature Space Transformations

In pattern recognition and face recognition in particular often feature space transformation

techniques are applied because descriptors in its original size are usually too high dimensional

to perform accurate and efficient classification in practice. Fortunately, it can be shown that

the “intrinsic dimensionality” of the data is much lower. Thus, the high-dimensional feature

vectors of size n can be projected into a lower dimensional subspace of size m (m� n) without

noticeable loss of information.

The goal of feature space transformation techniques is to project the N high dimensional

vectorized feature vectors X = [x1, · · · ,xN ] of size n into a lower dimensional subspace of size

m using a unitary projection matrix W ∈ Rn×m.

yk = WTxk; with xk ∈ Rn×1, yk ∈ Rm×1, m� n (2.9)

The resulting feature vectors yk ∈ Rm×1, with k = 1, · · · , N , can then be used for classifica-

tion. Three popular linear feature space transformation techniques are reviewed in this section:

Principal Component Analysis (PCA), Linear Discriminant Analysis (LDA), and Locality Pre-

serving Projections (LPP). Note that also a number of non-linear techniques have been proposed

to generate a low-dimensional representation from a high-dimensional space [53, 54, 55, 56, 57].

However, as stated in [58], although those methods achieve impressive results on artificial bench-

mark datasets, the obtained mappings are usually defined only on the training set and cannot

easily be applied to unseen test data.
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2.3.1. Principal Component Analysis (PCA)

Principal Component Analysis (PCA) [59, 60] aims to find a subspace whose basis vectors

correspond to the maximum-variance directions of the original feature space. Thus, PCA tries

to maximize the following objective function

ŵ = arg max
w

(wTSPCAw), (2.10)

where the covariance matrix SPCA is defined as

SPCA = XXT. (2.11)

The output set of principal vectors W = [w1, · · · ,wm] is an orthonormal set of vectors rep-

resenting the eigenvectors of the sample covariance matrix associated with the m � n largest

eigenvalues. All columns of X should be normalized to unit norm before extracting the eigen-

vectors of SPCA. Furthermore, it has to be ensured that X is zero mean, i.e. the mean of all

samples has to be subtracted from all normalized feature vectors.

A classic application of PCA is the Eigenfaces method for face recognition presented by Turk

and Pentland in [61] (see Section 3.3 for details). However, in image processing the covariance

matrix SPCA is often too large for efficient and fast eigenvalue decomposition since n� N . To

overcome this difficulty it was shown in [61] that XXT can be replaced with its surrogate XTX

whose eigenvectors can be calculated much more efficiently due to its lower dimensionality.

2.3.2. Linear Discriminant Analysis (LDA)

Linear Discriminant Analysis (LDA) [59, 60] aims to preserve the discriminating information

between the classes. Again, a set of n-dimensional samples X = [x1, · · · ,xN ] each associated

with one of i = 1, · · · , C classes is considered, where Ni denotes the number of samples of class

ci. The between-class scatter matrix Sb and the within-class scatter matrix Sw are defined as

Sb =
1

N

C∑
i=1

Ni(µi − µ)(µi − µ)T (2.12)

and

Sw =
1

N

C∑
i=1

 Ni∑
j=1

(x
(i)
j − µi)(x

(i)
j − µi)

T

 , (2.13)

respectively, where µi is the mean of all images of class ci, µ is the total sample mean vector

and x
(i)
j is the j-th sample of class i.
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LDA solves the Fisher criterion, i.e. the projection is chosen such that the variance between

the classes is maximized while the variance within each class is minimized. Consequently, the

objective function is as follows:

ŵ = arg max
w

(
wTSbw

wTSww

)
. (2.14)

The optimal projection basis for LDA is the set of generalized eigenvectors associated with

the m largest eigenvalues of S−1
w Sb. Note that there are at most C − 1 nonzero generalized

eigenvectors. Hence, an upper bound for the dimensionality of the transformed subspace exists,

where m ≤ C − 1. Furthermore, at least n+C samples are required to ensure that Sw does not

become singular. In practice, however, this often cannot be achieved. To overcome the problem

of the singularity of Sw, Belhumeur et al. [62] proposed to first project the features into a lower

dimensional subspace by applying PCA.

One of the best known applications of LDA is the Fisherfaces method developed by Bel-

humeur et al. in [62] (see Section 3.3 for details).

Due to the fact that LDA uses the class information directly, it outperforms PCA in many

applictions. On the other hand, Martinez et al. empirically showed in [60] that PCA can

outperform LDA when the training set is small and therefore cannot represent the underlying

class distribution.

2.3.3. Locality Preserving Projections (LPP)

One major disadvantage of PCA and LDA is that both methods only see the the global eu-

clidean structure of the feature space. It is known, however, that for many pattern recognition

problems, especially for face recognition, the intrinsic structure of the feature space is actu-

ally non-linear [63, 64, 56, 65, 66]. To overcome these limitations, generalized versions of PCA

and LDA were proposed which apply a so called kernel trick for nonlinear embedding [67, 68].

However, these methods do not explicitly consider the special manifold structure of the feature

space.

Locality Preserving Projections (LPP), proposed by He et al. in [58], assumes that the feature

vectors reside on a nonlinear submanifold hidden in the original feature space. Unlike PCA or

LDA, LPP tries to find an embedding that preserves local information. Thus, samples that are

close in the original feature space should be close in the projected subspace. On the other hand,

if samples are located far away in the original feature space, they should be mapped far apart

in the transformed space. Thus, LPP aims at obtaining a subspace that best preserves the local

manifold structure of the original feature space. This is achieved by modeling the manifold

structure of the feature space using a nearest-neighbor graph.
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First, an adjacency graph G is defined and an edge is put between two nodes k and j if they

are “close”, i.e. if they are within an ε-neighborhood1. LPP then tries to optimally preserve

this graph when choosing projections. After constructing the graph, weights have to be assigned

to the edges. Therefore, a sparse symmetric matrix S ∈ RN×N is created with Sk,j having the

weight of the edge joining vertices k and j, and 0 otherwise. These weights are often calculated

by using a heat-kernel for instance:

Sk,j =

e−
‖xk−xj‖

2

2σ2 , if ‖xk − xj‖2 < ε

0, otherwise.
(2.15)

Here, σ denotes a constant factor for normalization and ε is a user defined threshold which defines

the maximal distance between two samples. LPP tries to minimize the objective function

ŵ = arg min
w

∑
kj

(yk − yj)2Sk,j

= arg min
w

∑
kj

(wTxk −wTxj)
2Sk,j . (2.16)

Following some simple algebraic steps, it is possible to show that equation 2.16 finally results

in a generalized eigenvalue problem:

XLXTw = λXDXTw, (2.17)

where D is a diagonal matrix whose entries are column (or row since S is symmetric) sums of

S, i.e. Dkk =
∑

j Skj . Furthermore, L = D − S is the so called Laplacian matrix [53]. The

mathematical proof of equation 2.17 as well as the theoretical justifications of LPP can be found

in [58]. The projection matrix W is constructed by concatenating the solution to the above

equation, i.e. the column vectors of W = [w1, · · · ,wm] are ordered ascendingly according to

their eigenvalues.

It has been shown in [69] that LPP can be applied to the field of appearance based face

recognition and outperforms Eigenfaces and Fisherfaces on various benchmark datasets. This

method is referred to as Laplacianfaces (see Section 3.3) for the remainder of this thesis.

1Instead of connecting two nodes based on their ε-neighborhood, another possibility suggested by [58] is to utilize
the k-Nearest-Neighbor (k-NN) scheme. Here, two nodes are connected by an edge if they are among the k
nearest neighbors of each other.
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2.4. Classification

2.4.1. Classification using k-Nearest-Neighbor (k-NN)

One of the simplest yet widely used techniques for classification is the k-Nearest-Neighbor (k-

NN) method, which is purely memory based and requires no model to be fit during training [70].

First, the distances between an unknown test sample t and all training samples in a common

feature space are calculated. In its simplest form, the nearest neighbor (NN) classification,

the test sample is then assigned to the class that belongs to the training sample that has the

smallest distance to t. Figure 2.9 illustrates the principle of nearest neighbor classification. In

this example the test sample is classified as class 1 when NN is applied.

Figure 2.9.: Illustration of the k-NN classification scheme. A test sample t (marked with “?”) is classified
as class 1 if a nearest-neighbor classifier is applied. For k-NN with k = 5 the test instance is assigned to class
2.

Several different distance measures were proposed in the past. Although the Euclidean dis-

tance dE between two m-dimensional feature vectors has traditionally been used for classification

dE(t,y) =

√√√√ m∑
i=1

(t(i)− y(i))2 = ‖t− y‖2, (2.18)

a number of other distance metrics are often applied in face recognition and other pattern

recognition problems including the Manhatten-distance d1

d1(t,y) =
m∑
i=1

|t(i)− y(i)| = ‖t− y‖1, (2.19)
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or the χ2-distance dχ

dχ2(t,y) =
1

2

m∑
i=1

(t(i)− y(i))2

(t(i) + y(i))
, (2.20)

which is particularly useful when comparing histograms. In case multiple training instances of

different classes have the same distance to the test sample, the class of t is assigned randomly

to any of those classes.

A widely used extension of the nearest neighbor classification scheme is the k-NN method.

Again, the first step is to calculate the distances between the test instance t and all training

samples. All distances are then sorted ascendingly and the class assignment of t is done by using

a majority voting between the k closest training points, where k is a user-defined parameter. In

the example from Figure 2.9, three objects of class 2 and two objects of class 1 are found in the

neighborhood of t using a 5-NN classification paradigm. Therefore, the test sample is classified

as class 2.

The choice of k is critical to achieve good classification performances and highly depends

on the statistical distribution of the data. Large values of k tend to decrease the classifier’s

sensitivity to training samples falling in the area of an adjacent class. However, simultaneously

the selectivity between classes might be reduced [70]. Figure 2.10 illustrates this behavior of

k-NN for different values of k. The decision boundary for k = 15 is fairly smooth compared to

a classification where k = 1 was used.

(a) k = 1 (b) k = 15

Figure 2.10.: Comparison of the k-NN classifier for different values of k. The figure compares the decision
boundaries of the k-NN classifier for k = 1 (a) and k = 15 (b) on the same data. The decision boundary for
k = 15 appears to be smoother than for k = 1 which shows that larger values for k decrease the sensitivity
of the classifier to training samples falling in the area of an adjacent class. However, using larger values for k
might also reduce the selectivity between classes. Image source: [70]

Despite its simplicity, k-NN has been successfully applied in a variety of classification problems

including face recognition (see Section 3.3).
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2.4.2. Sparse Representation Classification (SRC)

Sparse Representation Classification (SRC) is based on Compressed Sensing (CS), a mathemat-

ical framework for signal measurement and reconstruction. Recently, SRC has been successfully

applied to face recognition and promising results were obtained even under difficult lighting

conditions and partial occlusion [71, 48] (see Section 3.3). SRC assumes that given a sufficiently

large number of training samples a test vector can be represented as a linear combination of

training instances of the same class.

LetA ∈ Rm×l be the normalized matrix of training samples transformed into them-dimensional

feature space and t ∈ Rm be the normalized transformed feature vector of the test image, where

m is the dimensionality of the feature space and l the number of training samples. The matrix

of training samples of the i-th object class is given by

Ai = [ai,1,ai,2, · · · ,ai,li ] ∈ Rm×li , (2.21)

where li is the number of training samples of class i. Thus, A can be written as

A = [A1,A2, · · · ,AC ] = [a1,1,a1,2, · · · ,a1,l1 , · · · ,aC,1, · · · ,aC,lC ]. (2.22)

SRC assumes that any test instance t reside in the linear span of the training samples of the

i-th object class

t = αi,1ai,1 + αi,2ai,2 + · · ·+ αi,liai,li (2.23)

for some scalar weights αi,j ∈ R with j = 1, · · · , li. In other words, SRC tries to represent the

feature vector of the test image t as a linear combination of the training samples of the same

class. This can be expressed as

t = Ap0, (2.24)

where p0 ∈ Rl is a sparse coefficient vector whose entries only associated with the i-th class

should be 1 and the rest 0

p0 = [0, 0, · · · , αi,1, αi,2, · · · , αi,li , · · · , 0, 0]T. (2.25)

Therefore, the class of a test sample can simply be found by solving a system of linear equations.

However, typically the number of features after transformation is much lower than the number

of observations, i.e. m < l. Hence, it is obvious that equation 2.24 is underdetermined which

means that its solution is not unique.
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A common way to solve this problem is to find the solution that minimizes the `2-norm:

(`2) p̂2 = arg min
p
‖p‖2 subject to t = Ap. (2.26)

However, it was shown in [71] that for this solution p̂2 is generally dense which results in large

non-zero entries associated with different classes. Due to the observation that each test sample

can be expressed as a linear combination of training instances of the same class, the objective

of SRC is to find the sparsest solution of equation 2.24

(`0) p̂0 = arg min
p
‖p‖0 subject to t = Ap. (2.27)

Note that the `0-norm ‖ · ‖0 is a pseudonorm and simply counts the number of non-zero entries

in a vector. Unfortunately, finding the sparsest solution of an underdetermined system of linear

equations is known to be NP-hard, i.e. it cannot be solved in polynomial time [72]. However,

Compressed Sensing (CS) theory suggests that the `0-norm solution of equation 2.27 can be

replaced by solving a convex optimization problem via `1-norm minimization

(`1) p̂1 = arg min
p
‖p‖1 subject to t = Ap. (2.28)

Ideally, the nonzero entries in the sparse coefficient vector p̂1 will all be associated with the

columns of A which represent a single class. However, in real-world applications noise and

modeling error may lead to small nonzero entries associated with different object classes.

Thus, the minimal residual ri(t) between t and A(δi � p̂1) is chosen to indicate the class the

test vector t belongs to:

ID(t) = arg min
i
ri(t) with ri(t) = ‖t−A(δi � p̂1)‖2, (2.29)

where� denotes the elementwise multiplication known as Hadamardt-Schur product. The vector

δi ∈ Rl is called the characteristic function of class i. It can be thought of as a filter vector

which is 1 for all training samples of class i and 0 elsewhere. A detailed description of CS theory

and SRC can be found in [71, 73, 48].
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2.4.3. Support Vector Machines (SVMs)

Introduced by Vapnik et al. [74] in 1995, Support Vector Machines(SVMs) became one of the

best known and well established tools for classification and supervised machine learning over the

past two decades. A brief overview of the basic ideas of SVMs is given in this section. For a more

detailed description and mathematical justification of SVMs the interested reader is referred to

the books of Vapnik et al. [74, 75]. Furthermore, a significant amount of literature which gives

a detailed introduction of supervised machine learning techniques and SVMs in particular was

published during the past years [76, 77, 78].

SVM in its original implementation was introduced as binary classifier. Given a set of train-

ing examples yi ∈ Rm (i = 1, · · · , l) each belonging to one of two classes c(yi) ∈ {1,−1},
the objective of SVM is to find a hyperplane which separates the positive from the negative

examples. Since many such hyperplanes exists, the most reasonable choice is to find the one

with the largest margin between the two classes. Let d+ be the shortest distance between the

separating hyperplane and the closest positive training instance. The shortest distance between

the separating hyperplane and the closest negative sample is denoted by d−. Then the margin

is defined as d+ + d− [76]. The training samples that lie on the margin are called the support

vectors. A hyperplane is characterized by its normal vector n and the perpendicular distance of

the plane to the origin b/‖n‖, where ‖n‖ is the Euclidean norm of n. If the data is separable,

the hyperplane with the largest margin between the two classes can be found by solving the

following minimization problem:

arg min
n,b

1

2
‖n‖2 subject to c(yi)(n · yi + b ≥ 1). (2.30)

Once an SVM was trained, i.e. a hyperplane was found by solving the minimization problem in

equation 2.30, it has to be decided on which side of the decision boundary a given test sample t

is located. Thus, the class label of the test sample is given by sgn(n · t+ b), where sgn(·) is the

signum function.

Applying the minimization problem described in equation 2.30 to non-separable data will not

lead to a feasible solution. To deal with non-separable data, Cortes and Vapnik [75] propose to

relax the condition of equation 2.30 by introducing positive slack variables ξi, which measure

the degree of misclassification of the data yi. A natural way to assign extra costs for errors is

to extend the optimization problem in equation 2.30 to

arg min
n,b,ξ

{
1

2
‖n‖2 + C

l∑
i=1

ξi

}
subject to c(yi)(n · yi + b ≥ 1− ξi), ξi ≥ 0, (2.31)
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where C is a parameter defined by the user. A large C corresponds to a high penalty of errors.

Figure 2.11 compares the linear separating hyperplanes of an SVM for the separable (a) and the

non-separable case (b).

(a) (b)

Figure 2.11.: Comparison of separable vs. non-separable data. This figure illustrates separating hyper-
planes of an SVM for separable data (a) and non-separable data (b). Positive slack-variables ξi are introduced
for the non-separable case which measure the degree of misclassification of the data. Furthermore, a user-
defined penalty parameter C is defined which controls how much misclassifications are penalized. A large C
corresponds to a high penalty of errors.

In practice, data of two different classes often cannot be separated adequately by a linear func-

tion. However, [79] showed that a so called kernel trick, originally proposed by Aizerman et al.

[80] in 1964, can be used to transform the data into a higher dimensional space. A mapping

function Φ : Rm 7→H can be applied in order to subsequently fit a maximum-margin hyperplane

in the higher dimensional feature space H. A variety of different kernel functions were proposed

by researchers such as linear kernels, polynomial kernels, and the Radial Basis Function (RBF)

kernel [76, 78]. The interested reader is referred to [76] for a detailed explanation of non-linear

SVMs.

Figure 2.12 illustrates the process of transforming the non-linearly separable data into a higher

dimensional feature space where the two classes can be separated by a linear hyperplane.

As mentioned earlier, SVM in its original implementation is a binary classifier which can only

handle two-class problems. Several extensions were proposed in order to handle multi-class prob-

lems. The most common way is to split the multi-class problem in multiple binary classification

problems [82, 83], where either a one-versus-all strategy or one-versus-one technique is applied

to get a final result. On the other hand, Crammer and Singer [84] proposed to treat multi-class

classification as one single optimization problem rather than decomposing it into multiple binary

classifications. For details and comparisons between multi-class SVM strategies the reader is

referred to [82, 83].
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Figure 2.12.: Kernel trick for non-linear SVMs. The samples of the two classes (blue and red circles) cannot
be separated by a linear hyperplane in the low dimensional feature space. Therefore, a kernel function Φ was
proposed by [79] to efficiently transform the data into a higher dimensional space where the two classes are
linearly separable. Image inspired by [81]

2.5. Chapter Summary

In this chapter, state-of-the-art algorithms commonly used in pattern recognition were intro-

duced and reviewed. In particular, techniques considered to be relevant for understanding the

proposed PRF as well as the face recognition systems used for benchmarking were emphasized.

Many techniques for non-invasive individual identification, including the presented PRF, are

based a standard pattern recognition pipeline: Feature Extraction, Feature Space Transforma-

tion, and Classification.

Hence, in Section 2.2 global feature extraction techniques as well as local key point descrip-

tors were introduced which have been proven to be efficient visual representations of image

and video content. In particular, global descriptors such as Gabor-based features and LBP as

well its extensions are known to perform well for human face recognition and were therefore

reviewed in more detail. To cope with disadvantages originating from the holistic nature of

global features, a large and growing amount of literature proposed and investigated local key-

point descriptors. Two sophisticated local feature extraction techniques, SIFT and SURF, were

thus briefly discussed in Section 2.2 as well.

Many feature extraction techniques result in extremely high-dimensional descriptors. Thus,

feature space transformation techniques are required for many applications in order to perform

robust and fast recognition in practice. The goal of feature space transformation is to reduce

the dimensionality of the feature space without losing information that is important for discrim-

ination. Three of the most commonly applied algorithms in practical applications were reviewed

and compared in Section 2.3: PCA, LDA, and LPP.
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Finally, in Section 2.4, three of the most widely applied supervised classification techniques

were discussed. While k-NN and SVM are traditional methods to assign one particular class to

a test sample, more recently a novel classification paradigm known as SRC was proposed. SRC

is based on Compressed Sensing (CS) theory, a mathematical framework for signal measurement

and reconstruction. SRC is utilized within the proposed face recognition framework for great

apes and has been proven to perform well for other pattern recognition task as well.
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3.1. Chapter Overview

Recently, the development of automatic routine procedures to efficiently process huge amounts

of biologically relevant audiovisual footage attracts the attention of many researchers, engineers

as well as computer scientists. The emerging and highly interdisciplinary field of Animal Bio-

metrics aims at developing and applying approaches to automatically detect, represent, and

interpret phenotypic appearance of various animal species [85]. Such algorithms can be used to

detect animals in audiovisual footage, recognize particular behaviors, classify different species,

or even identify individuals. Many biologically motivated research areas, such as ecology, be-

havioral research, or estimation of population sizes would benefit from automatic methods for

non-invasive animal monitoring. Due to its complexity, the field of Animal Biometrics requires

close interaction of many scientific disciplines. While biologists have detailed knowledge about

the visual cues that let humans differentiate between different animal species, sub-species or

individuals, computer scientists need this biological expertise in order to implement applicable

computer algorithms. This chapter gives an extensive and representative literature review of

state-of-the-art approaches for non-invasive biometric animal monitoring. This includes algo-

rithms for detection, tracking and behavior analysis of animals as well as methods for individual

identification and species recognition. Although the field of Animal Biometrics includes both,

video and audio based applications (e.g. [86, 87, 88, 89]), the following chapter focuses on image

and video based systems in particular.

Starting from the assumption that humans and our closest relatives, the great apes, share

similar properties of the face the Primate Recognition Framework (PRF) proposed in this thesis

is based on face detection and recognition algorithms to differentiate between different individu-

als. Hence, the second part of this chapter gives an overview of state-of-the-art face recognition

algorithms originally developed to identify humans in images or videos.

3.2. Visual Animal Biometrics

While the development of automatic approaches to detect, track, identify, and analyze the be-

havior of human beings has been an active research topic for decades, Animal Biometrics is a

rather new field of research. Early work concentrated on intrusive methods in which animals

are physically marked using ear tags, passive integrated transponder (PIT) tags, leg bands or

dyes [27, 28]. In captive environments often radio frequency identification (RFID) chips or spe-



32 3. State of the Art

cial hardware such as sensors for active infrared, laser or microwave radio signals have been

proven to be useful for animal monitoring [90]. However, wildlife environments often impose im-

mense demands on hardware and software due to limited power supply and harsh environmental

conditions such as heating by strong sunlight, cold and icing in high mountainous locations or

corrosion in moist regions. Therefore, such invasive hardware-based animal monitoring tech-

niques are typically used in captive environments for livestock breeding. Moreover, Schatzmann

argues in [91] that invasive methods such as branding and transponder implantation can cause

permanent pain and severe complications. Another study by Edwards et al. [92] showed that ear

tagging often results in inflammatory response causing extreme discomfort and pain. Further-

more, especially in wildlife settings, invasive methods can be a severe intrusion into ecosystems

itself and may therefore bias observation due to potential changes in behavior, reproduction,

and even survival [29, 30, 31]. In addition, some taxonomic groups might be difficult to tag due

to small body size and constraints of field conditions or may not retain tags long enough to be

useful for behavioral ecological research [93].

On the other hand, non-invasive methods for analyzing Animal Biometrics can be extremely

ambitious due to different lighting conditions, various body postures, partial occlusion, camou-

flaged animals, and many more challenging conditions frequently present in real-world settings.

However, the development of automatic routine procedures for non-invasive animal monitoring

and analysis of remotely gathered audiovisual recordings is a prerequisite for many biological

fields such as ecology, biodiversity conservation, and behavior understanding. Furthermore, non-

invasive methods have several advantages over intrusive methods because animals are neither

harmed nor affected in their behavior by applying autonomous video surveillance cameras.

3.2.1. Animal Detection and Tracking

During the past 20 years a large and growing amount of literature describing techniques for

different content-based image and video retrieval tasks has been published. Especially the re-

trieval of animal pictures has recently attracted the attention of computer scientists [94, 95].

While Schmid et al. [94] solely exploit texture information in combination with unsupervised

clustering techniques to retrieve images showing animals of the same kind, Berg and Forsyth [95]

additionally incorporate other cues such as color, shape, and metadata from Google’s text search

to identify images containing categories of animals.

A different field of research is the automatic detection of animals in images or videos. Opposed

to image retrieval, animal detection aims at determining the locations and sizes of animals within

an image or video. Automatic approaches for animal detection build the basis of subsequent

tasks such as tracking, behavior analysis, species recognition or individual identification.
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Many approaches that either detect segments of the animals’ body (e.g. the face) or complete

bodies in image or video sequences can be found in the literature. The following section gives

an overview of state-of-the-art systems for automatic animal detection, tracking, and behavior

analysis.

Automatic animal detectors can be classified into five main categories: Template Matching,

Rigid Object Detectors, Local Keypoint Detectors, Model-Based Detectors, and Motion-Based

Detectors.

Template Matching

The simplest animal detectors use template matching to localize animals of a specific species in

images or videos. One prototypical instance of the object’s visual appearance is used to detected

the animal of interest. A template image is typically generated by taking either only one or the

mean of many example images that best represent the desired object. The template is then

shifted across the source image. By calculating certain similarity metrics such as normalized

cross-correlation or intensity difference measures [96] the object location is defined as the area

corresponding to the highest similarity score. Kastberger et al. [97] for instance apply a template

matching technique to detect and track individual agents in densely packed clusters of giant

honey bees. The authors use a 3D stereoscopic imaging method to study behavioral aspects of

shimmering, a defense strategy of bee collectives. After detection, stereo matching, and tracking

of individual bees, 3D motion patterns were analyzed using luminance changes in subsequent

frames.

Although template matching algorithms might be fast and easy to implement, they only

achieve adequate results in rather controlled settings and often perform poorly in natural wildlife

environments due to cluttered background and geometrical deformations of the object to be

detected. To achieve invariance of the method against object deformations, different scales and

rotations must be applied which significantly increase processing time. Hence, more sophisticated

object localization algorithms must be applied to automatically detect free-living animals in their

natural habitats.

Rigid Object Detectors

A more sophisticated approach to detect objects in natural scenes is to apply so-called rigid

object detectors. As the name suggests, these kind of detectors are limited to non-deformable

objects with similar shape. Visual descriptors and the spatial relationship between them are

utilized to localize rigid objects, where features vary among instances but their spatial config-

uration remains similar. For human face and pedestrian detection, rigid object detectors have
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been used for more than a decade. Although Rowley et al. [98] already achieved promising

results with a neural-network based human face detection system in 1998, the probably best

known algorithm for rigid object detection was presented by Viola and Jones in 2001 [99]. It

uses a boosted cascade of simple Haar-like features which exploit local contrast configurations

of an object in order to detect a face. The AdaBoost algorithm [100] is utilized for feature selec-

tion and learning. Numerous improvements have been proposed over the last decade to achieve

wider pose invariance, most of them relying on the same principles as suggested by Viola and

Jones. For an overview of face detectors the reader is referred to [101, 102, 103]. Later, Dalal

and Triggs [104] proposed to use Histograms of Oriented Gradients (HOG) and a linear Support

Vector Machine (SVM) for the detection of humans in low-resolution images. They showed that

locally normalized HOG descriptors provide a robust feature set to reliably detect pedestrians,

i.e. humans in upright positions, even in cluttered backgrounds, difficult lighting conditions,

and various poses.

After the successful application of these techniques to the field of human detection in natural

scenes, computer scientists started to adapt and extend these ideas to detect animals in images

and videos as well.

Burghardt et al. for instance proposed a system for lion detection, tracking, and basic loco-

motive behavior analysis in [105, 106]. Although the authors use an enlarged set of Haar-like

features (see Figure 3.1(a)), the initial face detection stage is based upon the original approach

introduced by Viola and Jones [99]. Once a face has been localized in a frame, the Lucas-

Kanade-Tomasi method [107] is applied to track the face region through the video sequence

using a number of interest points on the lion’s face (see Figure 3.1(b)). Furthermore, a rectan-

gular interest model was created for locations where a face was spotted to achieve accurate and

temporal coherent tracking performance. Figure 3.1(c) shows the detection and tracking results

for an example image sequence. Information of the detection and tracking process was used to

classify basic locomotive behavior of the animal. More explicitly, the vertical component of the

head trajectory was used to detect actions such as walking, trotting, and standing.

The approach of Viola and Jones [99] has also actively been studied to detect heads of cat-like

animals in images [108, 109, 110, 111]. However, in [108, 109] the authors argue that applying

algorithms for human face detection directly to detect the head of cat-like animals would perform

poorly. Since cat faces have a more complicated texture than humans faces and the shape of

cat heads can vary significantly from individual to individual, the extraction of features would

result in a high intra-class variance which is crucial for most detection algorithms. Zhang

et al. overcome this burden in [108] by jointly utilizing texture and shape by applying different

alignment strategies to separately train a shape and a texture detector. The shape information

is kept by aligning the cat face such that the distance between the two ears is the same through
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(a)

(b)

(c)

Figure 3.1.: Detection and tracking of lion faces. (a) Three most characteristic Haar-like features used to
detect lion faces. (b) Chosen interest points used for tracking of lion faces through the video sequence. (c)
Results of the proposed lion face detection and tracking algorithm through various poses. Image Source: [105,
106]

the entire training set. On the other hand, by aligning the faces according to their eyes the

texture information is preserved while the shape of the cat’s head is blurred. Figure 3.2(a)

shows the mean image of the used training data for different alignment strategies. Furthermore,

they use a set of Haar-like features on oriented gradients (see Figure 3.2(b)) as features which

was shown to outperform other descriptors commonly used for face detection. In a second step,

they jointly train a final classifier to fuse the outputs of the initial shape and texture detectors.

In the detection phase, first both detectors are applied separately by using a sliding window to

get initial face locations. A final decision is made by applying the joint shape and texture fusion

classifier. The same authors apply their algorithm to other cat-like species like tigers, cheetahs,

and pandas in [109]. To further handle the misalignment cost between both detectors they

present a novel deformable detection approach which considers both misalignment cost and the

outputs of the shape detector and texture detector. Also Kozakaya et al. use a two step approach

to detect cat faces in images [110]. Opposed to the work done by Zhang et al. , they do not

use two different alignment strategies but rather extract complementary feature sets to gather

shape and texture information. In a first step a candidate search is performed which uses simple

Haar-like features and AdaBoost as done by Viola and Jones in [99]. Although the approach

by Viola and Jones is fast to compute and easy to implement, it often is not discriminative

enough to deal with complicated shape and texture. Therefore, the authors suggest to use

more sophisticated features in a second phase to verify face candidates. Thus, Kozakaya et al.

use Co-occurrence Histograms of Oriented Gradients (CoHOG) [112] since they have strong

classification capability to represent various cat face patterns. Due to the high dimensionality

of CoHOG, a simple linear classifier obtained by a linear SVM is used for candidate verification.
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(a)

(b)

Figure 3.2.: Detection of cat faces in images. (a) Depending on the alignment, shape or texture information
can be extracted. More shape information is kept by aligning the faces by ears (left), while more texture
information is kept if the faces are aligned by their eyes (b) Orientation of the gradient information in four
different directions used as feature set for the detection of cat faces. Image Source: [108, 109]

They evaluated their approach on the dataset provided by Zhang et al. in [108]. However, the

experimental conditions were not strictly the same since the evaluation paradigm differs from

the one used in [108]. Nevertheless, the results suggest that the proposed approach outperforms

the method by Zhang et al. significantly. Another advantage of this method is that the approach

is much more generic since it is not restricted to detect faces of cat-like animals only but other

rigid objects as well.

Starting from the assumption that humans and our closest relatives share similar properties

of the face, rigid object detectors have recently also been used to detect faces of African great

apes [113]. The method by Ernst and Küblbeck is based on ideas of the approach by Viola

and Jones [99] but was improved significantly by using multiple consecutive classification stages

with increasing complexity and different illumination invariant feature sets to detect faces of

chimpanzees and gorillas in images and video sequences. Each stage is built out of a feature

extraction step and a classifier. One out of three illumination invariant features can be applied:

edge orientation features, census features [114], and structure features built out of scaled versions

of census features. Real-time capability is achieved by using simple and fast pixel-based features

in the first stages and more sophisticated and therefore more complex descriptors in subsequent

stages. Each stage consists of look-up tables that were build in an offline training procedure

using Real-AdaBoost [115]. The first stages can be considered as a fast but inaccurate candidate

search while the remaining stages focus on slower but more accurate classification. Although

the proposed system has some robustness to difficult lighting situations, it lacks in invariance to
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severe occlusion and far-off frontal poses. However, for subsequent analysis such as individual

identification for instance, faces often are expected to be in a full-frontal pose. Therefore,

the approach by Ernst and Küblbeck [113] has been used in this thesis to automatically locate

faces of chimpanzees and gorillas in order to subsequently identify them. Thus, a more thorough

review of the face detection framework by [113] is given in Section 4.2.1. In addition to real-time

capable face detection in images and videos, the authors also propose methods to automatically

distinguish between chimpanzees and gorillas. The first approach uses the detection scores of the

applied face detection models for chimpanzees and gorillas. For the second method, a separate

classification model was trained based on structure features only and applied to the detected

face. Both techniques for species classification perform remarkably well with over 90% accuracy.

Although researchers use rigid object detectors mainly to localize the faces of animals, this

class of object detectors has also been applied to detect whole animal bodies. Miranda et al.

for instance use the face detection paradigm by Viola and Jones [99] for the visual detection of

bumblebees [116]. Furthermore, the authors apply a discriminative tracking algorithm proposed

by Gu and Tomasi [117] to improve the detection in video sequences and fill the gaps where

detection has failed. Only one test sequence with restricted variety of different backgrounds and

just one single individual was used to conduct experiments which is not enough for a thorough

evaluation. Nevertheless, the obtained results are promising for a preliminary study. Although

rigid object detectors can be used to detect insects such as bumblebees due to the limited number

of their body appearances, the localization of deformable objects in natural scenes requires more

sophisticated techniques because different body postures would result in different appearances

of the same object.

Model-Based Detectors

To cope with the above mentioned challenges, researchers recently proposed model-based meth-

ods to reliably detect animals in visual footage. Different feature sets can be used to create

models of an animal body such as appearance, texture, shape, color or the combination of those.

Stahl et al. reported a preliminary study on the combination of multiple 2D and 3D sensors

to capture biometric data of farm animals under real-life conditions in [118]. More specifically

the authors suggest to use a sophisticated hardware setup of two high-resolution monochrome

cameras and one integrated color camera to reliably detect the heads of horses in a livestock

farm. Due to the constrained environment at the feeding area and the fact that the horse’s head

points towards the camera, a simple foreground-background separation algorithm based on the

depth information provided by the stereo cameras can be used to obtain a coarse location of the

horse. To distinguish the animal’s head from the rest of the body, an ellipse-like head model

is subsequently created and fitted to the borders of the original head mask. This procedure
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builds the basis to locate, measure, and identify the animal by fusing information of multiple

cameras. By thoroughly evaluating the proposed framework, the system has proven to perform

well. However, the application scenario as well as the controlled conditions in a livestock farm

allows a multiple camera setup and a relatively simple geometrical approach to achieve an

excellent detection performance. However, reliable detection of animals in more challenging

natural environments requires more sophisticated solutions.

Remarkable ideas for a generalized unsupervised object tracker and detector were presented by

Ramanan and Forsyth in [119, 120, 121]. In [119] the authors propose a technique to automati-

cally build models of animals from a video sequence where no explicit supervisory information

is necessary and no specific requirements regarding background or species are stipulated. Ani-

mal bodies are modeled as 2D kinematic chains of rectangular segments where the topology as

well as the number of segments are not known a priori. In a first step, candidate segments are

detected using a simple low-level local detector by convolving the image with a template which

corresponds to parallel lines of arbitrary orientations and scales. This step alone results in many

false positive detections. Therefore, resulting segments are clustered in a second step to identify

body limbs that are coherent over time. After pruning away remaining segments that do not fit

the motion model because the tracks are to short or move to fast, a coarse spatial model of the

remaining segments can be assembled (see Figure 3.3). Because appearance models of animals

are generated on-the-fly there are two ways to think about the proposed system: It can either

be seen as a generalized tracking system that is capable of modeling objects while tracking them

or as a source of an appearance model which can later be used to detect animals of the same

species.

One drawback of this approach is that when building the rough shape model of an animal’s

body one has to be certain that within a given sequence only one animal is present and it is the

only animal in the scene. Furthermore, the resulting appearance model is very much tuned to

the specific species in the video sequence. Therefore, the same authors try to overcome these

drawbacks by extending their work towards an object recognition framework to detect, localize,

and recover the kinematic configuration of textured animals in real-world images [120, 121].

Ramanan et al. fuse the deformable shape models learned from videos and texture appearance

models obtained from labeled sets of images in an unsupervised manner for that purpose. Al-

though the detection results improve significantly compared to their previous work the detector

is designed to only localize highly textured animals such as tigers, zebras, and giraffes. The

approach would fail for a majority of camouflaged or non-textured animals such as elephants or

great apes because detecting only vertical and horizontal lines to build the deformable model

would result not only in false positive but more crucially false negative detections.
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(a) (b)

Figure 3.3.: Model-based detection of textured animals. (a) Each row shows four consecutive frames of
moving textured animals. The detected segments are superimposed (left). The appearance models of the
according animals are generated automatically (right). (b) Detection rates for every segment. The proposed
algorithm builds representations of animals as collections of detected segments. Image source: [119, 120, 121]

More recently, Deformable Part-Based Models (DPM) were introduced by Felzenszwalb et al.

[122] as generic object detectors. The proposed approach and its extensions regularly achieve

state-of-the art results on a variety of object categories in international benchmarks such as

the PASCAL VOC 2010 [123]. Whilst the majority of methods for object detection depict

the object of interest as a whole, the main idea of DPMs is to represent objects as flexible

configurations of feature-based part appearances. Support Vector Machines (SVM) are used to

learn the set of appearance detectors and part alignments. While performing very well on some

object categories, DPMs are known to be sensitive to occlusion and highly deformable object

categories such as animals. Parkhi et al. [124] extend the ideas of DPM to distinctive part

models (DisPM). They propose to initially utilize DPMs to detect distinctive regions such as the

head of animals in the first phase. Secondly, the whole body of the animal is subsequently found

by learning object specific features such as color or texture from the initially detected image

region. After coarse foreground-background separation based on the learned low-level image

features, graph cuts [125] are used for the final segmentation of the animal’s body. Parkhi et al.

apply their algorithm to detect cats and dogs in still images achieving results comparable to the

state-of-the-art for other object classes. Furthermore the authors also claim that this technique

can be used for a variety of other animal species as well.

Another study by Sandwell and Burghardt [126] uses three different models of DPMs to detect

chimpanzee faces under difficult conditions such as far-off frontal poses or partial occlusion.

Whilst the first and the second model are trained on the face region and an expanded version

of the face region respectively, the third model integrates multiple spatially distributed DPMs.
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Different from the approach presented by Ernst et al. in [113] the proposed algorithm is currently

not real-time capable. However, the authors conclude that the reduced reliance on facial features

alone and the combination of the three proposed models has led to a detector which is far less

sensitive to non-frontal poses and more robust to less well resolved faces as well as partial

occlusions.

Local Keypoint Detectors

A large and growing body of literature investigates template matching, rigid object detectors

and model-based approaches to detect animals in images or videos. However, they often perform

poorly when detecting animals in their natural habitat due to a wide variety of postures, lighting

conditions, and partial occlusion. Tiny object regions on the surface of an animal’s body often

exhibit less deformation than the entire organism [85]. Therefore, new approaches for fast,

robust, and reliable detection and description of regions or local interest points such as the Harris

Corner Detector [127], Scale Invariant Feature Transform (SIFT) [51] or Speeded Up Robust

Features (SURF) [52] have been developed in the recent past. Inspired by the great success of

local keypoint detectors and descriptors for object localization, matching, and categorization,

these approaches have also been used for Visual Animal Biometrics. The applications include

a variety of species, ranging from insect categorization [128] to turtle identification [129] and

other coat patterned animals such as penguins and zebras [130, 131].

In 2010, de Zeeuw et al. proposed an approach based on SIFT matching for turtle detection

and identification [129]. According to Zeeuw et al. leatherback sea turtles carry a so called “pink

spot” on the dorsal surface of their head which is unique between individuals and can therefore be

utilized for identification. Since the proposed algorithm is a semi-automatic approach, the first

step is to manually cut the desired head region out of the original image. The extracted image

patch is then compared with reference images using the basic SIFT matching approach which

was originally proposed by Lowe et al. in [51]. More information about the identification scheme

will be given in section 3.2.2. The evaluation on two challenging real-world datasets confirm

the effectiveness and reliability of the algorithm proposed by Zeeuw et al. . However, manual

interaction is still necessary to annotate the region of interest. Thus, designing a detection

algorithm that automatically locates the pink spot on the turtle’s forehead is highly desirable.

For the proposed approaches by Larios et al. [128] and de Zeeuw et al. [129] local keypoint

detectors serve as a pre-processing step to locate stable points of interest for the subsequent

extraction of discriminative information around each point. These descriptors are then used for

individual identification, species classification or comparable tasks. Therefore, these approaches

internally presume that the animal of interest is actually present in the processed image.
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In [130], Burghardt exhibits keypoint detectors as initial detection stage to robustly detect coat

patterned animals. Keypoint locations are initially stipulated by traditional corner detection

algorithms based on the auto-correlation matrix of the input image over a small neighborhood.

Since corner locations are defined by a significant signal change in all dimensions, the two

eigenvalues of the auto-correlation matrix are analyzed to accurately detect corners in an image.

More specifically, if both eigenvalues λ1 and λ2 have large positive values, then a corner is

supposed to be found. This procedure is utilized in many corner detection algorithms such as the

Harris corner detector [127] or the Shi-Tomasi corner detector [107]. In a subsequent step, the

area around a detected point of interest is described by placing a neighborhood window around

the keypoint. A class-specific point-surround classifier is learned by extending the Viola-Jones

framework [99]. Instead of heuristically choosing the resolution of the neighborhood window,

the dominant spatial frequency of the coat pattern is utilized to estimate a suitable window

scale. Furthermore, a form of supervised bootstrapping is used to increase the robustness of the

detector against false positive detections. Other modifications of the original implementation

of the Viola-Jones framework refer to perspective constraints and dense belief maps, i.e. real-

valued classification outputs instead of binary decisions. For details the interested reader is

referred to [130]. Burghardt applies the proposed algorithm to detect frontal chests of Penguins,

faces of lions, and hindquarters of zebras achieving results comparable to state-of-the-art human

face detection algorithms. At a false positive rate of 4 · 10−3% the detector achieves a detection

rate of over 96%. However, false positive detections predominantly occur for highly cluttered

background in natural environments, in challenging lighting conditions and hard shadows, as

well as for cryptic resemblance due to groups of patterned animals imitating regional patterns

of a single individual. Figure 3.4 illustrates a selection of typical reference points for different

species.

(a) (b) (c)

Figure 3.4.: Detection of keypoint locations for different animal species. Species specific landmarks that
are present for any individual within a population are marked in blue. A selection of the according reference
points are visualized in red. (a) Lion face, (b) penguin chest, and (c) zebra hindquarter. Image source: [130]
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Although local keypoint detectors are capable of robustly detecting and describing points of

interest in certain scenarios, they disregard important global information such as body structure,

spatial relationship between keypoints, and temporal information available in video sequences.

Moreover, local keypoints can only be used for coat pattern animals or species with distinctive

natural markings on fur or skin. However, many species do not carry obvious natural markings

which can be used for detection.

Motion-Based Detectors

Although the above mentioned approaches achieve sufficient results under certain conditions,

they lack in taking full advantage of the spatio-temporal information in video sequences to detect

moving objects. Based on the assumption that even camouflaged animals can be detected by

taking their movement in front of relatively stationary backgrounds into account, a considerable

amount of literature has been published on motion-based detectors.

Especially the problem of detecting and tracking marine animals in underwater video has been

tackled by many researchers [132, 133, 134, 135]. Either remotely operating underwater vehicles

(ROVs) or live video feeds from stationary installed underwater cameras are used by biologists

in order to perform marine ecological research within the Fish4Knowledge1 project for instance.

However, according to [135], state-of-the-art object detection algorithms often are unable to cope

with difficulties which are present in unconstrained underwater environments such as cluttered

and periodically moving background, permanent lighting changes, and the degrees of freedom

of marine animal movements.

To overcome this issue Walther et al. [132] proposed a system capable of automatically

detecting and tracking objects of interest in underwater video. Due to the fact that simple

contrast-based detection algorithms are prone to a number of effects present in underwater

video footage, such as non-uniform lighting conditions for instance, a background subtraction

algorithm builds the first step of the framework. It was shown that even translucent foreground

objects can be separated from the background sufficiently by subtracting the current frame

from the mean image of at least 10 frames for every color channel separately. The actual object

detection is subsequently applied using a saliency-based detection approach originally published

in [136]. Furthermore, the authors found that oriented edges are a extremely useful features

to detect marine animals and distinguish low-contrast translucent animals from organic debris.

Once an object has been detected, Kalman filters [137, 138] are initiated to track the centroid of

the detected objects. In a post-processing step, object tracks that are shorter than at least five

consecutive frames are discarded as noise. A performance evaluation of the proposed system on

1http://fish4knowledge.eu Last visit: August 8th, 2013

http://fish4knowledge.eu
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a single frame basis was conducted for two different data sets as well as a 10 minute video and

achieved promising results with detection rates up to 80%. However, the question arises how

many false positive detections were made by the system. Moreover, especially the evaluation

on the detection and tracking performance is limited because the test set contains only a single

10 minute video. Two years later, the same authors extended their approach in [133] where

a more thorough evaluation of object detection and tracking modules was conducted and the

results of their previous paper were validated. Furthermore, the authors presented a technique

to subsequently classify the detected objects into biological taxonomies. For each tracked object

a feature vector based on Schmid invariants [139] is extracted and a Gaussian Mixture Model

(GMM) is used for classifying the three most common classes. Although species classification

was at a very early development stage at that time, promising results were achieved for the three

examined animal categories.

A quantitative performance evaluation of object detection algorithms in underwater video

footage can be found in [135]. The authors compared and thoroughly evaluated several state-of-

the-art object detection algorithms for their application to detect moving objects in underwater

settings. The dataset used for evaluation was taken from the publicly available Fish4Knowledge

projects database. The performed experiments suggested that an algorithm called Video Back-

ground Extraction [140] outperformed the other approaches and therefore is most robust against

the above mentioned challenges. However, the performance of all algorithms significantly de-

crease if typhoon events or storm is present in the video sequences.

Recently, Spampinato et al. proposed a framework for automatically analyzing fish behavior

during typhoon events in real-life underwater environments [134]. In a first step, different

texture features in combination with machine learning algorithms are used to detect typhoon

or storm events in videos. Secondly, fish detection and tracking is performed. Similar to the

work of [135] four algorithms have been implemented and compared against each other to detect

fishes under extreme conditions. According to the authors, each approach performed fairly well

were Intrinsic Models [141] achieved the best performance. However, often false positives were

detected that had to be filtered out during post-processing. To deal with that problem, additional

features such as color difference and difference of motion vectors at the object boundary as

well as color homogeneity were extracted in a post-processing step and merged into a quality

score. Only objects whose quality scores exceeded a pre-defined threshold were considered

for further processing. Once the desired objects were detected, trajectories were extracted

using a covariance-based tracking algorithm [142] which is known to adequately handle the

typical challenges of tracking objects in underwater environments [143]. Within a last step,

the extracted 2D trajectories as well as the object size, which indicates movement in the third

dimension, were analyzed to evaluate movement patterns and behaviors of fish during typhoon
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events. Each module of the proposed framework was evaluated on a sufficiently large data set of

257 video sequences of 10 different cameras and promising results were achieved by the overall

system.

Besides approaches to detect marine animals in underwater environments, a growing body of

publications has investigated motion-based detectors to localize mammals and birds in videos.

In 2009, Wawerla et al. [144] reported an automated wildlife monitoring system called BearCam

which was deployed near the arctic circle to detect grizzly bears in videos. The system was placed

at a river site to monitor the animal’s feeding behavior for four hours a day. To assist biologists

with tedious annotation work, Wawerla et al. developed an algorithm for automatic detection of

bear appearances in recorded video. The authors extend the shapelet features by Sabzmeydani

and Mori [145] by additionally incorporating motion information from gathered video material.

Shapelet features are a set of sophisticated mid-level features, originally developed to detect

pedestrians in still images. They are constructed out of low-level gradient information using

the AdaBoost learning algorithm [100]. In addition to simple gradient information as low-level

descriptors, Wawerla et al. exploit background differences computed by taking the median over a

sampled set of frames. Motion shapelet features are then constructed as a weighted combination

of the previously extracted low-level gradient and background information within a specified

sub-window using AdaBoost. In a third and final step, again AdaBoost is used to combine the

information of different regions across the image and thus build the final classifier. A commonly

used sliding window approach was used in the detection stage to localize the appearance of a

bear in every frame. Extensive experiments proved the usefulness of the proposed algorithm

which achieved adequate detection results for the task at hand. However, many false positive

detections were found in highly textured regions and in areas with large amount of motion, e.g.

at the banks of the river or regions of water. Moreover, because the detection is performed on

every single frame the system was not real-time capable at that time. Object tracking algorithms

could possibly speed up the performance while at the same time boost the detection accuracy

of the system because non-moving objects might be removed in a post-processing step.

Song et al. [146] developed a robust autonomous system that assists ornithologists in observing

and cataloging flying birds. Autonomous high-resolution video cameras were installed in the

field which continuously scan the sky and automatically detect birds flying in the field of view.

Video frames in which birds were detected are automatically send to the ornithologists for

further processing. However, to save computational complexity and processing time only every

fourth frame is scanned for birds using a non-parametric motion filtering technique proposed by

Elgammal et al. in [147]. Similar to the background subtraction algorithm applied in [148], the

method uses a Gaussian Mixture Model (GMM) to distinguish moving objects from constant

background. Because the Gaussian distribution updates itself when a new sample comes in,
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periodic movements by branches or trees can be characterized by the model. Because this

technique alone would result in too many false positive detections due to cloud movements

and other non-periodic motions, temporal difference filtering is used to estimate the velocity of

detected objects in adjacent frames. Due to the fact that birds usually move a lot faster than

clouds, false positive detections can be ruled out to a certain degree. Although the approach is

rather simple, the authors found that during a long-term study of 310 days, where videos were

captured continuously, 99.9953% of the data to be sent to the ornithologists could be removed by

the proposed algorithm. However, because the system was designed to have a low false negative

rate still 96% of that data was due to false positive detections. Moreover, the authors were

unable to present a performance measure for the missed detections. Admittedly, Song et al.

tried to measure the false negative rate using a two hour video. However, no bird was missed by

the system in this single video file. Yet, because only every fourth frame is scanned thoroughly,

it is very likely that birds might be missed in the long run.

In 2012, Khorrami et al. published a paper in which they described a system for the detection

of multiple animal species in low frame-rate videos typically used by biologist to autonomously

gather camera trap videos in wildlife environments [149]. The authors applied a recently de-

veloped technique for foreground-background separation called Robust Principal Component

Analysis (RPCA) [150]. RPCA splits each frame of a video sequence in a low-rank matrix which

contains pixels of the background and a sparse matrix representing the foreground activity of

moving objects. An occurring animal is then isolated from the remaining foreground by calcu-

lating the local entropy for a small neighborhood around every pixel. While areas with similar

intensities usually have low entropy values, abrupt changes due to edges caused by the boundary

of the animal’s body correspond to high entropy. Since this procedure still results in a relatively

high number of false positive detections, the Large Displacement Optical Flow algorithm [151]

detects large changes of velocity by incorporating motion information. The region with the

highest amount of motion is considered to be the animal to be detected. Although the proposed

method achieves promising results on a realistic dataset of ten different animal species, a high

number of false positive detections occur in sequences with a high degree of background motion

caused by rain and snow for instance. Another major drawback of the approach is that only

one single individual at a time can be detected within a frame since only the candidate segment

with the highest motion is considered to be the animal.

A system for automatic detection and tracking of elephants in unconstrained wildlife videos

was recently proposed in [152]. Zeppelzauer et al. argue that current state of the art systems for

animal detection and tracking often explicitly focus on highly textured animals. However, for

animals with poorly textured skin such as elephants for instance other visual cues have to be be

investigated. Also shape features would be impractical for the detection of animals due to pose
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variation and partial occlusion in natural habitats. Therefore, the authors propose a method

that learns a color model of elephants from few labeled training samples. In a first step, a mean-

shift clustering algorithm [153] is used to extract spatial segments of the same color. Based on

labeled training data, a Support Vector Machine (SVM) is trained to distinguish background

color from foreground color in the LUV color space. However, as claimed by the authors, color

alone is a weak and unreliable feature for elephant detection since many objects in natural

environments have similar colors which leads to a unreasonably high number of false positive

detections. Figure 3.5 shows the results of the detection based on color alone. As can be seen,

many false positive detections occur in the background. To overcome this issue, the authors

efficiently exploit temporal information to significantly reduce the number of false positives.

Each initially detected segment is subject to a tracking algorithm based on the optical flow of

the segment’s pixels. Tracked segments are then joined into sets of coherent spatio-temporal

candidate segments, i.e. segments belonging to the same objects are connected. Based on a

number of extracted spatio-temporal features such as the tracking duration and changes of the

segment’s shape, the final decision of the appearance of an elephant is made. Since tracking

of segments establishes temporal relationships over several frames, missing detections can be

interpolated and tracking gaps are closed in a post-processing step.

(a) (b)

Figure 3.5.: Detection of a group of elephants in their natural environment using color information. (a)
Regions classified as animals are marked in red. (b) Remaining segments after removal of textured background
after detection. The few false positive detections are temporally not stable and can be removed later using
consistency constraints of the spatio-temporal information in the video material. Image source: [152]

The proposed system was evaluated on a realistic dataset of elephant videos gathered under

real-life conditions by biologists and achieved a high detection rate of 90% at a low false detection

rate below 5%. Since the approach is claimed to be insensitive to pose variation, changing lighting

conditions, and the number of individuals present in the video sequence, the authors did not

have any further requirements for the tested video material.
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However, researchers and gamekeepers often use infrared cameras in order to monitor animals

during night. Thus, no color information is available in such recordings. Therefore, a different

approach for initial object localization must be investigated in order to process gray-scale and

infrared footage as well.

As presented in this section, a variety of different approaches exist to reliably detect animals

in images and videos. Table 3.1 summarizes this section and compares the reviewed algorithms.

Category Reference Species Description Notes

Template Match-

ing

Kastberger

et al.

[97]

Honey

Bees

(body)

(1) 3D stereoscopic imag-

ing

(2) Analyzing basic be-

havioral patterns

(3) Detection and tracking

of individuals

(1) Sophisticated hard-

ware setup necessary

(2) Template matching

only achieves adequate re-

sults for species with non-

deformable bodies

Rigid Object De-

tectors

Burghardt

et al.

[105]

Lions

(faces)

(1) Viola-Jones AdaBoost

cascade

(2) Enlarged set of Haar-

like features

(3) Lukas-Kanade tracker

of interest points

(4) Basic locomotive be-

havior based on vertical

head movement

Behavioral analysis could

be improved by taking

spatio-temporal interest

points of the whole body

into account

Zhang

et al.

[108,

109]

Cat-like

animals

(faces)

(1) Jointly utilizing shape

and texture using different

alignment strategies

(2) Haar-like features and

gradients used as features

(3) Fusing the results of

separately applied detec-

tion models for final deci-

sion

(1) Extension of the algo-

rithm to detect not only

cats but also faces of cat-

like animals (tigers, chee-

tahs, pandas)

(2) Application restricted

to cat-like animals only
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Category Reference Species Description Notes

Kozakaya

et al.

[110]

Cats

(faces)

(1) Opposed to [108, 109]

different feature sets are

used to represent shape

and texture simultane-

ously

(2) Haar-like features and

AdaBoost for candidate

search

(3) CoHOG and linear

SVM for validation

(1) Outperforms approach

by [108, 109]

(2) Claimed to be more

generic than [108, 109]

Ernst

et al.

[113]

Great

Apes

(faces)

(1) Real-AdaBoost with

multiple classification

stages and increasing

feature complexity

(2) Gradient, structure,

and census features used

in different stages

(3) Multi-resolution

approach using image

pyramids

(4) Species classification

based on detection confi-

dences

(5) Face tracking in videos

using Kalman filters

(1) Suited for detection

in still images as well as

videos

(2) Tracking of detected

objects through video se-

quences

(3) Lacks robustness to

far-off frontal poses and

severe occlusion

(4) Used in this the-

sis as initial detection

and tracking algorithm for

subsequent identification

Miranda

et al.

[116]

Bumblebees

(body)

(1) Viola-Jones AdaBoost

implementation in combi-

nation with Haar-like fea-

tures

(2) Body tracking using

Gu-Tomasi tracker [117]

(1) Limited experimental

verification

(2) Treats insect bodies as

rigid objects due to non-

deformable bodies
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Category Reference Species Description Notes

Model-Based De-

tectors

Stahl

et al.

[118]

Horses

(head)

(1) Multiple 2D and 3D

sensors (RGB and infrared

cameras)

(2) Coarse head localiza-

tion using depth informa-

tion

(3) Fitting an ellipse-like

head model for refinement

(1) Used for detection in

livestock farms

(2) Constrained applica-

tion environment (head

has to point towards the

cameras)

(3) Sophisticated hard-

ware setup necessary

Ramanan

et al.

[119,

120]

Various

textured

animals

(body)

(1) Generalized unsuper-

vised object detector and

tracker

(2) Localization of can-

didate segments using

low-level texture detector

(parallel lines)

(3) Animal bodies are

modeled by a 2D kine-

matic chain

(4) clustering of segments

to identify body limbs

that are coherent over

time

(1) No species-specific de-

scriptors necessary for de-

tection

(2) Only one individual

has to be present in the

video

(3) System is designed for

highly textured animals

only

(4) Algorithm can be

seen as a generalized ob-

ject tracking system or

as source for appearance

model for detection

Parkhi

et al.

[124]

Cats

and dogs

(body)

(1) Based on DPMs as ini-

tial distinctive region de-

tectors

(2) Detected region is used

to learn species specific

low-level features

(3) Graph cuts [125] uti-

lized for final body seg-

mentation

(1) Approach outperforms

DPMs for detection of an-

imals

(2) Performance could be

further improved by incor-

porating further cues for

learned appearance model

Sandwell

et al.

[126]

Chimps

(faces)

(1) Three different detec-

tion models

(2) Integration of multi-

ple spatially distributed

DPMs

(1) Detection of non-

frontal and occluded faces

possible

(2) Not real-time capable

at that time
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Category Reference Species Description Notes

Local Keypoint

Detectors

de

Zeeuw

et al.

[129]

Sea Tur-

tles (head

region)

(1) Detection of local in-

terest points (SIFT [51])

at the ”pink spot“ located

on turtle’s head

(2) Basic SIFT-

matching [51] for identifi-

cation

(3) Verification based on

affine transformation and

gray-level pixel intensities

(1) Initial manual segmen-

tation of area of interest

necessary

(2) SIFT features mainly

used for identification

Burghardt

et al.

[130,

131]

Penguins

(body)

Lions

(face)

Zebras

(body)

(1) Initial detection of

interest points based

on eigenvalues of image

auto-correlation matrix

(see e.g. Harris corner

detection [127])

(2) Learning of species-

specific point-surround

classifier by extension

of Viola-Jones frame-

work [99]

(1) High detection rates

up to 96%

(2) False positive detec-

tions mainly caused by

highly cluttered back-

ground, hard shadows,

and cryptic resemblance

Motion-Based De-

tectors

Walther

et al.

[132]

Edington

et al.

[133]

Marine

animals

(body)

(1) Initial object local-

ization using background

subtraction

(2) Validation by detec-

tion of salient regions and

oriented edges

(3) Kalman filters for

object tracking

(4) Post-processing to

minimize number of false

positives

(1) Promising detection

results up to 80%

(2) As shown in [135],

more sophisticated

motion-based object

detection algorithms

may further increase the

performance
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Category Reference Species Description Notes

Spampinato

et al.

[134]

Marine

animals

(body)

(1) Comparison of several

motion-based object de-

tection algorithms

(2) Difference of motion

vectors and color fea-

tures to further eliminate

false positives in a post-

processing step

(3) Covariance-based

tracking

(4) Analysis of movement

patterns during typhoon

events

(1) Detection performance

of all algorithms decrease

significantly during storm

or typhoon events

(2) Behavioral analysis

only for groups of fish, not

for individuals

Wawerla

et al.

[144]

Grizzly

bears

(body)

(1) Background subtrac-

tion based on frame differ-

ences

(2) Extension of shapelet

features [145] to motion

shapelets in order to im-

prove detection perfor-

mance

(3) Sliding window ap-

proach used for final de-

tection

(1) High number of false

positive detections in clut-

tered regions and seg-

ments with high motion

(2) Detection is performed

in every frame

(3) Tracking algorithms

could increase the perfor-

mance in terms of speed

and accuracy

Song

et al.

[146]

Birds

(body)

(1) Motion filtering based

on GMM

(2) Elimination of remain-

ing false positives using

temporal difference filter-

ing

(1) Amount of data to be

manually analyzed by or-

nithologists could be de-

creased significantly

(2) Many false positive de-

tections caused by back-

ground motion

(3) Number of missed de-

tections remains unclear
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Category Reference Species Description Notes

Khorrami

et al.

[149]

Multiple

animal

species

(body)

(1) RPCA for foreground-

background separation

(2) Local entropy over

small regions in combina-

tion with large displace-

ment optical flow for re-

finement

(1) False positive detec-

tions caused by high de-

gree of motion due to rain

or snow

(2) No restriction to a cer-

tain species

(3) Only a single animal

in each frame can be de-

tected

Zeppelzauer

et al.

[152]

Elephants

(body)

(1) Learned color model

and SVM for foreground-

background color classifi-

cation

(2) Optical-flow based

tracking

(3) Post-processing to

decrease number of false

positives

(1) Algorithm is claimed

to be insensitive to pose

variation, lighting, and

number of individuals

(2) Algorithm would fail

for gray-scale and infrared

video footage

Table 3.1.: Overview of state-of-the-art algorithms for animal detection in images and video footage.

Tracking and Behavioral Analysis of Animals

Besides the pure detection of animals in image and video footage, the field of Visual Animal

Biometrics also offers the possibility to automatically analyze specific behavioral patterns of cer-

tain species. Although usually bound to controlled environments, sophisticated spatio-temporal

features combined with state-of-the-art machine learning approaches can help to automatically

recognize behaviors of mice for instance [154, 155]. As done in [148], Serre et al. use the im-

plementation of Stauffer and Grimmson’s GMM-based background subtraction algorithm [156]

to initially detect captive mice. After detection, Serre et al. provide a neuro-biologically mo-

tivated computer vision algorithm for automated analysis of complex mouse behaviors. The

algorithm is based on earlier work by the same authors [155] which uses a hierarchy of position-

invariant spatio-temporal feature detectors with increasing complexity. Even for minute move-

ments which are typical for mice, a combination of gradient based features, optical-flow based

descriptors [157], and space-time oriented Gabor filters [158] as well as a multi-class Support

Vector Machine (SVM) for classification achieves excellent recognition results on eight differ-

ent behaviors such as drinking, eating, grooming, walking, etc. Moreover, several studies have
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been conducted to analyze the behavior of social insects in captive environments, more specif-

ically ants [159] and bees [160, 161]. The basic assumption of most state-of-the-art tracking

algorithms is that targets maintain their behavior, e.g. velocity and direction, before and after

interaction with other objects. However, when it comes to tracking of animals, this assumption

does not hold because animals often do not act independently. To overcome this limitation,

a framework for tracking multiple interacting ants has been proposed by [159] in 2004. Kahn

et al. extended a joint particle filter by including a more sophisticated motion model that re-

flects additional complexity of the behavior of multiple interacting targets. Also the study of

communication forms in bees has received much attention in recent years [160, 161]. Oh et al.

[160] introduced a Parametric Switching Linear Dynamic System (P-SLDS), an extension of the

method proposed in [162], for the description of complex temporal patterns. They applied this

algorithm to automatically label and interpret characteristic movements of honey bees. They

use the particle filter based tracking algorithm proposed in [163] to extract the trajectories of

tracked bees. An Expectation-Maximization (EM) algorithm [164] is used to learn the neces-

sary P-SLDS parameters from the obtained trajectories to distinguish between three movement

patterns of the so-called waggle dance, a form of bee communication which takes place in hives.

Inspired by this work, Veeraraghavan et al. published their work on shape and behavior en-

coded tracking of bee dances in [161]. In contrast to the work by Oh et al. [160], the position

and orientation of bees are explicitly parametrized using a shape model. Motion behaviors are

classified using a hierarchical Markov Model similar to those used in [165]. Furthermore, while

Oh et al. treat tracking and motion classification as two completely independent processes the

approach by Veeraraghavan et al. enables simultaneous tracking and behavioral analysis. This

aspect enhances the tracking accuracy while at the same time enables accurate interpretation

of behaviors. Other attempts to automatically analyze the behavior of animals include mam-

mals [166, 105], birds [167, 168] as well as fish [134]. While the three latter studies only consider

the behavior of flocks of birds or groups of fish rather than the motion activity of an individual,

Gibson et al. analyzed the quadruped gait of individual animals in [166]. A sparse set of tracked

points provided motion signatures that were used to determine the presence of an animal and

subsequently classify basic movement patterns. A rather simplistic approach for behavioral in-

terpretation was used by Burghardt et al. in [105], where the vertical trajectories of detected

and tracked lion faces were used to classify basic locomotive activities such as walking, trotting,

or standing.

Although the proposed algorithms provide first approaches for behavioral recognition of an-

imals, the development and thorough evaluation of algorithms capable of accurately and ro-

bustly recognizing more complex behaviors under natural real-world conditions remain to be

implemented.
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3.2.2. Animal Identification and Species Recognition

After successful localization (either manually or automatically) of animals in images or videos one

of the most common animal biometric applications is the identification of individuals. According

to [85] identification is the process of retrieving the identity of an unknown test sample by

matching visually unique features to a set of known biometric profiles. Often, invasive methods

for individual identification of animals such as branding, ear tags, microchip implants or leg

rings, have been used and are still being used for animal monitoring. However, as stated earlier,

such intrusive techniques generally involve severe interaction with animals, including capture

and handling, which often leads to modified behavior and physiology [169] as well as affection of

activities and relationships to other animals [170]. Moreover, it is documented in several studies

that artificial tags for identification can cause permanent pain [91, 92] and might even affect

survival of marked animals [171, 29, 30, 31].

As a consequence, researchers started to develop non-invasive techniques for animal identifi-

cation. As stated by Kühl and Burghardt in [85], early methodological work for identification

of animals based on distinctive body markings dates back to the mid-1900s. A large and still

increasing number of long-term studies of mammals have shown that natural markings can be

utilized to identify individuals of several species including zebras [172], giraffes [173], lions [174]

and many more. Especially within the marine animal observation community visual comparison

of naturally occurring notches in flukes or dorsal fins have been used for individual identifi-

cation [175, 176, 177, 178]. Although these methodologies paved the way towards objective

identification by means of phenotypic appearance, manual comparison of visual markings were

error prone, extremely time consuming and therefore not applicable for large datasets. Due to

the increasing number of keen digital recording devices and the great progress in the field of

automated pattern recognition over the past two decades, recently a lot of effort has been put

into the development of automatic techniques for animal identification. Nowadays, a number

of innovative (semi-)automatic software tools such as Wild-ID [179], HotSpotter [180], Photo-

ID [181, 182], MantaMatcher [183], StripeSpotter [184], or Sloop [185] are available to assist re-

searchers with tedious annotation work. While some methods are species specific e.g. [184, 183],

others are not limited to a certain species and are able to recognize patterned animals in general,

e.g. [179, 181, 182, 185].

Although primarily developed to identify free-living animals in natural habitats, recently non-

invasive methods for cattle recognition has entered livestock breeding. For instance methods for

automatic analysis of muzzle prints [186, 187, 188] or iris pattern [189, 190] have recently been

proposed to replace more traditional methods for cattle identification to maintain a livestock. A

thorough literature review and discussion about the use and abuse of traditional methods and

biometric techniques for animal identification in livestock farms can be found in [191].
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This chapter reviews the literature published in the field of non-invasive animal identification

with a primary focus on recognition in natural settings and wildlife habitats. Techniques for

computer-assisted animal identification can be classified into three main categories: Contour-

Based methods, Pattern-Based approaches, and techniques based on Face Recognition.

Another interesting application of Animal Biometrics is automatic species classification of the

previously detected animal. Such approaches have recently gained huge interest within the com-

puter vision community due to their wide applicability in biodiversity monitoring. At the end of

this chapter a comprehensive overview of existing methods for automatic species classification

is given.

Contour-Based Methods

Many species, especially marine mammals such as dolphins, sea lions or whales, can be uniquely

identified by markings on their flukes or dorsal fins [192, 193]. Such notches are often caused by

bites or other interactions with conspecifics, predators or humans and once acquired are often

permanent over time [192, 194]. Thus, the presence of such marks for reliable photo identifi-

cation has been used by marine biologist for over two decades. However, manual inspection is

time consuming, subjective, cumbersome, and becomes impractical for large datasets. There-

fore, a considerable amount of literature has been published on contour-based computer vision

algorithms to automate this process.

One of the first studies of computer-assisted identification of bottlenosed dolphins in images

was published by Hillman et al. in 1998 [195]. At that time user-interaction was required to

interactively label the region of interest, align the images for comparison, and identify the tip

of the fin. The authors proposed two techniques to represent the fin edge. The first is based

on affine-invariant Fourier descriptors originally developed by [196]. For the second method,

a smooth approximation of the curvature was generated by fitting a fourth-degree polynomial

to the boundary of the dorsal fin. Normalized peak positions with respect to the tip of the

dorsal fin as well as the width and height of the localized peaks serve as descriptors. However,

a conclusive evaluation to compare the proposed features against each other and to show their

effectiveness on suitable datasets was not performed by the authors.

In 1999, Kreho et al. [197] proposed a computer-assisted method to extract the so called

dorsal ratio, a measurement commonly used by marine biologist for manual identification of

dolphins. The dorsal ratio is defined as the ratio of distances between the tip of the fin to the

two largest notches [193] (see Figure 3.6). The result of the Laplacian-Of-Gaussian (LoG) edge

detector [198] serves as a pre-processing step for the subsequent active contour model [199], a

well known technique for smooth curvature fitting and conformation of contours.
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Although less user-interaction is required compared to the method proposed by [195], the start

and end point of the fin’s edge has to be selected manually to speed up processing time and

to guarantee convergence of the algorithm at different scales. Once the spline curve has been

fitted and an appropriate scale has been found, the dorsal ratio can be calculated by taking the

most prominent maximum (the tip of the dorsal fin) and minima (the two largest notches) of

the curvature function into account. Figure 3.6(a) shows a typical photo of a dolphin’s fin with

notch patterns on the trailing edge, while 3.6(b) illustrates the calculation of the dorsal ratio

based on the extracted curvature.

(a) (b)

Figure 3.6.: A typical photograph of a dolphin’s dorsal fin before and after edge detection. (a) The
prominent notches on the trailing edge are often used by biologists to distinguish between individuals. (b)
After edge detection and curvature fitting, the dorsal ratio (DR) is defined as the ratio of distances between
the tip of the fin and the two most prominent notches: DR= (A to B)/(B to Tip). Figure adapted from [200].

On a dataset of 296 images of 94 individual the authors showed that the proposed algorithm

is comparable and even slightly better that manual analysis of the images by non-experts, while

the processing time is drastically reduced up to a factor of 15. However, the authors also argue

that for a reliable identification the dorsal ratio alone is not enough and additional features have

to be taken into account. Therefore, the proposed method is only suitable to narrow down the

search by presenting a ranked list of possible identities.

An extension of the above mentioned methods was presented in 2000 by Araabi et al. in [200].

As done in the the study of Kreho et al. [197], the LoG edge detector as well as the subsequent

active contour model is used to get a smooth approximation of the fin’s curvature. In addition

to previous algoritms however, Araabi et al. propose to extract additional attributes from the

trailing edge of the dorsal fin. A curvature function can be seen as a sequence of positive

and negative areas separated by zero crossings of the curvature. These primitives can then be

labeled with low-level rotation and translation invariant attributes such as area, length, width

and height. Hence, a representation of the approximated curvature function can be extracted and

compared with descriptors in the dataset. Therefore, unlike the dorsal ratio used in [197], the
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proposed feature vector reflects not only the two most prominent structures but all significant

curvature elements that are useful for identification. The proposed algorithm shows superior

performance on a dataset of 624 images of 164 manually identified individuals over previously

published algorithms and outperform the approaches proposed in [197] and [195]. Although the

developed computer-assisted method for dolphin identification shows encouraging results and

can therefore support marine mammalogists with tedious routine work, a significant amount

of user-interaction is still required. Therefore, the average processing time to get a matched

individual is with about 5 minutes per image relatively long. Moreover, although the proposed

curvature attributes are invariant against rotation and translation, they cannot suitably cope

with affine transformations which are often present in image datasets gathered under realistic

conditions.

To address the problems resulting from out-of-plane rotations, Gope et al. proposed an affine

invariant curvature matching strategy in [201]. The extraction of the curve of an animal’s body

is achieved by first applying an interactive semi-automatic edge detection paradigm proposed

in [202]. Subsequently, a spline curve is fitted to the detected edge in order to approximate

the curvature. A matching strategy between a query and a database curvature is then applied

by first using an appropriate affine transformation such that both curves overlap as much as

possible. The mismatch area between both aligned curves serves as a distance measure which

is exploited to calculate a ranked list of possible identities. The authors evaluate their algo-

rithm on three different databases of marine mammals, namely sea lions, dolphins, and gray

whales. The performance statistics suggest that the proposed method is capable of considerably

reducing the number of images to be searched manually for all three datasets. However, in-

stead of benchmarking against previously developed identification tools (e.g. [195, 197, 200]) the

authors compare their algorithm to other affine invariant curvature matching strategies. There-

fore, the benefit of the proposed algorithm over traditional software tools for marine mammal

identification remains unclear.

Although contour-based recognition methods were mainly developed for marine mammals,

Ardovini et al. adopted these ideas for elephant photo identification. Based on the assump-

tion that elephants carry individually characteristic nicks in their ears, the authors proposed

a computer-assisted semi-automatic tool for elephant identification in [203]. Unlike previously

published algorithms for contour-based identification, the proposed method is robust to partial

occlusion because identification is based on matching non-connected curve sets. However, a

significant amount of user-interaction is still required. First, a set of reference points is needed

in order to approximately define the elephant’s head position, orientation and scale (see Fig-

ure 3.7(a)). After applying the canny-edge detection algorithm [204], a second user feedback is

required to find the start and end point of for each nick in the elephant’s ear. Figure 3.7(b)
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shows the detected nicks that are subsequently used for identification on an example image.

(a) (b)

Figure 3.7.: Example profile image of an elephant’s head. (a) The user has to manually select a number of
reference points (a-d) in order to define the elephants head location, orientation, and scale. (b) Detected ear
nicks are marked as white lines. The proposed method is robust to partial occlusion since non-connected curve
sets are matched. Figure adapted from [203].

The actual matching strategy is based on two main steps. First, global matching achieves a

subset of curves having consistent locations with respect to the keypoints selected by the user.

Secondly, each valid global match is locally verified by pair-wise comparison of their shapes.

For testing and evaluation the authors used a set of 532 images of 268 different individuals

achieving promising results. The probability that the correct individual is among the first 5

photos proposed by the system is about 75%.

Contour-based methods have been used successfully by biologists and marine mammalogists

to identify dolphins, whales, sea lions, and even elephants based on individually characteristic

notches in flippers, flukes, dorsal fins or ears, respectively. Unfortunately, due to cluttered

background, difficult lighting conditions and other challenges in real-world environments often

a significant amount of user-interaction is required in order to achieve sufficient accuracies.

Although most authors state that distinctive edges on animal bodies are permanent and stable

over time, other studies have revealed that fluke and dorsal fin features can undergo severe

changes over time [205]. Moreover, contour-based methods can only be applied to a small

number of animal species with individual distinctive edge features on their bodies. However,

many animals carry prominent visual markings, commonly known as coat patterns, on areas

of their body surface. These markings are often unique and complex enough to distinguish

individuals of a population [206].
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Pattern-Based Methods

Pattern-based methods for computer-assisted animal identification exploit naturally evolved

individually distinctive markings on fur or skin of coat patterned animals to implement automatic

procedures. The purpose of these methods is to extract a compact and unique representation of

the animal’s body texture which can be compared to extracted descriptors of known individuals

in a database. Pattern-based identification techniques can be subdivided into dense pattern-

based identification schemes and sparse texture comparisons [130].

Dense Pattern-Based Methods Dense pattern-based identification algorithms aim at extract-

ing individually distinctive image features based on a global representation of the animal’s body

texture. Dense features are exploited to classify the identity of animals within a population of

conspecifics. Due to the fact that most animal bodies are flexible entities, i.e. the shape of the

bodies and imprinted coat patterns can change their appearance over time depending on the

animal’s posture, dense sets of features are usually extracted at a particular region of interest

(ROI) which can reduce possible deformation of texture. However, often an additional alignment

step is necessary in order to achieve comparability of textures over the dataset and thus decrease

intra-class variability.

One of the pioneering works of dense pattern-based methods for animal identification was

published in 1990 by Hiby and Lovell [181]. The system exploits pelage markings on the head

and neck of gray seals for identification. To compensate pose variations, a pre-calculated 3D

surface model of a gray seal’s head is projected onto the image and fitted to the outline of

the animal. Manual initialization of three keypoints is necessary in order to accurately fit the

model to each new photograph. After the model is fitted, the user is asked again to adjust

the model in order to refine the result. The numerical descriptors within a pattern cell, a sub-

region of the fitted 3D model, are simple gray-scale intensities. The similarity between different

identifier arrays is defined as the correlation coefficient between corresponding elements. The

same 3D matching system was successfully used and tested by Kelly in [207] to identify Serengeti

cheetahs in wildlife photographs. A major drawback of the proposed system is the simplicity

of the features used for identification. Simple grey-scale pixel intensities are highly susceptible

to different lighting conditions and lack discriminative power to reliably distinguish individual

animals. Therefore, later these ideas were extended by Hiby et al. to identify tigers by means

of distinctive stripe patterns on the animal’s fur [182]. Again a 3D model is fitted to the

deformable body based on manually defined keypoints, which allows comparing coat patterns

across changing camera angles and postures (see Figure 3.8).

The results of two different complementary feature sets are combined for identification. The

posterior probability that the patterns are from the same individual given the scores of both
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Figure 3.8.: An example image of a camera trap showing a tiger. A 3D model is fitted based on manually
defined keypoints. The red and blue points denote the upper and the lower bound of the animal’s body, while
the yellow spots show the landmark points defined by the user in order to place the model into the scene. The
texture within a region of interest defined by the fitted 3D model is then aligned and features are extracted
(lower right corner of the image). Image source: [182]

matching strategies are utilized for decision-level fusion. As in the previous studies, a ranked

list of possible identities has to be inspected manually by the operator. By now the proposed

identification tool has been extended to several species including sharks, zebras, lynx, and many

more.2 Although the Hiby-Lovell system has proven itself successful for a variety of different

species [207, 208], one drawback of the system is the requirement of intensive user interaction

to accurately fit the surface model to new images. This procedure is not only tedious and

time consuming for large datasets but could also introduce subjectivity when different users are

involved.

Although the majority of techniques available for marine mammal identification are curvature-

based methods, a growing amount of literature investigates the feasibility of natural patterns

on the fluke of whales to distinguish between individuals. Black and white patches on the

flukes of humpback and gray whales constitute unique features that are useful for identification.

One of the first approaches for dense-pattern based identification of whales was presented by

Kehtarnavaz et al. in [209]. A semi-automatic edge detection algorithm developed by [202] was

used as a pre-processing step to segment the fluke area from the background. Otsu’s method for

optimal thresholding [210] was subsequently adopted to obtain a binary image of dark and light

patches. Afterwards, Affine Moment Invariants (AMI), first derived by Flusser and Suk [211],

are extracted from the binary image patches and used as individual representation. Since these

features are robust to affine transformations such as translation, rotation, scaling, and skewing

an additional alignment step is not necessary in this case. The final matching is finally done

2http://www.conservationresearch.co.uk/. Last visit: December 10th, 2013

http://www.conservationresearch.co.uk/
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by a minimal euclidean distance measure between the unknown test sample and all samples

in the gallery. On a dataset of 38 individuals it has been shown that the proposed technique

outperforms the contour-based method by Araabi et al. in [200]. An improved version of the

proposed dense pattern-based algorithm was presented in 2004 by Gope et al. in [212]. The

feature extraction method based on Affine Moment Invariants was replaced by so called Zernike

Moment Invariants (ZMI), a set of orthogonal polynomials defined on the unit disc which have

been shown to perform well in image recognition tasks [213]. Furthermore, the authors propose

to use Linear Discriminant Analysis (LDA) to transform the extracted feature vectors into a

smaller, more discriminative subspace. Similar ideas for whale identification based on dark

and light patches on their flukes have been discussed by Ranguelova et al. in [214]. However,

their approach differs in the utilized methodology. Instead of extracting affine invariant image

descriptors, the authors of [214] propose to construct a grid that is semi-automatically fitted to

the fluke based on three manually selected keypoints. This grid divides the fluke into small but

affinely invariant regions. After applying Otsu’s optimal thresholding algorithm [210] to obtain

a binary image, the relative contribution of black and white patches in every grid cell serves as

feature. After concatenating the descriptor of every region, the final feature vector for the query

fluke can be compared with the extracted features in the database by using a simple Euclidean

distance based nearest-neighbor classifier. The authors extended this approach in [215], where

salient patterns are characterized by fitting an ellipse to every detected patch. Each pattern

is therefore represented by the four extrema points of the fitted ellipse and the position of the

grid cell it is located in. By combining the approaches presented in [214] and [215], the system’s

robustness to different image quality levels could be improved significantly.

Although the evaluation results for all three studies indicate that the number of images which

have to be manually searched by an expert can be significantly reduced, still a significant amount

of user-interaction is required in order to reliably segment the fluke from the background. More-

over, for low resolution images and photographs with insufficient contrast, small patches on

the whale’s flukes are often missed during the pattern detection stage which hampers correct

classification in some cases.

Due to their obvious visual stripe patterns which are comparable to a human fingerprints,

computer vision algorithms have also been developed to identify individual zebras. One of

the first approaches for non-invasive automated recognition of zebras in field photographs was

proposed by Krijger et al. in [216, 217]. Based on six manually defined keypoints, a number of

pre-processing steps including de-interlacing, smoothing, and block-wise adaptive binarization

within a region of interest is performed in order to enhance the image quality. Subsequently, a

method called sequential thinning [218] was applied to obtain a skeletonized version of the stripe

patterns. Krijger et al. compared several different matching strategies ranging from simple image
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overlay techniques to methods commonly used for biometric identification of human fingerprints.

However, stripe patterns of zebras contain less information than a human fingerprint. Therefore,

a number of empirical measures such as curvature score, slope score, as well as intersection point

correlation were recorded for comparative analysis. In 2011, Lahiri et al. presented another

system for individual zebra identification called StripeSpotter3 in [184]. As in the study by

Krijger et al. , the procedure of the proposed method starts with a manual selection of a region

of interest (see Figure 3.9(a)). After binarization a simple but effective animal coat feature

called StripeCode is extracted. As claimed by the authors, this feature is not only easy to

implement, but is also invariant to scale, exposure, partial occlusion, and mild skew. A dynamic

programming algorithm based on the work of [219] is utilized to compare the descriptors of

two images. Figure 3.9(b) shows the extracted StripeCode of an example image as well as the

comparison of two extracted descriptors of the same zebra.

(a) (b)

Figure 3.9.: A field photograph of zebras and the extracted StripeCodes. (a) First, the user has to
manually define a ROI before StripeSpotter can extract unique descriptors for matching. (b) Red blocks of
the left StripeCode are matched to blocks of the right StripeCode extracted from two images of the same
zebra. Brighter colors indicate low matching costs while dark colors represent blocks with a high cost. Image
source: [184]

The interested reader is referred to [184] for details. Although the evaluation results show

the effectiveness of the algorithms proposed by [216] and [184], manual ROI selection can be

extremely tedious for large datasets. However, as shown by Burghardt in [131, 130], this process

can be further automatized using local keypoint detection methods (see section 3.2.1 for details).

Not only mammals carry individually characteristic natural markings on their bodies. Also

a variety of amphibian species such as salamanders, newts, and frogs can be recognized by

exploiting unique visual traits on their skin for computer-aided identification. Because recog-

3http://code.google.com/p/stripespotter/. Last visit: December 10th, 2013

http://code.google.com/p/stripespotter/
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nizing individual amphibians is an important step in assessing migratory patterns in ecological

studies, Ravela and Gamble suggested one of the first approaches for automated identification

of marbled salamanders in [220, 221]. To reliably segment the body of salamanders, they are

photographed at field sites by placing them in a custom enclosure with diffuse lighting and con-

stant background during acquisition. Due to the flexible nature of salamanders, the segmented

body has to be virtually straightened in order to align the patterns throughout the dataset.

This is done by manually annotating a series of points along the dorsal midline of the body. By

interpolating between those points, a smooth curve that outlines the shape of the body can be

fitted and then warped onto a straight line. Secondly, the user is asked to select four pre-defined

keypoints on the straightened salamander to approximate the mid-section of the body. Inspired

by ideas of [222, 223, 224, 139] the authors propose to represent the local structure of the image

by applying a set of multi-scale Gaussian Derivative Filters (MGDFs). The extracted features

are then composed into shape and orientation histograms over several scales withing overlapping

windows along the length of the salamander in order to get a compact multi-scale appearance

representation. The normalized cross-covariance between the obtained query histogram and

each database histogram vector is utilized as similarity measure. On a self-established database

of 370 images of 69 individuals impressive results were achieved, where approximately 91% of

the query images were ranked at the top 5 individuals proposed by the system. These results

were confirmed and even improved in a follow-up study by the same authors on a larger dataset

containing 1008 images of 366 individuals. These ideas were recently incorporated together with

other state-of-the-art computer vision algorithms into an individual identification system based

on interactive image processing and matching with relevance feedback from crowdsourcing called

MIT SLOOP [225, 185]. This image retrieval system for Visual Animal Biometrics is therefore

one of the first collaborative community-based frameworks that can be used by biologists for

conservation planning. As yet, it has been applied to a variety of different patterned species

including skinks, whales, and marbled salamanders.

In 2011, a preliminary study for computer-aided identification of newts was presented by

Hoque et al. in [226]. The belly of newts displays distinctive patterns of dark spots which can

be used for identification. Again, a significant amount of user interaction is required to align

the textures on highly deformable bodies. Therefore, the operator has to manually select six

keypoints on the outline of the animal’s body. A cubic spline curve is subsequently fitted to

these point to selected the region of interest which is then stretched to fit a predefined rectangle

to align the texture. Figure 3.10 illustrates the interactive alignment process.
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(a) (b) (c) (d)

Figure 3.10.: Texture alignment for the identification of newts. (a) Six keypoints on the outline of the
newt’s body have to be selected by the operator. (b) The manually defined ROI is subsequently stretched to
fit a predefined rectangle of fixed size. (c) A spline curve is fitted to the defined keypoints and therefore defines
the ROI. (d) The aligned texture of a newt’s deformable body. Image source: [226, 227]

In order to match the images of two newts, the corresponding ROIs are compared using the

correlation coefficient of the vectorized gray-scale intensities. Since the comparison of simple

gray-scale pixel values is extremely susceptible to numerous extrinsic factors such as lighting,

noise or image artifacts, the approach was extended by Azhar et al. in [227]. The authors pro-

pose to utilize multi-radii normalized Local Binary Patterns (LBP) histograms [50] as compact

and meaningful representation of newt patterns. LBP histograms are well-known features that

have been proven to be robust descriptors for texture representation and classification due to

their discriminative power and robustness to various image variations. As done in the original

work by [50], the chi-squared distance metric between two histogram sequences is used for match-

ing. As expected, the proposed approach outperforms the system proposed by [226]. However,

although images were acquired in relatively controlled environments, still a lot of manual pre-

processing is required by both systems in order to align the body textures and achieve adequate

results on real-world datasets.

A completely autonomous system for frog identification was recently proposed by Cannavò

et al. in [228]. Photographed in a controlled environment with constant background, a partic-

ular part of the frog’s body is first detected using Otsu’s binary thresholding scheme [210] in

combination with a number of standard morphological operations. The second order statistics

of the largest resulting area - which is supposed to be the frog’s body - are used to calculate

the orientation of the frog. A normalized region on the frog’s backside is subsequently chosen

for feature extraction since this area is less effected by body deformations. Different low-level

features are exploited to get a characteristic representation of the body’s texture which can later
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be used for identification. The experiments indicate that a low-level texture descriptor called

granulometry [229], a measure of size distributions of grains in binary images, is well suited to

identify frogs based on their body patterns. However, experiments were performed on a dataset

consisting of 60 different individuals with only a single picture per frog. To get a sufficiently

large dataset a number of different modifications have been applied to every image. Although

the proposed algorithm shows excellent results with over 96% accuracy, experiments were per-

formed on an artificial dataset which reflects the conditions of natural settings only to a certain

extend.

The success of the above envisaged automated dense pattern-based animal identification tech-

niques shows the potential of naturally occurring markings for the recognition of individuals.

However, using dense texture descriptors on unaligned data contents a high risk of false classifi-

cations due to misinterpretation of patterns before matching. Therefore, due to the challenging

task of automatically aligning textures gathered in real-world environments almost all dense

pattern-based approaches rely at least partly on human interaction. Although researches have

been making great efforts to reduce the amount of human interaction, especially for large datasets

manually selecting a number of reference points for every image in a database is not only time

consuming and tedious but also prone to errors due to tiresome routine work. To overcome

these limitations, a significant amount of literature has been published on sparse pattern-based

methods for animal identification. Based on the fact that sparse, localized features on the two

dimensional surface of patterned animals can provide a great wealth of information, descriptors

are calculated only around a restricted area of automatically detected keypoints to construct

biometric profiles. Thus, an additional alignment step is often not necessary for sparse pattern-

based identification techniques.

Sparse Pattern-Based Methods Inspired from the success of local keypoint methods for object

localization, recognition, and matching, a large amount of literature has been published that

adapt such sparse pattern-based techniques for animal identification. The main idea of sparse

pattern-based computer vision algorithms such as Scale-Invariant Feature Transform (SIFT) [51]

as well as its extensions and variants [52, 230, 231, 232, 233] can be summarized as follows:

1. Detect distinctive keypoints in an image using an interest operator in scale-space;

2. Represent the image patch surrounding each interest point using a local descriptor that is

invariant to expected transformations and

3. Store each keypoint descriptor for efficient matching of interest points across images.
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One advantage of sparse pattern-based methods is their invariance to uniform scaling, orienta-

tion, and partly even small affine transformations. Therefore, the necessity of texture alignment

- which is a crucial pre-processing step for dense pattern-based methods - does not apply if

keypoint descriptors are used for matching.

One of the first studies that adopted SIFT or SIFT-like features to automatically distinguish

between different individuals was published by Pauwels et al. in 2008 [234]. The authors apply

the SIFT detection, description, and matching procedure proposed by Lowe et al. in [51] to

the so called ”pink spot“ on the head of leatherback sea turtles. This area carries individually

distinctive markings which are commonly used by biologists to identify individuals by eye. Later

Zeeuw et al. extended these ideas in [129]. In addition to pure SIFT matching, Zeeuw et al.

proposed to refine the results by checking the cross-correlation coefficient of a number high-

contrast regions on the query image and an transformed version of a possible match. Although

the results confirm the effectiveness and accuracy of the proposed system, the ”pink spot“ has

to be selected manually for every image which might be tedious and time consuming for large

datasets.

Three of the most widely acclaimed tools available for sparse pattern-based animal identi-

fication are Wild-ID [179], HotSpotter [180], and MantaMatcher [183]. In 2012, Bolger et al.

developed a stand-alone cross-platform pattern extraction and matching application for mark-

recapture analysis called Wild-ID4 [179]. The system is based on an open-source Java imple-

mentation of Lowe’s SIFT feature detector and descriptor [51]. Due to the robustness of SIFT

against scale changes, rotation, and different lighting conditions no particular pre-processing

step is necessary. However, since a brute-force candidate matching of all detected features of

the query image and all training images is employed, the authors state that cropping the region

of interest beforehand is highly recommended in order to minimize the influence of background

clutter. To further improve the performance of the original SIFT matching approach, Bolger

et al. additionally exploit a modified version of the RANSAC algorithm [235] to find a geomet-

rically self-consistent subset of the keypoints previously matched. Three candidate matches are

randomly chosen from the test image. By searching for a corresponding triangle with similar

geometry in the reference image, matched keypoints can be further verified. The proposed soft-

ware package was evaluated on a self-established dataset of 50 giraffes by presenting a ranked

list of the 20 most probable individuals. Measured error rates of the extended SIFT matching

algorithm were very low and first mark-recapture studies on a population of giraffes based on

Wild-ID were promising. To date, Wild-ID has been successfully applied to other patterned

animals such as salamanders [236] and wildebeests [237].

4http://software.dartmouth.edu/Macintosh/Academic/Wild-ID_1.0.0.zip Last visit: November 23rd, 2013

http://software.dartmouth.edu/Macintosh/Academic/Wild-ID_1.0.0.zip
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Recently, Crall et al. presented a framework called HotSpotter5 for individual identification

of animals in [180]. Similar to Wild-ID, the system is not limited to a certain species and

employs state-of-the-art algorithms for local keypoint detection and description. Although SIFT

features are employed as well, a number of modifications were proposed which eventually lead to

a more accurate and robust identification system. Moreover, the authors propose significantly

improved strategies for matching two images (one-vs-one matching) as well as for matching a

query image against the entire database (one-vs-many matching). The one-vs-one matching

approach is comparable to the strategy applied in Wild-ID. However, instead of the brute-force

matching paradigm used in [179], Crall et al. propose to build a forest of kd-trees [238], a data

structure that organizes data points in k-dimensional space. This procedure not only speeds

up the matching process but also improves its accuracy. For the one-vs-many strategy, the

authors adopt a matching algorithm called Local Naive Bayes Nearest Neighbor (LNBNN),

originally proposed by [239] for image classification. For details the interested reader is referred

to [239, 180]. HotSpotter was successfully tested for a variety of species including zebras, jaguars,

giraffes, and lionfish. Figure 3.11 shows a number of images that were correctly matched by

HotSpotter.

(a) (b) (c) (d) (e)

Figure 3.11.: A variety of images of different species that were correctly matched by HotSpotter. (a)
Giraffe, (b) Jaguar, (c) Lionfish, (d) Grevyzebra, and (e) Plain zebra. Image source: [180]

On average about 98% of the correct individuals were among the first five identities proposed

by the system. Therefore, it consistently outperforms the Wild-ID system developed by Bolger

et al. in [179].

Another application of SIFT features was recently presented by Town et al. in [183]. The

authors developed a framework called MantaMatcher6 to identify manta rays by means of sparse

pattern-based recognition methods. Unique natural spot patterns on the ventral surface area of

mantas are utilized for identification. As in Wild-ID and HotSpotter, user interaction is required

5https://github.com/Erotemic/hotspotter Last visit: November 23rd, 2013
6http://www.mantamatcher.org/ Last visit: November 23rd, 2013

https://github.com/Erotemic/hotspotter
http://www.mantamatcher.org/
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to select a region of interest before keypoints and descriptors are extracted. A number of auto-

matic image enhancement techniques are applied before feature extraction using a combination

of median filtering and Contrast Limited Adaptive Histogram Equalization (CLAHE) [240] to

remove noise and normalize lighting. Town et al. enhance the original SIFT matching approach

by considering only features if the distance between the nearest neighbor and the second nearest

neighbor is above a certain threshold and if keypoints were detected in a similar scale. Therefore,

this procedure implicitly takes the size of the spot patterns into account. Town et al. compared

their approach to other SIFT-like descriptors such as SURF [52] and ORB [230]. However, on a

self-established dataset which consists out of 720 images of 265 manta-rays, SIFT in combina-

tion with the proposed pre-processing techniques and enhanced matching procedure outperforms

SURF and ORB with a rank-1 recognition rate of approximately 51%. Despite the fact that all

three systems perform well for a variety of patterned species, still human interaction is required

to specify an image region which ideally contains only the animal of interest. However, as shown

in Section 3.2.1 a variety of algorithms exist that are capable of reliably detecting the body of

animals and even regions of interest on their bodies under real-world conditions.

While SIFT-like descriptors are solely based on gradient magnitudes and directions around

certain points of interest, the information provided by the relative spatial positions of spot

patterns on the body of animals is usually not taken into account. Therefore, researchers also

adopted and developed sophisticated algorithms which explicitly exploit the spatial relationship

between keypoints. One of the first implementations of a pattern-matching algorithm by means

of spatial configurations of spot patterns was developed by Arzoumanian et al. in [241]. The

authors adapted a computer vision algorithm originally developed by [242] for the astronomical

community in order to compare stellar patterns of the night sky. Every combination of triplets of

detected points within an image describes a triangle with particular scale and rotation invariant

geometric properties. To compare two images of whale sharks, first all possible triangles within

a query and reference image are formed. Subsequently, geometrically similar pairs of triangles

are identified by comparing the extracted geometrical properties such as angles between vertices

and relative side lengths. Repeating this procedure for every query-reference pair, images of

individuals in the dataset can be ranked and eventually be reliably identified. Figure 3.12

illustrates the proposed matching procedure for an example image of a whale shark.

However, due to various image distortions such as noise, obscuration, reflected sunlight, and

compression artifacts, detection of white spots on the surface of whale shark bodies requires

a significant amount of manual interaction which according to [241] takes about ten minutes

per image. However, it was shown that the proposed algorithm has a very low false positive

rate while false classifications are mainly caused by large pose variations. The overall accuracy

of the system was more than 90% on a long-term established dataset. Hence, the developed
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(a) (b)

Figure 3.12.: An example image of a whale shark and the pattern matching approach proposed
in [241]. (a) An image of a whale shark and a selected region of interest. The identification process is based
on the spot coloration on the shark’s body. (b) A stellar pattern matching algorithm based on the formation of
triangles is exploited for individual identification. Geometrical properties of extracted triangles based on the
spots of the test image are compared with triangle formations in the library. Only subsets of possible triangle
configurations are shown. Figure adapted from [241]

algorithm is part of the web-based ECOCEAN Whale Shark Photo-Identification Library7. In

2007, Tienhoven et al. extended the ideas of [241] and proposed an interactive pattern-matching

system for the identification of sharks [243]. The method uses an initial two-dimensional affine

transformation based on three manually defined reference points to compare pairs of markings

of two individuals in a commonly defined reference space. Spot pairs of aligned images are only

defined as matched if the nearest alternative spot has at least twice the distance of the current

match. The normalized sum of euclidean distances of matched spot pairs serves as distance

metric in order to rank each shark image in the database with respect to the query. On a

dataset gathered in a long-term study over eight years, the system has proven to be a useful

identification aid achieving an accuracy of almost 92%, provided that more than three images

per individual are present in the dataset. The proposed algorithm is part of a computer-assisted

software solution for individual identification of patterned animals named Interactive Individual

Identification System (I3S)8. Both systems, the approach by [241] as well as the method devel-

oped by [243], have been successfully applied for non-invasive capture-mark-recapture studies

conducted by Holmberg et al. in [244]. The authors used both systems to estimate the survival

and recruitment rates of whale sharks in western Australia and demonstrated the direct scien-

tific benefit of the proposed computer-assisted animal identification techniques. Furthermore,

a thorough evaluation of I3S [243] was conducted by Speed et al. in [245]. The authors not

only determined the effect of different viewing angles but also how the number of spot pairs

in matched images affects the system’s performance. Although it was shown that the accuracy

7http://photoid.whaleshark.org Last visit: January 1st, 2014
8http://www.reijns.com/i3s/index.html Last visit: January 1st, 2014

http://photoid.whaleshark.org
http://www.reijns.com/i3s/index.html
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significantly decreases as the viewing angle grows, the authors state that the software provides a

reliable and freely available non-invasive solution for individual identification of wildlife. More-

over, Speed et al. claim that I3S is not restricted to identify whale sharks but can be applied to

a variety of spot patterned animals.

Inspired by ideas of [243], Anderson et al. developed a system to identify polar bears based on

whisker spot patterns in [246]. The proposed algorithm exploits the individual specific arrange-

ment of black spots originating from the base of whisker follicles. As done in [241] and [243], the

user is required to manually select three reference points for affine image alignment. After crop-

ping the desired image region, a number of state-of-the-art image enhancement techniques such

as contrast enhancement, noise removal, and histogram equalization are applied. Subsequently,

a binary image is obtained by adaptive thresholding. The Chamfer distance [247] is applied to

compare two images which computes the euclidean distance between every black pixel of the

query image to the nearest black pixel of the reference image. The median of all distances even-

tually defines the Chamfer distance and is used to rank the images in the dataset. Therefore, in

contrast to the matching technique proposed by [243] which searches for the best matching spot

pairs, Anderson et al. exploit all detected black spots within a query and a reference image.

Hence, the approach by [246] might be more influenced by spurious pixels, i.e. pixels that were

falsely detected as identification spots, than the technique used by Tienhoven et al. [243]. The

proposed algorithm for identification of polar bears was evaluated on a dataset containing more

than 200 individuals. However, only images that are suitable for identification according to

various subjective quality criteria were selected for the experiments, resulting in a final testset

of 57 individuals. On this high-quality dataset the system achieved reasonable results with a

mean true positive rate of 80% at a false positive rate of 10%.

As already stated, one drawback of the spot matching systems proposed by [241], [243],

and [246] is the strong dependence on user interaction such as image alignment and cropping,

contrast enhancement, as well as noise reduction. To overcome these limitations, Albu et al.

proposed a computer vision based system to identify spotted snakes with minimal user inter-

vention in [248]. The approach efficiently exploits the unique spatial distribution of black spots

underneath the head of the snakes for identification. The only required user intervention is the

segmentation of the head to minimize the influence of the background. However, the authors

claim that this manual pre-processing step will be eliminated in a future release due to a new

image acquisition protocol that will help to gather higher-quality images which eventually leads

to a full-automatic system. Once the snake’s head is segmented, the five most prominent black

spots located on its ventral side are detected using Otsu’s automatic binarization technique

[210]. A 3-dimensional feature vector containing geometrical characteristics of the spot distribu-

tions are subsequently extracted for every image and used for classification. Besides information
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such as relative distance and orientation of the points to each other, one element of the ob-

tained feature vector represents the area covered by a spot. Therefore, unlike the approaches

by [241], [243], and [246] the approach by Albu et al. implicitly takes the size of the detected

spots into account which might provide useful information for pattern matching, especially for

markings with significant shape or size variation. A minimal distance classifier in combination

with the k-means algorithm for localization of cluster centroids in the feature space is used to get

the final decision about the individual. Unfortunately, the proposed algorithm was evaluated on

a small dataset of only five individuals, achieving promising results of more than 80% accuracy.

However, to achieve acceptable results on larger datasets, more sophisticated visual cues such

as the shape of the spots for instance have to be taken into account.

One of the most sophisticated and completely autonomous systems for visual identification

of animals was proposed in [249, 130]. Burghardt et al. apply algorithms for animal detec-

tion, 3D model posing, and biometric identification to recognize African Penguins by means of

unique deformable coat patterns on their chests. Unlike most other automatic approaches for

animal identification, the developed system can not only be applied to recognize individuals in

photographs but rather in videos filmed in widely unconstrained, natural habitats. To obtain

a coarse estimate of the object location and size of the penguin, Burghardt et al. use Haar-

like descriptors and AdaBoost in combination with a tracking technique originally published

in [105, 106] (see section 3.2.1). Based on the initial detection results, the pose of the animal is

estimated by fitting a deformable 3D model to the surface of the detected animal. Again, Haar-

like features are utilized to robustly model the penguin’s local appearance and detect keypoints

and surrounding patches on the animal’s body surface. The spatial coherence of patches is

modeled by a probabilistic spatial prediction model termed Feature Prediction Tree [249, 130].

Starting from a root node, a particular keypoint on the center of the top chest of penguins

which can be reliably detected in all poses of interest, the Feature Prediction Tree models possi-

ble pathways to other pre-defined keypoints in a flexible manner. Following this procedure, the

correspondences between model and image features can eventually be reliably derived to pose

a 3D model into the scene. Although this technique is prone to occlusions, it performs well in

situations where the chest of penguins is abundantly visible which is a prerequisite for accurate

identification. Once the 3D model is fitted, the spot patterns on the penguin’s chest can then

be back-projected into 2D space which generates a normalized aligned texture map used for

further processing. Spot locations are subsequently found by detecting phase singularities as

proposed in [130] (see Section 3.2.1). Since the spatial distribution of the extracted markings

still suffers from non-linear local deformation of the skin, the authors furthermore propose a

robust matching strategy based on Shape Contexts introduced by Belongie et al. in [250]. The

method builds polar histograms of feature positions with increasing bin size further away from
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a reference point. Burghardt et al. extend these ideas by replacing the actual feature location

with feature distributions modeled by a Gaussian to describe positional uncertainties relative to

the reference marking. In the implementation of [249] and [130] every detected landmark point

on the chest of a penguin takes the role of the reference spot once which eventually leads to the

construction of multiple polar histograms called Distribution Context. For the actual matching

process of two Distribution Contexts, the Hungarian method [251] is utilized to solve the as-

signment problem and the sum of associated matching costs is finally used as distance metric to

compare two patterns. A proof-of-concept of the developed African Penguin Recognition System

(APR) was presented by Sherley et al. in [130, 252]. The system was thoroughly evaluated at a

native colony of African Penguins on Robben Island, South Africa. Although only 193 individ-

uals out of 1453 birds that passed the camera during a selected time interval produced frontal

detections that were suitable for subsequent identification, a matching sensitivity of up to 96.7%

at a low false acceptance rate of 10−2% was achieved. To proof the broad applicability of the

proposed system, a preliminary performance study was conducted on plain zebras in [130]. On

a dataset of 200 images of 47 individuals the framework also achieved satisfying results with a

genuine acceptance rate of 92% at 0.1% false acceptance rate.

As shown by the above mentioned approaches, the individual visual uniqueness of natural

coat patterns can provide robust features for computer-assisted identification of animals for a

variety of different species. However, such approaches are often infeasible for the identification

of animals without obvious visual markings because individually unique patterns are either not

existent or cannot be exploited due to limited image or video resolution. Moreover, some studies

have reported drastic changes of natural markings on individuals of certain species during an

animal’s natural growth or evolution, indicating that animals can change their appearance sig-

nificantly [253, 254, 255, 256]. Thus, computer vision algorithms solely based on coat patterns

might be ineffective if coat patterns of animals change significantly over time. This is also true

for contour-based methods reviewed in Section 3.2.2 since mostly artificially obtained markings

such as scars, wounds, and scratches are utilized for identification which might transform or com-

pletely heal over time [257, 258, 255, 259]. Furthermore, some of the introduced algorithms for

pattern-based identification (e.g. [179, 184, 180]) can only be applied if the animal is positioned

in a left or right profile view, respectively; i.e. if descriptors were extracted from the left side of

an animal’s body during training, the individual can only be re-identified if filmed in a left side

posture and vice versa. This is due to the fact that the left and right sides of bilateral animals

are in general not symmetric [260]. To overcome these issues, a small number of attempts have

been made to adapt automated face recognition techniques, originally developed to recognize

humans, in order to identify animals.
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Methods based on Face Recognition

Whereas automatic face recognition for humans has been a major research topic for decades,

only a few publications can be found that extend and adapt these techniques to identify animals.

In 2005, Kim et al. proposed a system for cattle identification in livestock farms to overcome

the limitations of invasive methods such as RFID (Radio Frequency Identification) implants

in [261]. Previous non-invasive approaches to identify cattle by means of image processing

focused on black-and-white patterns or muzzle prints [186, 187, 188]. However some sub-species

such as the Japanese Black Cattle for instance do not carry such unique markings. Therefore, the

authors propose to utilize a face recognition technique based on gray-level intensities and neural

networks to discriminate between individuals. Kim et al. gathered one face image of 12 cows

each at feeding time, i.e. under relatively controlled conditions, to evaluate the proposed system.

To test the systems robustness to various extrinsic factors, the authors manually modified the

obtained images by adding noise, rotations, distortions, and lighting changes. Although faces

could be re-identified by the system under moderate image modifications, a thorough evaluation

is missing since a valid dataset of different individuals photographed under various natural

conditions needs to be established. Moreover, the authors come to the conclusion that the

proposed algorithm is not suitable to recognize moving cows in real-life scenarios but could

instead be used to identify stationary cattle at the feeding area for instance.

A second application of face recognition algorithms for animal identification was published

by Corkery et al. in [262]. They presented a preliminary study of a holistic face recognition

approach based on Independent Component Analysis (ICA) [263] to identify sheep. To compen-

sate adjustments in scale, rotation, and lighting, a number of pre-processing steps were applied

to normalize the facial images before the actual recognition. Based on manually annotated eye

coordinates, each face image is first rotated into an upright position and subsequently cropped.

Furthermore, images are smoothed by convolution with a Gaussian kernel to remove noise and

a gray-level histogram equalization is applied to compensate illumination variation. After vec-

torizing the normalized gray-scale face images, Principal Component Analysis (PCA) [61] is

exploited to transform the high-dimensional feature vectors into a smaller subspace. Based on

the work of [263], ICA is subsequently used for face representation. In ICA, a method for blind

source separation, the goal is to decompose an observed signal into additive statistically inde-

pendent subcomponents which are used as basis images to represent faces. A simple nearest

neighbor classifier with cosine distance is used for the final classification. For evaluation pur-

poses, multiple face images of 50 individuals were gathered in a controlled environment in order

to minimize the influence of undesired lighting conditions. The algorithm obtained recognition

rates up to 95%. Although the proposed system performed well, images were taken in a rather

controlled setting, suggesting that the accuracy will significantly decrease under real-world con-
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ditions. Moreover, human interaction is necessary to detect facial markers to align the facial

images.

Based on the assumption that humans and our closest relatives, the great apes, share similar

properties of the face, this thesis explores the feasibility of face recognition methods for the iden-

tification of individuals as well. However, unlike the approaches of [261] and [262] a completely

automatic non-invasive unified framework for detection and identification of chimpanzees and

gorillas is presented.

It was shown in the previous section that a variety of different algorithms were developed in

the recent past to identify animal individuals by means of automated computer vision methods.

Table 3.2 gives an overview of sate-of-the-art methods for non-invasive animal identification in

image and video footage.

Category Reference Species Description Notes

Contour-Based

Methods

Hillman

et al.

[195]

Dolphins (1) Smooth approxima-

tion of fin’s edge based on

polynomial function

(2) Extraction of low-level

descriptors (normalized

peak position, width &

height of peaks)

(3) Affine-invariant

Fourier descriptors

(1) Manual annotation of

ROI and the tip of the dor-

sal fin

(2) Thorough evaluation is

missing

Kreho

et al.

[197]

Dolphins (1) LoG edge detection

(2) Curve fitting by Active

Contour Model

(3) Extraction of Dorsal

Ratio

(1) Manual selection of

start and end point fin’s

edge

(2) Significantly reduced

processing time compared

to manual analysis

Araabi

et al.

[200]

Dolphins (1) LoG edge detection

(2) Active Contour Model

for curve fitting

(3) Extraction of low-level

attributes of curvature af-

ter zero crossing (width,

height, area of positive

and negative parts)

(1) Extraction of more

attributes than previous

methods

(2) Outperforms previous

approaches

(3) Semi-automatic ap-

proach (∼ 5 minutes pro-

cessing time per image)

(4) Not robust against

affine distortions
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Category Reference Species Description Notes

Gope

et al.

[201]

Dolphins

Sea Lions

Whales

(1) Interactive edge detec-

tion

(2) Fitting spline curve for

approximate curvature ex-

traction

(3) Affine transformation

of extracted curvatures

(4) Area of mismatch

between two transformed

curves serves as distance

measure

(1) System robust to affine

transformations

(2) User interaction re-

quired for edge detection

(3) Proposed system not

compared to previous ap-

proaches

Ardovini

et al.

[203]

Elephants (1) Identification based

on characteristic nicks in

ears

(2) Matching of non-

connected curve sets

(3) Canny-edge detection

algorithm

(4) Two-stage matching

strategy:

(a) Global matching

based on keypoints,

(b) Shape comparison of

globally matched curve

sets

(1) Manual annotation of

reference points as well as

start and end points of

nicks

(2) Robust to partial oc-

clusion
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Category Reference Species Description Notes

Dense Pattern-

Based Methods

Hiby

et al.

[181,

182]

Seals

Sharks

Zebras

Lynx

(1) Based on pelage

markings on fur and skin

(2) Fitting 3D model of

animal body for align-

ment

(3) Gray-scale intensities

on grid-cells of fitted

model as descriptors

(4) Matching of two im-

ages based on correlation-

coefficient between corre-

sponding elements

(5) Method is extended

in [182] by combining two

complementary features

(1) Manual annotation of

keypoints necessary for

initial 3D model place-

ment

(2) User interaction re-

quired to refine the model

fitting

(3) Program available for

download at

http://www.

conservationresearch.

co.uk/

Kehtarnavaz

et al.

[209]

Whales (1) Black and white

patterns on flukes for

identification

(2) Edge detection for

fluke segmentation

(3) Otsu’s method for

adaptive thresholding and

binarization

(4) Affine Moment Invari-

ants as descriptors

(5) Nearest Neighbor

Classification

(1) Semi-automatic fluke

segmentation

(2) No alignment neces-

sary due to invariant fea-

tures

(3) Outperforms contour-

based method by Araabi

et al. [200]

Gope

et al.

[212]

Whales (1) Extension of approach

by [209]

(2) Replacement of Affine

Moment Invariants with

Zernike Moment Invari-

ants

(3) LDA for features space

transformation

(1) Semi-automatic ap-

proach for fluke segmenta-

tion

(2) Approach outperforms

system proposed by [209]

http://www.conservationresearch.co.uk/
http://www.conservationresearch.co.uk/
http://www.conservationresearch.co.uk/
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Category Reference Species Description Notes

Ranguelova

et al.

[214,

215]

Whales (1) Fitting affine invariant

grid to segmented fluke

(2) Relative contribution

of black and white pixels

in each grid cell serve as

features

(3) Nearest Neighbor

Classification

(4) Extension in [215] by

fitting ellipse to every

detected blob and take

extrema points of ellipse

as additional features

(1) Grid is fitted based

on manually selected key-

points

(2) Method is shown to

be robust to various image

qualities

Krijger

et al.

[216,

217]

Zebras (1) Preprocessing: dein-

terlacing, smoothing,

blockwise binarization

(2) Sequential thinning

for skeletonization

(3) Extraction of curva-

ture, slope, and intersec-

tion points as features

(1) Manual selection of

ROI based on 6 keypoints

(2) Method not robust

against affine transforma-

tion in 3D space

Lahiri

et al.

[184]

Zebras (1) Development of open-

source framework for

zebra identification called

StripeSpotter

(2) Extraction of

StripeCodes based on

coat patterns

(1) Manual selection of

ROI necessary

(2) Extracted StripeCodes

robust to scale, exposure,

and partial occlusion

(3) Source code available

at

http://code.google.

com/p/stripespotter/

http://code.google.com/p/stripespotter/
http://code.google.com/p/stripespotter/
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Category Reference Species Description Notes

Ravela

et al.

[220]

Gample

et al.

[221]

Duyck

et al.

[185]

Salamanders (1) Deformable body has

to be straightened for

texture alignment

(2) Multi-scale Gaussian

derivative filters for fea-

ture extraction

(3) Shape and orientation

histograms for compact

feature representation

(4) Normalized cross-

covariance for histogram

matching

(1) Image acquisition

in custom enclosure for

constant background and

lighting

(2) Manual annotation

of keypoints for ROI

selection and alignment

(3) Creation of col-

laborative community

framework MIT SLOOP

and inclusion of more

species [225, 185]

Hoque

et al.

[226]

Newts (1) Identification based

on dark spots on the belly

of newts

(2) Correlation coef-

ficients on vectorized

gray-scale intensities for

matching

(1) Manual interaction

necessary for texture

alignment

(2) Gray-scale informa-

tion alone is often not

robust enough against

image distortions

Azhar

et al.

[227]

Newts (1) Extension of approach

by [226]

(2) Multi-radii LBP his-

tograms as descriptors

(3) Chi-squared distance

for matching

(1) Manual user interac-

tion required for texture

alignment

(2) Outperforms method

proposed by [226]
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Category Reference Species Description Notes

Cannavò

et al.

[228]

Frogs (1) Based on pigmentation

patterns on dorsal side of

the body

(2) Otsu’s thresholding

method and morphologi-

cal operations for body de-

tection

(3) Second order statistics

defines orientation of de-

tected body

(4) Extraction of texture

features such as granulom-

etry [229]

(5) Nearest neighbor clas-

sification

(1) Images gathered in

controlled environment

with constant background

and lighting

(2) Completely automatic

identification system

(3) Artificially modified

images used for system

evaluation

Sparse Pattern-

Based Methods

Pauwels

et al.

[234]

de

Zeeuw

et al.

[129]

Turtles (1) Identification based

on pink spot on turtle’s

head

(2) Image comparison

based on SIFT matching

(3) Extension in [129]

by cross-correlation of

gray-scale values

(1) Manual selection of

ROI necessary

Bolger

et al.

[179]

Multiple

species

(giraffes,

salaman-

ders,

wilde-

beests)

(1) SIFT feature detection

and description

(2) RANSAC algo-

rithm [235] to find geo-

metrically self-consistent

subset of keypoints

(1) Manual selection

of ROI suggested to

minimize influence of

background

(2) Open source imple-

mentation of Wild-ID can

be found at

http://software.

dartmouth.edu/

Macintosh/Academic/

Wild-ID_1.0.0.zip

http://software.dartmouth.edu/Macintosh/Academic/Wild-ID_1.0.0.zip
http://software.dartmouth.edu/Macintosh/Academic/Wild-ID_1.0.0.zip
http://software.dartmouth.edu/Macintosh/Academic/Wild-ID_1.0.0.zip
http://software.dartmouth.edu/Macintosh/Academic/Wild-ID_1.0.0.zip
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Category Reference Species Description Notes

Crall

et al.

[180]

Multiple

species

(zebras,

jaguars,

giraffes,

lionfish)

(1) Modifications of stan-

dard SIFT detection,

description, and matching

(2) Forest of kd-trees for

efficient matching

(3) Local Naive Bayes

Nearest Neighbor

(LNBNN) algorithm

for keypoint matching

(1) Manual selection of

ROI

(2) System outperforms

Wild-ID [179]

(3) Open source imple-

mentation of HotSpot-

ter can be found at

https://github.com/

Erotemic/hotspotter

Town

et al.

[183]

Manta

Rays

(1) Identification based on

spot patterns on ventral

surface of animals

(2) Median filtering and

CLAHE for image en-

hancement

(3) Extension of basic

SIFT matching by tak-

ing scale and distances be-

tween keypoints into ac-

count

(1) Manual selection of

ROI

(2) Enhanced SIFT

matching approach out-

performs other local

keypoint descriptors

(3) Program available at

http://www.

mantamatcher.org/

Arzoumanian

et al.

[241]

Whale

Sharks

(1) Algorithm for stellar

pattern matching used for

matching spot patterns

(2) Based on triangle

matching

(1) Manual selection of

spots used for matching

(2) System is part of

ECOCEAN whale shark

photo-ID library

http://photoid.

whaleshark.org

Tienhoven

et al.

[243]

Whale

Sharks

(1) Extension of algorithm

proposed by [241]

(2) Initial affine transfor-

mation for alignment

(3) Spot matching based

on cartesian coordinates

of detected keypoints

(4) Sum of normalized Eu-

clidean distances between

images serves as similarity

measure

(1) Manual selection of

three reference points for

alignment

(2) Algorithm is part

of Interactive Individual

Identification System I3S

http://www.reijns.

com/i3s/index.html

https://github.com/Erotemic/hotspotter
https://github.com/Erotemic/hotspotter
http://www.mantamatcher.org/
http://www.mantamatcher.org/
http://photoid.whaleshark.org
http://photoid.whaleshark.org
http://www.reijns.com/i3s/index.html
http://www.reijns.com/i3s/index.html
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Category Reference Species Description Notes

Anderson

et al.

[246]

Polar

Bears

(1) Identification based

on whisker spot patterns

(2) Image alignment using

affine transformation

(3) Image enhancement

to compensate noise and

lighting changes

(4) Adaptive thresholding

for binarization

(5) Chamfer-distance

[247] for global pattern

comparison

(1) Manual selection of

three reference points for

alignment

(2) Method might be

prone to errors caused by

spurious pixels

Albu

et al.

[248]

Snakes (1) Method exploits spa-

tial distribution of black

spots on bottom-side of

snake heads

(2) Automatic location of

5 most prominent key-

points

(3) Geometrical character-

istics of spot distributions

used as features

(4) Minimal distance clas-

sifier in combination with

k-means clustering used

for matching

(1) Manual segmentation

of snake heads

(2) New image acquisi-

tion protocol might lead

to full-automatic system

in the future

(3) Evaluation only on

small dataset of 5 individ-

uals
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Category Reference Species Description Notes

Burghardt

et al.

[249,

130]

African

Penguins

(1) Completely automatic

system

(2) Deformable coat pat-

terns on penguin chests is

used for discrimination

(3) Penguin detection

using Haar-like features

and AdaBoost

(4) Object tracking in

video-sequences [105, 106]

(5) Pose estimation and

3D model fitting by

means of Feature Predic-

tion Trees (FPT)

(6) Detection of spots

based on generic phase

curl localization [131]

(7) Distribution Contexts

based on polar histograms

of distributions of spot

locations as descriptors

(8) Hungarian method

and sum of associated

matching costs used to

compare chest patterns

(1) No user interaction re-

quired

(2) Real-world prototype

and proof of concept eval-

uated in [252]

(3) Preliminary study on

zebra identification

(4) High accuracy in real-

world environments at a

low false acceptance rate

(5) Only a fraction of ani-

mals produced detections

which were suitable for

subsequent identification

Face Recognition Kim

et al.

[261]

Japanese

Black

Cattle

Face Recognition based

on gray-scale information

and Artificial Neural Net-

works (ANN)

(1) Manually cropping

head region

(2) System evaluated on

artificial dataset

(3) Proposed method

not suitable to iden-

tify cattle in real-world

environments
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Category Reference Species Description Notes

Corkery

et al.

[262]

Sheep (1) Preprocessing for im-

age enhancement

(2) Gray-scale intensities

and PCA for feature ex-

traction and feature space

transformation

(3) Independent Compo-

nent Analysis (ICA) and

Nearest Neighbor Classifi-

cation based on cosine dis-

tance

(1) Manual selection of eye

coordinates for face align-

ment and cropping

(2) Dataset gathered in re-

stricted environment

Table 3.2.: Overview of state-of-the-art algorithms for non-invasive animal identification in images
and videos.

Automatic Species Classification

Besides individual identification of animals in audio-visual footage, the development of auto-

matic routine procedures to reliably classify the species of detected animals arose interest of

researchers and computer scientists within recent years. Taxonomic classification of animals is a

prerequisite for many biological questions such as biodiversity conservation and natural resource

management [264]. However, to date only few computer vision algorithms have been proposed

in the literature to classify the species based on their morphological traits. The development

of computer vision algorithms to automatically identify the species of an animal is not a trivial

task because

1. Individuals of a given species might differ drastically in their morphology due to phenotypic

variations caused by age or environmental conditions and

2. Different species might have similar morphological traits because many taxonomic groups

often comprise thousands of species [265].

Enormous amount of progress has already been made in the field of automatic insect classi-

fication. Three of the most promising systems which are commonly used by experts to re-

duce the burden of manual classification of specimens are ABIS [266], SPIDA-web [267], and

DAISY [268]. Within this thesis, a coarse outline of these systems as well as more recent ap-

proaches is given. For a state-of-the-art overview of the above mentioned animal classification

frameworks the interested reader is referred to [265, 264, 128, 269].
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The Automated Insect Identification System (ABIS) was one of the first sophisticated ap-

proaches for automatic taxonomic categorization of bees based on the venation of their wings [266,

270, 271]. Each bee is manually positioned under a microscope with background illumination in

standard pose. For classification, the system follows a hierarchical approach by first determin-

ing a set of key wing cells, the area between veins, based on line and intersection detections. A

set of low-level descriptors is subsequently extracted for initial classification in order to select

a certain pre-defined deformable venation template saved in an external database. Once the

template is fitted to the wing image, remaining cells can be reliably detected and the previously

extracted feature vector is extended with a number of features obtained from the intensity values

within a sampling window [270]. A Support Vector Machine (SVM) and Kernel Discriminant

Analysis (KDA) are finally used for classification. The system is known to perform well even

for bee species that are known to be hard to classify even for human experts. Although the

features used to classify bee species are known to perform well, they make the system very

specialized to a certain kind of insect. Another system commonly used by experts to distinguish

between different spider species is called Species Identification, Automated and web-accessible

(SPIDA-web)9, introduced by Russel and Do in [267, 272]. The proposed algorithm utilizes

Artificial Neural Networks (ANN) to classify spiders based on their external genitalia. Direct

user interaction is required to annotate the region of interest within an image gathered under

a microscope with constant background lighting. The wavelet coefficients of Gabor filters are

used as input for multiple back-propagation neural networks trained for each species separately.

Preliminary results for female spiders presented in [267] indicate that SPIDA-web is capable to

achieve accuracies up to 95%. Although it was claimed by the authors that the system was

created as a generalized classification system it was to date only tested on spiders. To overcome

these limitations, O’Neill et al. proposed a generic identification system based on pattern recog-

nition called Digital Automated Identification System (DAISY)10 in [268, 273]. While the first

version of DAISY [274] exploited the Eigenfaces approach originally developed for human face

recognition [61], the core classification algorithm of the recent version of DAISY is based on a

neural network approach called Plastic Self Organizing Maps (PSOM) [273]. The system has

been successfully applied to a variety different insect species such as bumblebees, moths, wasps,

midges, butterflies, larvae, and spiders. Although the results achieved by DAISY are compara-

ble to the performances of specialized systems such as ABIS and SPIDA-web, user interaction is

still required to manipulate the specimen, capture the image, and segment the region of interest

which ultimately hampers the throughput of these systems for large datasets.

9http://research.amnh.org/iz/spida/common/index.htm Last visit: January 17th, 2014
10http://www.tumblingdice.co.uk/daisy Last visit: January 17th, 2014

http://research.amnh.org/iz/spida/common/index.htm
http://www.tumblingdice.co.uk/daisy
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In the recent past, a considerable amount of literature has been published on insect classifica-

tion to overcome the limitations of ABIS, SPIDA-web, and DAISY. An autonomous system for

bee classification named DrawWing11 was proposed by Tofilsky in [275]. Unlike ABIS, Tofilsky’s

approach is not only based on standard morphometry of wing venation but also on characteristic

landmark points, so called geometric morphometrics. Since points of interest are automatically

located by the software based on vein junctions, no user interaction is required to align wing

images. However, the wings should be detached from insects bodies before image capturing to

achieve good results, which not only requires a significant amount of user interaction to pre-

pare the specimen but more importantly harms the animal before classification. In [128], Larios

et al. proposed a combined hardware-software system for automatic taxonomic insect classifica-

tion using histograms of local appearance features. To automatically categorize stonefly larvae,

the authors developed a mechanical system for photographing the specimens under a microscope

and provided a software tool for region detection, feature extraction, and classification. Larios

et al. propose a Bag-of-Words (BoW) approach [276] where in a first step three different detec-

tors are used to locate regions of interest. Each detected region is subsequently represented as

SIFT features [51] and k-means clustering over all descriptor vectors is applied to build the key-

word dictionaries. Codewords are then defined as the centers of the learned clusters. Thus, each

detected patch of the larvae is mapped to a certain codeword through the clustering process.

Each input image can therefore be represented by the histogram of codewords. The combination

of three different detection algorithms boosts the performance of the algorithm significantly and

outperforms systems solely based on only one of the used detectors, achieving accuracies of up to

82% for a four-class problem. A similar approach named BugID was used by Lytle et al. [277]

for automatic classification of benthic invertebrate samples. Similar to the approach by [128],

Lytle et al. apply three different region detectors to localize object instances at different scales

and shapes. Each detected region is represented by SIFT features [51] and subsequently com-

pared to samples in the database using a random forest matching approach [278]. However,

while previous approaches for insect classification treat the problem in a closed-set fashion, Ly-

tle et al. propose to utilize an open-set classification scheme. While in closed-set classification

it is assumed that all possible classes are known to the system, an open-set system first has to

decide if a probe is known to the system before it is actually assigned to a certain class of the

training set (see Section 5.3 for details). Such a procedure helps biologists to quickly identify

novel species not yet present in the database which, according to [277], is the common scenario

for most field-collected samples. The experiments on a dataset of 9 different species shows that

94.5% of correctly accepted samples was classified correctly while most unknown species were

correctly rejected by the system. In 2012, Utasi proposed a local appearance feature based ap-

11http://drawwing.org/ Last visit: January 17th, 2014

http://drawwing.org/
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proach for automatic categorization of tarantulas in [279]. While SPIDA focuses on the external

genitalia of spiders to classify the species, Utasi et al. followed a more general approach by

using local color descriptors known as colorSIFT [280], a variant of SIFT applied to different

color channels. After feature extraction, the Bag-of-Words (BoW) model [276], a histogram

representation of visual features, is adopted to obtain a more compact and meaningful repre-

sentation. In [279], the authors compare different state-of-the-art classification methods such

as Näıve Bayes Classification, linear Support Vector Machines (SVM), and Supervised Latent

Dirichlet Allocation (sLDA) [281], were the latter performed best with an accuracy up to 77%

on a dataset of 7 different species.

Although the majority of proposed algorithms for species classification are specialized to cat-

egorize insects, there has been an increasing amount of literature on classification of larger

animals such as fish, reptiles or mammals in recent years. In 2010, Rodrigues et al. presented

an approach for automatic classification of fish species in [282]. For feature extraction, the au-

thors propose to apply PCA on vectorized color channels in the YUV color space to encode both

brightness and color information. Next, unsupervised clustering techniques based on two im-

munological algorithms, Artificial Immune Network (aiNet) [283] and Adaptive Radius Immune

Network (ARIN) [284], are utilized in order to find natural groupings of features extracted from

different individuals of different species. By this means, the resulting clusters refer to features

gathered from individuals of the same species. Finally, a Nearest Neighbor Classifier based

on the distance between a new feature vector and the obtained cluster centroids is used for

classification. The proposed algorithm is evaluated on a dataset of 4 different fish species and

compared with a SIFT matching approach. Although the system outperformed SIFT match-

ing and achieved an overall accuracy of 92%, several images of only one individual per species

was present in the dataset which makes it hard to estimate the generalization capability of

the system. Furthermore, the dataset was gathered in a controlled environment with constant

background to eliminate variations resulting from background clutter and challenging lighting

conditions which are often present in a real-world environment. Spampinato et al. proposed a

complete system for fish detection, tracking, and classification operating in natural underwater

environments in [285]. For detection and tracking, the authors used an approach developed in

their earlier work [286] (see section 3.2.1). Based on the regions of interest obtained from detec-

tion and tracking, the authors subsequently extract a number of texture and shape descriptors.

The texture of the object is described by statistical moments of its gray-scale histogram, Gabor

wavelets, and various properties of the gray-level co-occurrence matrix. Shape information on

the other hand is characterized by histograms of Fourier descriptors of the object boundary

obtained from the Curvature Scale Space (CSS) image proposed in [287]. PCA and Discrimi-

nant Analysis are finally applied for feature space transformation and classification, respectively.
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An average classification accuracy of 92% was achieved on a dataset of 10 different fish species

gathered under real-world underwater conditions which shows the applicability of the proposed

algorithm.

Also the classification of mammal species has drawn the interest of a number of computer

vision experts. Kouda et al. [288] for instance proposed a system to reliably differentiate

between raccoons and raccoon dogs which look very similar in shape and appearance. The

authors developed an intelligent camera trap based on face detection and recognition techniques

for population monitoring for these two species. Face detection is based on Histogram of Oriented

Gradients (HOG) [104] in combination with a Support Vector Machine (SVM) for classification.

However, according to Kouda et al. , a reliable differentiation between raccoons and raccoon

dogs solely based on the detection confidences is not feasible. Therefore, the authors trained

a second SVM for species classification. Feature vectors were obtained from the coefficients

of the Discrete Cosine Transform (DCT) of the input image. Furthermore, a feature selection

algorithm was applied before classification in order to pick the coefficients which are best suited

for discrimination. Another study by Wilber et al. introduced techniques for animal detection

and classification that can help biologist to study squirrels and tortoises in the Mojave Desert

using mobile devices [289]. For animal localization, the authors apply the keypoint detection

algorithm used in SIFT [51] to extract a number of sparse keypoints. Around each detected

point of interest a LBP [50] based descriptor is extracted and a 1-class SVM is applied to

distinguish target objects (squirrels and tortoises) from objects that are not of interest. For

species classification, Gabor features are extracted from the automatically obtained regions of

interest and a multi-class SVM is used to differentiate between three different squirrel species.

Results on a self-established dataset shows the effectiveness of the proposed algorithm with an

average recognition rate of around 78%.

Afkham et al. on the other hand proposed to use joint visual texture information of detected

animals and their background for animal classification [290]. Therefore, an additional segmen-

tation algorithm to extract the animal from the background is obsolete. The authors apply a

method adopted from visual object categorization based on a visual word dictionary generated

from Markov Random Field (MRF) descriptors [291]. Furthermore, Afkham et al. propose to

apply a joint probabilistic model in order to obtain more discriminative features. The main idea

of applying joint probabilities is to capture the likelihood that different visual words appear

in the neighborhood of each other which implicitly encodes the information about context and

the background surrounding the object. The proposed approach achieved promising results on

a publicly available dataset of 1, 239 images of 13 animal species. A particularly interesting

and sophisticated approach for automatic animal categorization of wildlife pictures captured

by remote camera traps was developed by Yu et al. in [292]. The system exploits the sparse
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coding spatial pyramid matching (ScSPM) paradigm proposed in [293], a method for general

object categorization. The algorithm first extracts dense SIFT features and LBP descriptors on

a manually cropped image region. The weighted sparse coding scheme for dictionary learning,

originally proposed by Wang et al. in [294], is utilized to generate a compact dictionary that can

sparsely represent the incoming descriptors with minimum error. Subsequently, spatial pyra-

mid matching, an extension of the Bag-of-Words (BoW) approach, is used to model the spatial

layout of local image features at multiple scales. A linear SVM is finally used for classification.

On a challenging self-established dataset of 7, 000 images of 18 species gathered under natural

conditions from autonomous camera traps, remarkable results could be achieved by the system

with an average recognition rate of 82%. However, although a variety of algorithms for auto-

matic detection of animals in video footage exist (see section 3.2.1), manual segmentation of the

animal is still required for the proposed framework.

3.3. Face Recognition

As stated earlier, the proposed Primate Recognition Framework (PRF) applies face recognition

algorithms to identify great ape individuals. Hence, a comprehensive overview of state-of-the-

art face recognition algorithms is given in this section. The proposed PRF is benchmarked

against traditional and more recently proposed face recognition algorithms in Chapter 5 to show

the superiority of the developed algorithm for the identification of great apes. Thus, particular

emphasis is placed on face recognition methods that are compared with the proposed framework,

while others are only described briefly.

Automatic face recognition is one of the most fascinating and challenging problems in the field

of computer vision and image understanding. It has therefore received significant attention by

many researchers and computer scientists throughout the past three decades. Major improve-

ments were made since the first attempts in the early 1990s. Thus, automatic face recognition

has become one of the most successful applications of image analysis. The reasons for this trend

are twofold: First, feasible technologies for automatic face recognition in images or videos have

a wide range of many commercial and law enforcement applications such as advertising, market

research, and surveillance. Secondly, after more than 30 years of research, significant progress

has been made in the field of automatic face recognition and biometric identification and thus

algorithms for robust and accurate identification are nowadays commercially available. Table 3.3

gives an overview of some commercial face recognition systems.
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Commercial

Product

Company Website

FaceVACS Cognitec http://www.cognitec.com/

Face++ Megvii Inc. http://www.faceplusplus.com/

SEKUFace EUROTECH http://www.eurotech.com/en/products/SekuFACE

FaceExaminer MorphoTrust http://www.morphotrust.com/Technology/

FaceRecognition.aspx

IWS Biometric

Engine

ImageWare Systems http://www.iwsinc.com/

BioID BioID AG https://www.bioid.com/

Visual Casino 6 Biometrica http://biometrica.com/

MFlow Journey Human Recognition

Systems

http://www.hrsid.com/company/technology/

face-recognition

Picasa Google http://picasa.google.de/intl/de/

IPhoto Apple Inc. http://www.apple.com/mac/iphoto/

ReKognition Orbeus http://www.rekognition.com/

Table 3.3.: Available commercial face recognition systems for surveillance and entertainment. Note
that some of the links might have changed. Last visit of all websites: April 24th, 2014.

Face recognition applications itself are mainly used for three tasks:

1. Verification (one-to-one matching): The face recognition system has to determine if the

person in an image is who he/she claims to be.

2. Identification (one-to-many matching): Out of a limited set of classes, the face recognition

system has to determine the identity of the person in the image.

3. Watch-List: In an open-set classification scheme, the face recognition system first has to

decide if a person is known or unknown, i.e. is part of the training set. If not, it has to

reject the person as impostor. If, however, the person is known to the system it has to

determine his/her identity.

Automatic visual facial analysis and face recognition in particular is one of the most chal-

lenging tasks in object recognition. First, although rigid object detectors are commonly used

to localize faces in images and videos the human face generally is a highly deformable object.

Different facial expressions for instance can vary the visual appearance of a face significantly.

Moreover, numerous other extrinsic and intrinsic factors might cause the appearance of a face

to vary [295]. Intrinsic factors are purely influenced by the physical nature of the face such as

age and different facial expressions. Extrinsic factors on the other hand arise from outside of the

http://www.cognitec.com/
http://www.faceplusplus.com/
http://www.eurotech.com/en/products/SekuFACE
http://www.morphotrust.com/Technology/FaceRecognition.aspx
http://www.morphotrust.com/Technology/FaceRecognition.aspx
http://www.iwsinc.com/
https://www.bioid.com/
http://biometrica.com/
http://www.hrsid.com/company/technology/face-recognition
http://www.hrsid.com/company/technology/face-recognition
http://picasa.google.de/intl/de/
http://www.apple.com/mac/iphoto/
http://www.rekognition.com/
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individual. These factors include illumination, pose, occlusion, scale, and imaging parameters

such as resolution, focus or noise among others. A facial recognition system should be robust

against those kinds of image variation and a dataset for thorough evaluation should include such

factors. However, face recognition algorithms are often evaluated on official benchmark datasets

gathered under laboratory conditions where they usually perform quite well. Once such tech-

niques are applied in real-world environments, often a significant decrease in performance can

be observed. However, the recently published Labeled Faces in the Wild (LFW) dataset [296]12

provides a challenging benchmark dataset to test face recognition approaches under uncon-

strained conditions. An important part of face recognition research is the thorough evaluation

and benchmarking of developed algorithms including a detailed reporting of the experimental

setup. The Face Recognition Vendor Test (FRVT)13 for instance provides independent evalu-

ations of commercial and academic face recognition algorithms under challenging and realistic

conditions using standard performance measures. This not only helps the face recognition com-

munity to identify future research directions but is also an opportunity for researchers to easily

evaluate reported results and benchmark their systems against state-of-the-art algorithms as

results become independently reproducible.

Machine vision for automatic face recognition has not only attracted interest of computer

scientists but also of researchers from diverse scientific disciplines such as image processing, pat-

tern recognition, computer vision, machine learning, computer graphics, and psychology. Thus

and because of the vast and diverse amount of literature published in the field of automatic face

recognition, it is difficult to find a generic taxonomy of face recognition algorithms. Moreover,

a complete literature survey of existing face recognition techniques is out of the scope of this

thesis. For a more complete and detailed overview of automatic state-of-the-art machine vision

algorithms for human identification by means of their facial appearance the interested reader is

referred to [297, 298, 299, 300, 301, 302].

According to [300] face recognition techniques can broadly be divided into three main cate-

gories based on their image acquisition protocol:

1. Algorithms that utilize data from multiple sensors, e.g. stereo cameras, infrared cameras

or 3D sensors.

2. Methods that operate on intensity images obtained from a single camera.

3. Techniques that perform face recognition in videos.

12http://vis-www.cs.umass.edu/lfw/ Last visit: April 22nd, 2014
13http://www.nist.gov/itl/iad/ig/frvt-home.cfm Last visit: April 15th, 2014

http://vis-www.cs.umass.edu/lfw/
http://www.nist.gov/itl/iad/ig/frvt-home.cfm
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This review concentrates on the second category which is by far the most applicable one in

real-world non-intrusive situations. Furthermore, for face recognition in video, often the tech-

niques developed for still images are applied on a few selected frames after face detection and

tracking [298]. However, recently approaches were proposed which incorporate multiple modal-

ities in order to increase the performance of a face recognition system. Steffens et al. [303] for

instance utilize stereo information to increase the robustness of the system while [304] exploits

visual and audio information to build a multi-modal identification system. Another approach by

Sivic and Everingham [305, 306] investigates the problem of automatically labeling characters

in TV or movie material. Frontal faces are detected in every frame of the video sequence and

are subsequently tracked through the shot. Each track is then represented by a set of feature

vectors of local keypoint descriptors calculated around certain facial interest points. To associate

each face track with a character name, a transcript of the movie is aligned with its subtitles

by dynamic time warping and utilized as additional cue to support the results obtained by face

recognition. A video-based face recognition which is solely based on image processing was pre-

sented by Ekenel and Stallkamp [307, 308]. Once faces are detected and tracked through the

video sequence they are classified by a local appearance-based approach which is based on the

Discrete Cosine Transform (DCT) applied on non-overlapping blocks of a face image. Classifica-

tion is performed in every frame and results are combined by a frame weighting technique which

is based on the classification scores. The system was evaluated on a database of 41 subjects and

reached high accuracies even under difficult illumination conditions. However, the system was

presented as a door monitoring system which limits the amount of possible face poses signifi-

cantly, i.e. faces in a video sequence were mostly full-frontal which makes the recognition task

relatively simple compared to an application scenario presented in this thesis.

Early approaches for image-based face recognition developed in the early and mid-1970s mea-

sured facial attributes such as the distances between certain facial landmark points and used

them as unique features for identification [309, 310]. However, a precise automatic localization

of facial landmarks is hard to achieve in practical applications. Moreover, simple distance mea-

sures are usually not robust enough against the intrinsic and extrinsic factors explained above.

However, with the progress of statistical and machine learning techniques in the early 1990s,

new interest in automatic face recognition approaches arose. Zhao et al. devide face recogni-

tion methods for intensity images into three main categories [299]: Holistic Appearance-based

Approaches, Local Keypoint Methods, and Hybrid Techniques.
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Holistic Appearance-based Approaches

Holistic approaches are one of the most successful and very well studied techniques for human

face recognition. These methods use the whole face image as input to the recognition system.

Many holistic techniques even use the raw gray scale pixel intensities as features. These methods

are often based on subspace methods such as Principal Component Analysis (PCA), Linear Dis-

criminant Analysis (LDA), Locality Preserving Projections (LPP) or even random projections.

Introductions to above mentioned feature space transformation techniques have been given in

Section 2.3.

Eigenfaces (PCA) The famous Eigenfaces approach, introduced by Turk and Pentland in

the early nineties [61, 311], is one of the best known approaches for face recognition. This

method first reshapes each facial image into a column vector of gray-scale intensity values and

then applies PCA to map the facial image vectors into a lower dimensional space. PCA aims to

extract a subspace where the variance is maximized while the global structure of the image space

is preserved. The output set of principle vectors is an orthonormal set of vectors representing

the eigenvectors of the sample covariance matrix associated with the m� n largest eigenvalues.

Fisherfaces (LDA) While the Eigenfaces method tries to preserve the global structure of the

image space, the objective of LDA is to find the directions that are efficient for discrimination

of classes. The Fisherfaces method was first introduced by Belhumeur et al. in [62]. Again,

each gray-scale facial image is first vectorized into a column vector and then LDA is applied

for subspace projection. LDA solves the Fisher criterion, i.e. the projection is chosen which

maximizes the ratio of the determinant of the between-class scatter matrix of the projected

samples to the determinant of the within-class scatter matrix of the projected samples. In other

words LDA tries to find a subspace where the intra-class variance is minimized while the inter-

class variance is maximized. The Fisherfaces method avoids the problem of singularity of the

within-class scatter matrix by projecting the image set to a lower dimensional space using PCA

before applying LDA.

Laplacianfaces (LPP) The LPP approach assumes that the face images reside on a nonlinear

submanifold hidden in the image space. Unlike the Eigenfaces or Fisherfaces method, which

effectively only see the global euclidean structure, LPP finds an embedding that preserves local

information and obtains a subspace that best detects the essential face manifold structure. To

preserve the local structure of the face space, this manifold structure is modeled by a nearest-

neighbor graph. LPP will try to optimally preserve this graph when choosing projections. After

constructing the graph, weights have to be assigned to the edges. Therefore a sparse symmetric
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matrix which holds the weights of the edge joining vertices is constructed. LPP tries to find an

embedding where samples that are close in the original feature space will stay close together in

the smaller dimensional subspace. On the other hand, samples that were far apart in the original

space will be mapped far apart in the new feature space. Similar to the Fisherfaces approach,

the image set is usually projected into the PCA subspace before applying LPP by deleting the

smallest principle components. Details about the algorithm and the underlying theory as well

as the mathematical justification can be found in [58, 69].

The original implementations of Eigenfaces, Fisherfaces, and Laplacianfaces use a simple near-

est neighbor classification method to obtain the final result. However, in general any classifica-

tion algorithm can be used for identification. In the recent past a new and powerful classification

methodology called Sparse Representation Classification (SRC) which is based on Compressed

Sensing (CS), a technique for signal measurement and reconstruction, has been proposed.

Randomfaces Recently, SRC has been successfully applied to face recognition and promising

results were obtained even under difficult lighting conditions and partial occlusion [71]. It is

assumed, that all training samples of a single class lie on one mutual subspace. Thus, given a

sufficiently large number of training samples, a testvector of a certain class can be represented

as a linear combination of training samples of the same class. An introduction to SRC was

given in Section 2.4.2. Usually, the high dimensional face images are first projected into a lower

dimensional subspace using a sensing matrix which underlies the so called Restricted Isometry

Property (RIP) [312]. It can be shown that even a randomly generated projection matrix can

be used for that purpose. Such a matrix can simply be generated by sampling zero-mean

independent identically distributed gaussian entries. A detailed description of the CS based face

recognition algorithm and SRC in general can be found in [71].

After the huge success of SRC several adaptions and extensions have been proposed in the

literature. Two of them are Robust Sparse Coding (RSC) and Regularized Robust Coding

(RRC) which are reviewed in the subsequent paragraphs.

Robust Sparse Coding (RSC) The sparse coding model of SRC assumes that the coding

residual follows a Gaussian or Laplacian distribution. In practice, however, such an assump-

tion is often not accurate enough to describe the coding errors. In [313], Yang et al. proposed

an algorithm called RSC that overcomes these limitations by modeling the sparse coding as a

sparsity-constrained robust regression problem. RSC seeks for the Maximum Likelihood Esti-

mation (MLE) solution of the sparse coding coefficients.

While in SRC the Probability Density Function (PDF) fθ of the coding errors is explicitly

taken as Laplacian or Gaussian distribution, one key-problem in RSC is the estimation of fθ,
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where θ is the parameter set that characterizes the distribution. Since it is hard to determine the

PDF directly, the resulting modified version of the minimization problem is solved by an itera-

tively re-weighted sparse coding algorithm (IRSC). For a detailed explanation of the algorithm

and the underlying theory the interested reader is referred to [313].

Regularized Robust Coding (RRC) The same authors later presented a generalized version

of RSC named RRC, which could robustly regress a given signal with regularized regression

coefficients [314]. By assuming that the coding residual and the coding coefficient are respectively

independent and identically distributed, RRC seeks for a maximum a posteriori (MAP) solution

of the coding problem. An iteratively reweighted regularized robust coding (IR3C) algorithm is

proposed to solve the RRC model efficiently. One important advantage of RRC is its robustness

to various types of outliers (e.g., occlusion, corruption, expression, etc.) by seeking for an

approximate MAP solution of the coding problem. By adaptively and iteratively assigning

weights to the pixels according to their coding residuals, the IR3C algorithm can robustly identify

the outliers and reduce their effects on the coding process. The proposed RRC method was

extensively evaluated for face recognition under different conditions, including variations of

illumination, expression, occlusion, and image corruption. The experimental results clearly

demonstrated that RRC outperforms previous state-of-the-art methods, such as SRC and RSC.

All the above mentioned methods use simple vectorized gray-level intensities as features.

However, since simple pixel information is usually not robust enough to deal with challenging

lighting conditions, partial occlusion, and other extrinsic factors, a number of more powerful

and discriminating features has been proposed in recent years.

Gabor Sparse Representation Classification (GSRC) Gabor features are known to perform

well in face and pattern recognition tasks for humans. Recently, Gabor features have been

used in combination with the SRC scheme in [48] and outperformed the original Randomfaces

algorithm [71], which uses basic pixel information as features. Yang et al. furthermore propose to

apply PCA after feature extraction to obtain a more compact and discriminative representation

of the feature space. The proposed GSRC approach was thoroughly evaluated on benchmark

datasets for face recognition which include variations of illumination, expression, and pose, as

well as block occlusion and disguise. The experimental results clearly demonstrated that the

proposed GSRC has much better performance than SRC, leading to higher recognition rates at

less computational costs.
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Block-based Discrete Cosine Transform (BDCT) Ekenel et al. propose to represent the

appearance of human facial regions using the 2D Discrete Cosine Transform (DCT) on non-

overlapping blocks of the aligned face [315, 316, 307]. The region-based representation of the

facial image provides robustness against appearance variation caused by facial expression and

partial occlusion. The frequency information of the DCT on the other hand provides invariance

to difficult lighting conditions. This is achieved by extracting the first ten AC coefficients of every

block by zig-zag scanning. For lighting normalization, the first DCT coefficient which represents

the DC (zero-frequency) component is discarded and extracted coefficients are subsequently

normalized to unit norm. The overall feature vector is formed by concatenating the obtained

coefficients for every block. Identification is done by a simple nearest neighbor distance-based

classifier achieving state-of-the-art results on official benchmark datasets.

Local Binary Patterns (LBP) The main idea of LBP is to model the local texture of an

image by using the joint distributions of differences between a center pixel and its surrounding

neighbors. Hence, the original LBP descriptor, as proposed by Ojala et al. in [38], thresholds

each 3×3 block within a monochrome image based on its center pixel to obtain a binary number

for each block. As the neighborhood of each pixel consists of 8 neighbors, 28 = 256 different

labels can be obtained depending on the gray values of the center pixel and its eight neighbors.

The statistics of these labels in form of histograms is then commonly used to model the local

texture of images. The original LBP descriptor was later presented in a more general form by the

same authors in [39] using different radii R and number of sampling points P . An introduction

to LBP can be found in Section 2.2.1. Ahonen et al. were the first who applied LBP to the field

of face recognition [317, 50]. As done in the BDCT approach [315] the face image is first divided

into equally sized non-overlapping blocks. A LBP histogram is extracted for each region and the

final feature vector is formed by concatenating the resulting histogram sequences. Ahonen et al.

propose to use a simple χ2-distance based nearest neighbor approach for classification.

Local Ternary Patterns (LTP) One known disadvantage of LBP, however, is that it may not

work well for noisy images or flat regions such as cheeks or the forehead of human faces due to its

thresholding paradigm which is solely based on the gray level value of the center pixel. Moreover,

the reliability of LBP is known to decrease significantly for large illumination changes and

shadowing. To overcome these limitations, Tan and Triggs proposed to replace LBP with a three-

level operator called LTP in [40]. In LTP, the difference of the center pixel and its surrounding

neighbors is encoded using three values (-1,0,1) according to a user specified threshold t. LTPs

could then be encoded in a histogram of 3P different bins, where P is the number of sampling

points. However, this would result in extremely high dimensional feature vectors. Thus, in
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practice LTPs are usually split into two different binary patterns, a “positive” and a “negative”

part. Hence, for every LTP two LBPs can be obtained. The resulting two histogram sequences

are concatenated in a subsequent step for the final LTP histogram descriptor. A more detailed

review of LTP was given in Section 2.2.1. Other than that, Tan and Triggs use the same feature

extraction pipeline as the LBP approach proposed by Ahonen et al. in [317, 50]. However, a

sophisticated pre-processing pipeline including gamma-correction, Difference-of-Gaussian (DoG)

filtering, and contrast normalization was proposed in [40] to enhance the systems robustness to

difficult lighting conditions. Again, the χ2-distance is used for a nearest neighbor classification

paradigm to get a decision.

Local Gabor Binary Pattern Histogram Sequence (LGBPHS) In 2005, Zhang et al. success-

fully combined Gabor wavelets and LBPs to form a new face descriptor called LGBPHS [318].

First, so called Gabor Magnitude Pictures(GMPs) are obtained by convolving Gabor wavelets

of different rotations and scales with the gray-scale input image. Each GMP is then divided

into equally sized non-overlapping regions from where LBP histograms are extracted and con-

catenated to form the final face representation. For recognition, histogram intersection is used

to measure the similarity of concatenated histograms and the nearest neighbor classification

paradigm is applied to obtain a final decision. Experimental evaluations on publicly available

benchmark datasets showed the effectiveness and robustness of the proposed approach

Although some of the above mentioned methods try to incorporate local information by ap-

plying features that efficiently describe the region within a local neighborhood or by dividing the

facial image into non-overlapping blocks, the outcome of each of theses approaches is one single

feature vector that is a representation of the global appearance of the face. However, recently

also other techniques were proposed and evaluated that explicitly exploit local information. The

most important and promising ones are briefly reviewed in the subsequent section.

Local Keypoint Methods

In contrast to holistic methods, face recognition techniques based on local keypoints first try

to detect distinctive facial landmarks such as eyes, nose, and mouth to measure the geometric

relationship between those fiducial points. Simplistic distance measures are subsequently ex-

ploited to match extracted geometrical features. Early approaches in the field of automatic face

recognition were often based on these techniques. One of the earliest algorithms in this field

date back to the mid-1970s [309], where relationships such as distances and angles between 16

different markings were used for recognition. More recently, Cox et al. reported a recognition

rate of 95% on a dataset of 685 individuals in [319]. They manually annotated 35 different facial

landmarks and computed a 30-dimensional feature vector based on a mixture of distances of
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these points. However, facial landmarks were still annotated manually. Therefore, a significant

decrease in accuracy can be expected for a completely automatic system where the location of

automatically detected fiducial points is consequently not as accurate.

However, with the recent success of local keypoint detectors, robust and efficient algorithms

based on local features were proposed. One of the most well-known methods is the Elastic Bunch

Graph Matching (EBGM) approach by Wiskott et al. in [45] which is based on Dynamic Link

Structures [320]. In EBGM, faces are represented as labeled graphs where the nodes represent

local textures obtained by Gabor features (so called “jets”) and the edges represent the distances

between nodes. Hence, a face is represented as a collection of fiducial points and their spatial

arrangement. All instances of frontal faces in the database are represented with the same kind

of graph. A bunch graph is then created by combining the graphs of all faces in the database.

Hence, a certain node of a bunch graph represents the texture of all variants of a specific facial

landmark and the edges represent the mean distance between two fiducial points. More generally,

a bunch graph is an abstract representation of object classes rather than of instances of a certain

object. Thus, EBGM takes advantage of combinatorics of facial landmarks to represent a new

face that was not seen before by the system. Recognition can then simply be done by comparing

the graph of the new face to all graphs in the database and take the one with the highest

similarity score. Albeit the fact that EBGM is one of the best performing algorithms for face

recognition, extensive ground-truth annotation is necessary to properly train the algorithm.

According to [321], elastic bunch graph matching only obtains reasonable results after manually

placing the graphs for at least 70 facial training images per individual. Moreover, due to the

complex 3D structure of a human face, the automatic placement of fiducial points becomes harder

for off-frontal face images. However, a considerable amount of literature has been published

proposing techniques to recognize faces from their profiles [322, 323, 324, 325, 326]. Another

major drawback of EBGM is that it might not work well for data gathered from surveillance

cameras due to the low-resolution character of the images and video sequences [300].

Hybrid Techniques

It is well known from psychophysics and neuroscience that both, holistic and local information,

are crucial for perception and recognition of faces [327, 328, 329]. Thus, also a machine vision

system should utilize both. One of the first hybrid approaches called modular eigenfaces was

presented by Pentland et al. in [330] where the authors extended their earlier system [61]

towards eigenfeatures such as eigeneyes, eigenmouth, etc. Experiments in [330] indicate that

eigenfeatures extracted on different regions of the face are much more robust against different

facial expressions than the holistic eigenfaces approach presented in [61]. This supports the

assumption that locally extracted features are well suited for images with large variations.
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Another interesting biologically inspired approach for hybrid face recognition called Local

Feature Analysis (LFA) in combination with PCA was presented by Penev and Atick in [331].

Unlike the global eigenmodes, LFA gives a description of the face in terms of statistically derived

local features and their positions. In [331], the authors successfully combine the global face

representation extracted by PCA and the local information by LFA to enhance the recognition

performance of both modalities alone.

Also flexible models such as Active Shape Models (ASMs) and Active Appearance Mod-

els (AAMs) which use both, shape and gray-level information, have been used to recognize

faces [332, 333]. ASMs and AAMs are statistical models of generic objects that are deformable

so they can fit themselves to the shape of an object in a new image. After the flexible appear-

ance model was fitted to a new face, shape parameters as well as local gray-value information at

each model point are collected. Then, the face image is transformed to a mean face shape and

shape-free model parameters can be obtained. All three parameter-sets, i.e. shape parameters,

local gray-value information at the model points, and the shape-free model parameters are used

for classification.

A pose and illumination invariant face recognition approach which combines 3D morphable

models and component-based face recognition techniques was presented by Huang et al. in [334].

First, a 3D morphable model of a face of every person in the database is constructed based

on three face images in different poses (frontal, semi-profile, and profile). Once this model

is constructed it can be used to generate arbitrary synthetic images of the same person in

various poses and different lighting conditions. Then, a component-based face recognition system

can be used to identify unseen test images. Similar to EBGM, the main idea of component-

based methods is to decompose a face into its main components, e.g. eyes, mouth, and nose,

and model the interconnections between them with a flexible geometrical model. However, in

Huang et al. simple gray-scale components were used instead of Gabor features as in [45].

Although the proposed system achieved impressive results in experiments conducted in [334],

one major drawback of the system is that the generation of the 3D model is person-specific

and therefore requires cooperation in order to get high-quality images. However, recent success

in face recognition based on 3D morphable models might lead to powerful and robust face

recognition algorithms applicable in real-world environments [335, 336]

A lot of effort has also been put into face recognition using neural networks. One of the first

applications of neural networks to the field of face recognition was presented by Lin et al. in [337]

where they proposed a probabilistic decision-based neural network (PDBNN) for identification.

The system was evaluated on two public benchmark datasets and achieved state-of-the-art re-

sults at that time. Later, a Radial Basis Function (RBF) neural classifier was used by [338] to

cope with the problem of small training sets. Evaluation on publicly available datasets demon-
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strated the efficiency of the proposed learning algorithm with regard to classification and learning

efficiency. With the recent development and success of deep learning [339, 340, 341], artificial

neural networks regained attraction for face recognition. Most recently, Taigman et al. [342]

developed an algorithm called DeepFace which successfully combines 3D modeling of a human

face for alignment and a nine-layer deep neural network for recognition. The system was trained

on an extremely large dataset from Facebook consisting of four million facial images belonging

to more than 4, 000 individuals. It was then tested on the Labeled Faces in the Wild (LFW)

dataset which is one of the most widely acknowledged benchmark dataset for face verification

and recognition in unconstrained environments, achieving an accuracy of 97.35% which is close

to human-level performance.

Table 3.4 gives a brief summary of the face recognition approaches discussed above.

Category Reference Method Description Notes

Holistic Methods Turk et al.

[311]

Eigenfaces (1) Column vectors of

gray-scale information as

features

(2) Dimensionality reduc-

tion using PCA

(3) Euclidean distance-

based nearest neighbor

classifier

(1) Fast and easy to imple-

ment

(2) Gray-scale informa-

tion not robust enough for

recognition in real-world

environments

Belhumeur

et al.

[62]

Fisherfaces (1) Column vectors of

gray-scale information as

features

(2) Dimensionality reduc-

tion using PCA followed

by LDA

(3) Euclidean distance-

based nearest neighbor

classifier

(1) Fast and easy to imple-

ment

(2) Outperforms Eigen-

faces approach on most

datasets

(3) Takes class affiliation

of training data into ac-

count

(4) Limited performance

in real-world settings due

to simple gray-scale infor-

mation as features
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Category Reference Method Description Notes

He et al.

[58]

Laplacian-

faces

(1) Column vectors of

gray-scale information as

features

(2) Dimensionality reduc-

tion using PCA followed

by LPP

(3) Euclidean distance-

based nearest neighbor

classifier

(1) Fast and easy to

implement

(2) Assumes that face

images reside on a non-

linear submanifold

(3) Outperforms Eigen-

faces and Fisherfaces

approach

(4) Simple gray-scale

information not robust

enough in real-world

settings

Wright et al.

[71]

Random-

faces

(1) Column vectors of

gray-scale information as

features

(2) Dimensionality reduc-

tion using random projec-

tion

(3) CS-based classification

(SRC)

(1) Good results even un-

der difficult lighting condi-

tion & partial occlusion

(2) Assumes that test im-

age can be represented

as linear combination of

training images of partic-

ular class

Yang et al.

[313]

Robust

Sparse

Coding

(RSC)

(1) Column vectors of

gray-scale information as

features

(2) SRC assumes that

coding errors follow

Gaussian or Laplacian

distribution

(3) RSC overcomes this

limitation of standard

SRC by iteratively esti-

mating PDF of coding

errors

(1) Outperforms Random-

faces on official bench-

mark datasets

(2) Slower and compu-

tationally more expensive

than Randomfaces
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Category Reference Method Description Notes

Yang et al.

[314]

Regularized

Robust

Coding

(RRC)

(1) Column vectors of

gray-scale intensities as

features

(2) Generalization of RSC

(3) RRC robustly identi-

fies outlier pixels and re-

duce their effect on coding

errors

(1) Robust to various out-

liers caused by expression,

partial occlusion, and illu-

mination changes

(2) Outperforms Random-

faces and RSC

(3) Slower and compu-

tationally more expensive

than Randomfaces and

RSC

Yang et al.

[293]

Gabor

Sparse

Repre-

sentation

Classi-

fication

(GSRC)

(1) Gabor-based features

as descriptors

(2) PCA for dimensional-

ity reduction

(3) SRC for classification

(1) Robust to partial oc-

clusion and illumination

variation

(2) Outperforms Random-

faces approach

(3) Classification compu-

tationally less expensive

than Randomfaces due to

smaller feature size

Ekenel et al.

[308]

Block-

based

Discrete

Cosine

Transform

(BDCT)

(1) Concatenation of first

10 AC DCT-coefficients

on non-overlapping blocks

(2) Classification based

on nearest neighbor ap-

proach using normalized

correlation-based distance

measure

(1) State-of-the-art results

on benchmark datasets

(2) Robustness to differ-

ent lighting conditions by

omitting DC component

of 2D-DCT

(3) Robust to partial oc-

clusion due to block-based

processing

Ahonen et al.

[50]

Local

Binary

Patterns

(LBP)

(1) Face image divided

into equally sized non-

overlapping blocks

(2) Extraction of LBP

histograms on 3×3 neigh-

borhood

(3) χ2-distance based

nearest neighbor classifier

(1) Outperforms pixel-

based face recognition

approaches

(2) Fast and easy to

implement

(3) LBP known to be

prone to noise in non-

textured regions and

illumination changes
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Category Reference Method Description Notes

Tan et al.

[40]

Local

Ternary

Patterns

(LTP)

(1) Extension of LBP

approach

(2) Difference of center

pixel & surrounding

neighbors coded by three-

level operator [-1,0,1]

(3) LTP split into “pos-

itive” and “negative”

part before building his-

tograms

(4) Nearest neighbor

classification using χ2-

distance

(1) Performs better than

LBP-based face recogni-

tion

(2) Additional pre-

processing stages pro-

posed to increase robust-

ness of descriptors

(3) Higher-dimensional

feature vectors than

LBP, thus feature space

transformation might be

necessary for small sample

sizes

Zhang et al.

[318]

Local

Gabor

Binary

Pattern

Histogram

Sequence

(LGBPHS)

(1) Descriptor based on

combination of Gabor

features & LBP

(2) Block-based LBP-

histograms extracted on

every Gabor Magnitude

Picture (GMP)

(3) Nearest neighbor

classification based on

histogram intersections

(1) Evaluation on bench-

mark datasets shows supe-

riority of basic LBP ap-

proach

(2) Combination of Gabor

features and LBP is more

robust than both features

alone

Local Keypoint

Methods

Cox et al. [319] Manual

landmarks

(1) Manual annotation of

35 landmark points

(2) Extraction of 30-D fea-

ture vector based on mix-

ture of distances

(1) High accuracy on

benchmark datasets

(2) Facial landmark points

have to be localized man-

ually

(3) Decrease in perfor-

mance can be expected for

a full-automatic recogni-

tion system
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Category Reference Method Description Notes

Wiskott et al.

[45]

Elastic

Bunch

Graph

Matching

(EBGM)

(1) Faces are represented

by labeled graphs (collec-

tion of fiducial points &

their arrangement)

(2) Nodes of graphs ob-

tained by Gabor features

(“jets”), edges represented

by distances between jets

(3) Bunch graph: com-

bination of graphs of all

faces of an individual

(4) Classification by dis-

tance of test graph with all

graphs in the database

(1) One of the best per-

forming face recognition

algorithms

(2) Extensive ground-

truth annotation neces-

sary (at least 70 training

images per class [321])

(3) Not well suited for

low-resolution data due

to automatic detection of

interest points

Hybrid

Techniques

Pentland et al.

[330]

Modular

Eigenfaces

(1) Extension of Eigen-

faces approach to Eigen-

features (e.g. eigeneyes,

eigennose, eigenmouth,

etc.)

(2) PCA on local regions

instead of whole face

(3) classification of local

regions and majority

voting

(1) Experiments indicate

that Eigenfeatures ex-

tracted on local regions

are more robust against

local changes than global

Eigenfaces approach

(2) Face regions rep-

resented by gray-level

values

(3) Gray-scale informa-

tion not robust enough

for face recognition in

natural environments

Penev et al.

[331]

Local Fea-

ture Anal-

ysis (LFA)

(1) Description of faces in

terms of statistically de-

rived local features & their

positions

(2) Combination of global

Eigenfaces approach and

local information obtained

by LFA

(1) Combination of global

face representation & lo-

cal features enhances ac-

curacy and robustness of

the system

(2) Gray-scale information

of global approach might

be not robust enough
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Category Reference Method Description Notes

Lanitis &

Cootes et al.

[332, 333]

Active

Shape

Models

(ASMs)

Active

Appear-

ance

Models

(AAMs)

(1) Statistical models

of generic deformable

objects

(2) Flexible appearance

models are fit to face

and are subsequently

normalized

(3) Shape-free model

parameters, gray-level

information at keypoints,

and shape parameters

used for classification

(1) Good performances

on various benchmark

datasets

(2) Computationally ex-

pensive

(3) Extensive ground-

truth annotation neces-

sary

(4) Hard to automatically

localize facial landmark

points in real-world

environments

Huang et al.

[334]

3D mor-

phable

models

(1) Generation of 3D mor-

phable model of every per-

son (frontal, semi-profile,

profile)

(2) 3D model used to gen-

erate arbitrary synthetic

face images

(3) Recognition similar to

EBGM but with gray-

scale information as fea-

tures

(1) Impressive results on

benchmark datasets

(2) 3D models are person-

specific, i.e. algorithm

requires close cooperation

with individuals in or-

der to collect high-quality

data

Taigman et al.

[342]

DeepFace (1) Generic 3D model for

face alignment

(2) Deep neural network

for recognition

(1) Excellent results on

Labeled Faces in the Wild

(LFW) database

(2) Results comparable

with human performance

(3) Huge amounts of train-

ing data necessary to train

deep neural network

Table 3.4.: Overview of state-of-the-art algorithms for automatic face recognition.
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Although face recognition algorithms such as EBGM, AAM or methods based on 3D mor-

phable models are capable to reliably identify human beings, they usually require high-resolution

images or videos and often even cooperation of the subject to be identified. Hence, these meth-

ods are not suited well for an application as presented in this thesis since one requirement of the

system is to reliably recognize individuals even under challenging lighting conditions without

any external intervention. Impressive results were recently achieved by the DeepFace algorithm

proposed by Taigman et al. in [342]. However, collecting and annotating huge amounts of

data in natural habitats of great apes is often infeasible which makes training of deep neural

network-based approaches impractical for the task at hand. Keeping all these factors in mind,

a combination of holistic face recognition approaches and local keypoint methods is used within

the proposed PRF which is assumed to be the best choice considering the challenging conditions

in which images and videos of primates are usually captured.

3.4. Chapter Summary

In this chapter, an overview of existing computer vision approaches for non-invasive animal

monitoring was given. State-of-the-art algorithms in the new and growing research discipline of

Visual Animal Biometrics were reviewed and advantages as well as disadvantages of the proposed

approaches were revealed. It was shown that a number of promising algorithms are already

available to support biologist with tedious annotation work of remotely gathered image and

video footage. This not only includes the detection, tracking, and behavioral analysis of animals

(see Section 3.2.1) but also individual identification and species recognition (see Section 3.2.2).

However, a vast number of proposed algorithms was evaluated on datasets gathered in constraint

environments that do not reflect difficulties present in real-world scenarios. Although a minority

of systems exist that have proven to achieve adequate results even in natural settings, they are

often limited to patterned animals and utilize individually unique markings on fur, skin or other

external organs for detection or identification. However, for a variety of non-patterned animal

species such approaches are often infeasible since unique markings are either not present or

cannot be used in a non-intrusive way due to limited resolution of gathered image and video

material. Furthermore, since the primate identification system presented in this thesis is based

on face recognition, the second part of this chapter focused on state-of-the-art face recognition

algorithms developed to identify humans in images or video sequences. After presenting a coarse

taxonomy of face recognition techniques, a number of holistic algorithms were reviewed more

carefully since they serve as benchmark methods for the proposed PRF. A thorough evaluation

and comparison of these algorithms applied to the datasets used within this thesis is given in

Chapter 5.
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4. Identification of Primates using Face Recognition

4.1. Chapter Overview

As already discussed in Chapter 3.2, most state-of-the-art algorithms for automated non-invasive

identification of animals in images or videos are based on characteristic coat patterns or other

individually unique natural markings. Unfortunately, such approaches are often infeasible for

the identification of great apes since unique patterns on fur or skin are not existent or cannot be

used due to limited camera resolution. Based on the assumption that humans and our closest

relatives share similar properties of their facial appearance, a completely autonomous unified

face recognition framework, including face detection, face alignment, and face recognition, is

proposed to identify primates in their natural habitats. A detailed description of the proposed

facial recognition system for images and videos is given in this chapter.

Section 4.2 introduces the proposed Primate Recognition Framework (PRF) for recognition

of primates in still images. It is first explained how faces as well as facial features such as eyes and

mouth are automatically detected. Secondly, based on the located eye and mouth coordinates

detected faces are aligned in order to achieve comparability of faces across the entire database.

Finally, global as well as local visual descriptors are extracted from the aligned and normalized

faces in order to subsequently recognize them. To further enhance the system’s robustness to

various extrinsic and intrinsic factors a simple but efficient decision fusion scheme is proposed

which combines the advantages of global face representation as well as information extracted

from local keypoints.

Section 4.3 extends these ideas and shows how temporal information in video recordings

can be efficiently exploited to further enhance the system’s performance. Therefore, once a

face is detected it is tracked through the video sequence. Furthermore, a number of quality

assessment modules are proposed in order automatically select the frames which are best suited

for recognition. Hence, identification is done only in those frames of a given face-track which

contain high-quality facial images. Finally, a novel frame-weighting technique assigns weights

to each processed frame and aggregates the results in order to obtain a final prediction per

face-track.

4.2. Face Recognition in Images

Figure 4.1 gives an overview of the proposed system for primate face recognition in images. It

comprises three main components:
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1. Face and facial feature detection: First, primate faces are automatically detected.

This step not only includes the location of faces but also an estimate of size and resolution.

Furthermore, facial features, i.e. both eyes and the mouth, are located automatically

within each face region.

2. Pre-processing: Secondly, a number of pre-processing steps such as face alignment and

gray-scale conversion are applied to ensure comparability of facial images.

3. Face Recognition: The third and last step recognizes the detected and normalized faces

and assigns identities to them if they are known to the system. However, if the detected

face belongs to an individual which is not represented in the training database it gets

rejected as unknown.

Figure 4.1.: Overview of the proposed system for primate face identification in images. After all possible
faces in an image or video sequence were detected, each face is aligned and converted to gray-scale in order
to ensure comparability of faces across the entire dataset. In the final stage of the proposed framework, the
detected and aligned faces are identified using feature extraction, feature space transformation and classification
techniques.

A detailed description of every component of the proposed system is given in the following

subsections. Although parts of the developed PRF were already published in various scientific

conferences and journals [2, 3, 4, 5, 6, 7, 8, 9, 10, 11] each module necessary for accurate and

robust detection and identification of great apes based on their facial appearance is covered in

more detail within this thesis.
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4.2.1. Face and Facial Feature Detection

Within this thesis an external face detection library called Sophisticated High-Speed Object

Recognition Engine (SHORE
TM

)1, developed by Fraunhofer Institute for Integrated Circuits

(IIS), is utilized to localize faces of great apes in image and video footage. SHORE
TM

allows

real-time robust detection and tracking of frontal primate faces in images and videos. For

completeness, a brief overview of the face detection library is given in this section. For a more

thorough and detailed description of the algorithms used for face detection and tracking, the

reader is referred to [9, 113, 343].

Rigid object detectors are known to perform well for human face detection in images and videos

[99]. Starting from the assumption that humans and our closest relatives share similar properties

of the face, state-of-the-art face detection algorithms should therefore be able to detect faces of

great apes as well. For this purpose, SHORE
TM

has been extended to automatically localize faces

of primates. Ernst and Küblbeck [113] utilize a detection model comprising multiple consecutive

classification stages with increasing complexity to detect faces of chimpanzees and gorillas in

images and video sequences. Each stage comprises a feature extraction step and a look-up table

based classifier built in an offline training procedure using Real-AdaBoost [115].

Real-time capability is achieved by using simple and fast pixel-based features in the first stages

and more sophisticated and therefore more complex descriptors in subsequent stages. The first

stages can be considered as a fast but inaccurate candidate search while the remaining stages

focus on slower but more accurate classification. Each stage comprises one out of three illumina-

tion invariant features: edge orientation features, census features, and structure features. Edge

orientation features represent pixel-based gradient directions and are extracted by first applying

a 3×3 Sobel operator in horizontal and vertical direction which results in gradient images Ix and

Iy. The final feature vector is constructed by calculating quantized gradient directions using

atan2(Ix, Iy) and a quantization interval of 35 bins. In subsequent classification stages more

complex but also more sophisticated features called census features [114] are extracted which

encode local brightness changes within a 3× 3 neighborhood around each pixel. Therefore, each

pixel is compared to its eight neighbors and an 8-digit binary number is derived by assigning a

“1” if the intensity of the neighborhood pixel is higher than the current pixel and “0” otherwise.

In the final classification stages, structure features which are built out of scaled versions of cen-

sus features are extracted on image regions. To improve the system’s robustness against facial

variations and in-plane rotations, a set of annotated face samples are cut out and modified with

slight random variations such as rotation, mirroring, and translation. Figure 4.2 shows positive

examples of the face detection training set for chimpanzees (a) and gorillas (b).

1http://www.iis.fraunhofer.de/en/bf/bsy/produkte/shore.html Last visit: January 23rd, 2014

http://www.iis.fraunhofer.de/en/bf/bsy/produkte/shore.html
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(a) (b)

Figure 4.2.: Positive examples of chimpanzee and gorilla faces used to train the face detector. An-
notated chimpanzee (a) and gorilla faces (b) were cut out multiple times and modified with slight random
modifications in order to increase the systems robustness to facial variations. Image source: [113].

Non-face data was generated by randomly cropping patches from images without faces. This

data serves as initial negative training data. Subsequently, further non-face data was gathered

by bootstrapping the initial model on images without ape faces.

For the actual detection, the gray scaled input image is initially convolved with a 3× 3 mean

filter kernel to compensate noise. While the detection model is fixed with a size of 24×24 pixels,

the mean filtered image is downscaled multiple times using a scaling factor of 1.24 to build an

image pyramid. A real-time capable coarse to fine search is applied by shifting the detection

window across every pyramid level to achieve scale invariance. To ensure real-time performance,

only candidate face regions which achieve high confidences in the first stages reach the slower

but more accurate detection stages. Detections in multiple pyramid levels are subsequently

merged to a single detection with mean size and location. Examples of detected primate faces

in their natural habitats can be seen in Figure 4.3. Although cluttered background and extreme

lighting conditions place high demands on the face detection framework, SHORE
TM

provides

accurate results for frontal face detection with low false-positive and negative rates. A thorough

evaluation of the detection performance can be found in [9, 113].

After face detection, SHORE
TM

additionally locates facial features such as eyes and mouth

within each face region using the same algorithms as explained above. However, detection models

for facial features are simpler and less powerful compared to the original facial models since few

false positive detections can be expected within a small region of interest. Eye and mouth

regions were cut out from annotated training samples and detection models of size 16×16 pixels

were generated for training. Within each located face region, predefined areas around both eyes

and the mouth are scanned thoroughly by applying the appropriate model in different pyramid

levels to locate facial feature points. In case eyes or mouth could not be detected, fixed markers

relative to the borders of the region of interest are used as coarse facial feature locations.
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Figure 4.3.: Detection results by SHORE
TM

of near-frontal chimpanzee and gorilla faces in their
natural habitats. Detected faces are marked with green rectangles. The species is automatically assigned
to every face using the detection scores of the chimpanzee and the gorilla model, respectively. Both scores
are superimposed in yellow ([chimp-score|gorilla-score]). In case one detection model did not find a face, the
corresponding detection score is replaced by hyphens. Although background clutter and challenging lighting

conditions place high demands on SHORE
TM

only few faces were missed (blue arrow) and few false positive
detections occurred (red arrows). Image source: [113]. [I02, I03]

In addition to real-time capable face detection in images and videos, Ernst et al. also pro-

posed methods to automatically distinguish between chimpanzees and gorillas [113]. The first

approach utilizes the detection scores of the applied face detection models for chimpanzees and

gorillas. For the second method a separate classification model is trained based on structure

features only and applied to the detected face. Both techniques for species classification perform

remarkably well with over 90% accuracy. Although SHORE
TM

has been proven to be robust

against difficult lighting situations, it lacks in robustness to severe occlusion and far-off frontal

poses. As demonstrated by Sandwell and Burghardt in [126], Deformable Part Based Models

(DPM) can be used to locate primate faces in non-frontal poses as well. However, as stated in

[126], this approach is not yet real-time capable. Furthermore, faces often are expected to be in

a near-frontal pose for subsequent analysis such as individual identification for instance. There-

fore, the approach by Ernst and Küblbeck [113] has been used in this thesis to automatically

detect faces and facial features of chimpanzees and gorillas.

4.2.2. Face Alignment

An important step for robust and accurate face recognition is the alignment of detected faces.

An affine transformation is applied to ensure that facial features such as eyes and mouth are

located at the same positions throughout the entire dataset which guarantees comparability of

extracted visual descriptors for all faces.
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Moreover, a proper alignment of faces minimizes the influence of unwanted background which

significantly improves recognition performance.

A thorough introduction to projective geometry and transformations in 2D space can be found

in [344]. As defined in [344], in general a projective transformation is a linear transformation of

a homogeneous 3D-vector z = [x, y, z]T represented by a 3× 3 matrix H as

z′ =

h11 h12 h13

h21 h22 h23

h31 h32 h33


xy
z

 = Hz, (4.1)

were H is a non-singular transformation matrix and z′ = [x′, y′, z′]T is the transformed vector.

It can be shown that projective transformations form a group which can be further divided into

several specializations or subgroups: the Euclidean group, the Similarity group, and the Affine

group which form a hierarchy of transformations.

As stated earlier, an affine transformation is used in this thesis for face alignment. It can be

shown that an affine transformation actually is a composition of two fundamental transforma-

tions: rotation and anisotropic scaling [344]. Thus, Equation 4.1 reduces to

z′ =

a11 a12 tx

a21 a22 ty

0 0 1


xy

1

 =

[
A t

0T 1

]
z = HAz (4.2)

where A is a 2 × 2 non-singular matrix and t is a 2D column vector. In order to compute the

transformation matrix HA, three point correspondences are required. Hence, the coordinates of

the three facial feature points detected by SHORE
TM

are utilized for face alignment: the left

eye, the right eye, and the mouth (see Section 4.2.1). Thus, the first step of face alignment is to

find a transformation matrix HA which maps these landmark points to predefined coordinates.

Once HA has been computed it can be applied to the whole face image for alignment. Within

the proposed application, the automatically detected landmark points are mapped as follows:

Left eye: xLE = [xLE, yLE]T 7→ [0.75w, 0.3h]T

Right eye: xRE = [xRE, yRE]T 7→ [0.25w, 0.3h]T

Mouth: xM = [xM, yM]T 7→ [0.5w, 0.9h]T,

where w and h are the width and the height of the cropped face region, respectively. Figure 4.4

illustrates the proposed face alignment procedure on a chimpanzee face.

It can be seen in Figure 4.4 that the applied face alignment step not only ensures that facial

features are located at the same position throughout the entire dataset but also minimizes the

effect of background clutter which is a prerequisite to perform robust face recognition in practice.
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(a) (b) (c)

Figure 4.4.: Face alignment of a chimpanzee face. The figure illustrates the proposed face alignment
procedure using an affine transform. The coordinates of the left and right eye as well as the mouth of the
unaligned image (a) are used the compute a transformation matrix HA. The face is then rotated into an
upright position such that both eyes lie on a horizontal line (b). Finally, the face is warped such that both
eyes and the mouth are located at the same predefined positions throughout the entire dataset (c). Note that
these transformations are actually performed in one single step by applying the obtained affine transformation
matrix HA.

One of the main purposes of the proposed PRF is to support the annotation of camera

trap data recorded by biologists. Hence, a basic requirement of the developed system is its

independence of the recording type, i.e. face detection and recognition should work equally well

for color, gray-scale, or infrared image and video footage. Therefore, the aligned face images

are subsequently converted to gray-scale. Moreover, all facial images are then scaled to a fixed

size of 64× 64 pixels which is also the minimum image sized allowed to be processed within the

proposed framework. The choice of the minimal image size is critical: Too low resolved face

images lack in facial details which are important for accurate identification. Too large image

sizes on the other hand would result in high false negative rates for low-resolution footage since

many faces would not be processed by the system. Typical choices for critical image sizes in the

face recognition literature are typically 128 × 128 pixels and above. Wright et al. for instance

chose a minimal image size of 192× 168 pixels for their experiments [71], whereas Ahonen et al.

observed that their algorithm performs best with an image size of at least 128 × 128 pixels.

Keeping in mind the relatively low-resolution video files obtained from camera traps commonly

used by biologists during field studies, a size of 64× 64 pixels is an acceptable trade-off between

face recognition performance, processing time, and false negative rates.

It will be shown in Section 5.4.1 that the face descriptors used within the proposed framework

do not benefit from an additional lighting normalization. Therefore, no further pre-processing

and normalization steps are performed after face alignment, resizing, and gray-scale conversion.
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4.2.3. Individual Identification

Individual identification is the main part of the proposed system and comprises three steps:

feature extraction, feature space transformation, and classification. First, global as well as local

visual features are extracted which are both well suited for discrimination. While global de-

scriptors represent the whole appearance of an ape’s face, local features around certain facial

fiducial points are more robust against local changes as they only encode detailed traits of the

corresponding point of interest. Furthermore, it is well known from psychophysics and neuro-

science that both holistic and local information are crucial for perception and recognition of

faces [327, 328, 329].

As both descriptors are too high-dimensional to perform fast and efficient face recognition

in practice, a feature space transformation technique called Locality Preserving Projections

(LPP) [58] is subsequently applied to obtain a lower dimensional feature space without losing

information which is important for discrimination. The resulting lower dimensional feature vec-

tors are then used for classification. After classifying global and local feature vectors separately,

a decision fusion technique that takes the confidences of both classifiers into account is applied

which yields the final result. Figure 4.5 illustrates the proposed decision fusion scheme.

Figure 4.5.: The proposed decision fusion scheme to identify primates. The figure shows the proposed
fusion scheme which combines the results of global Gabor-based features and local Speeded-Up Robust Features
(SURF). Local features are extracted from six different keypoints around both eyes and the nose which are
subsequently concatenated. Both global and local features are then projected into a smaller dimensional
subspace using LPP. The global descriptor is classified using Sparse Representation Classification (SRC) while
the local feature vector is classified by a Support Vector Machine (SVM) with Radial Basis Function (RBF)
kernel. The ranked results are then combined using a decision fusion rank sum method in order to obtain the
final result.
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4.2.3.1. Face Recognition Using Global Features

Global Face Representation using Enhanced Local Gabor Ternary Pattern Histogram Se-

quence (ELGTPHS) Inspired by the work of Zhang et al. [318] a robust face descriptor called

ELGTPHS is proposed in this section to compactly capture the global appearance of a primate’s

face. A descriptor of a facial image is extracted by concatenating the histograms resulting from

Extended Local Ternary Patterns (ELTP) [40, 345] over different regions of the image. To fur-

ther enhance the discriminative power of the descriptor, instead of extracting ELTPs directly on

the gray scale intensity image they are computed on several Gabor Magnitude Pictures(GMPs)

obtained from convolving the facial image with multi-scale and multi-orientation Gabor ker-

nels [37]. Thus, two complimentary descriptors are combined on the feature level due to ELTP’s

capability to capture small appearance details while Gabor wavelets encode facial features on a

broad range of scales and orientations. Furthermore, spatial information is encoded by dividing

each GMP into multiple non-overlapping cells and calculating a histogram representation for

each block separately before concatenation.

Figure 4.6 illustrates the process of extracting the proposed ELGTPHS descriptor on facial

images, while details are given in the subsequent sections.

Figure 4.6.: The proposed global feature extraction pipeline. The figure shows the process of extracting
the proposed ELGTPHS descriptor. First, GMPs are calculated by convolving the gray-scale input image with
Gabor kernels of different orientation and scales. Subsequently, each GMP is divided into non-overlapping
blocks and ELTP histograms are extracted from every region separately. The obtained histograms from each
region of all GMPs are then concatenated to form the final feature vector.
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Conclusively, the calculation of the global facial descriptor used in this thesis can be summa-

rized as follows:

1. GMPs are calculated by convolving Gabor wavelets at different orientations and scales

with the (aligned) gray-scale input image.

2. Each GMP is divided into multiple non-overlapping regions to preserve spatial information.

3. ELTP histograms are extracted from each cell of all GMPs and concatenated to form the

final feature vector.

Gabor Magnitude Pictures(GMPs) The first step to extract the proposed ELGTPHS de-

scriptor is to calculate the GMPs by convolving the input image I(z) with a set of 2D Gabor

kernels Ψµ,ν(z), where z = (x, y) is the pixel location.

Gµ,ν(z) = I(z) ∗Ψµ,ν(z) (4.3)

An introduction to Gabor wavelets was given in Section 2.2.1. Figure 4.7 shows the GMP as a

result of the convolution of an input image and a 2D Gabor kernel.

(a) (b) (c)

Figure 4.7.: The Gabor Magnitude Picture (GMP) and the according Gabor wavelet. The figure shows
the result of the convolution of an input image (a) with a Gabor kernel. The resulting GMP is illustrated in
(b) while the real part of the according Gabor kernel of size 21 × 21 is shown in (c). The parameters for the
generation of the Gabor kernel were set as follows: kmax = π

2
, f =

√
2, σ = π, θµ = 3π

4
, and ν = 3.

As in most image processing applications a square kernel with odd side-length H is used in

this thesis. In order to obtain a suitable kernel size, the wavelets are further cropped such that

p percent of the energy of all Gabor wavelets are preserved, where p is a user-defined parameter.

Let |Ψµ,ν(z)| be the magnitude of the complex Gabor wavelet at rotation µ and scale ν be

defined as

|Ψµ,ν(z)| =
√
<{Ψµ,ν(z)}2 + ={Ψµ,ν(z)}2, (4.4)
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where <{·} denotes the real part and ={·} the imaginary part of the complex Gabor kernel.

The energy ratio over all F · S Gabor kernels R(s) can then be calculated as

R(s) =

S−1∑
ν=0

F−1∑
µ=0

(
Eµ,ν
Esµ,ν

)
, (4.5)

where the total wavelet energy is defined as Eµ,ν =
∑

z |Ψµ,ν(z)|2 and Esµ,ν =
∑H−s

z=s |Ψµ,ν(z)|2

is the energy of the cropped version of the Gabor kernel at scale ν and rotation µ. The final

index sf is then given by

sf = sc − 1 where the condition R(sc) <
p

100
is reached. (4.6)

As proposed in [48], p was set to 90 within the proposed framework which means that all Gabor

wavelets were cropped such that 90% of their overall energy are preserved within the filter

kernels.

After convolving the input image I(z) with each Gabor wavelet obtained from all scales and

all orientations, the set S = {|Gµ,ν(z)| : ν ∈ {0, . . . , S}, µ ∈ {0, . . . , F}} forms the overall GMP

representation of the image I(z) from where region-based ELTP histograms are extracted. A

common choice for the number of orientations F and the number of scales S for the creation of

Gabor wavelets is 8 and 5, respectively, which is agreed to perform well in most pattern recogni-

tion tasks and face recognition in particular [48, 42, 346]. Setting the number of orientations to

8 corresponds to an angle of π4 between consecutive wavelets which means that edge information

of 45◦ increments are represented in the final descriptor. A total number of 5 scales is a good

choice for most face recognition applications since coarse structures as well as granular details

of a face can be captured for identification. All other parameters for the generation of Gabor

kernels are set as described in [48] and are summarized in Table B.1.

Extended Local Ternary Patterns (ELTP) As stated earlier, Gabor-based features and

ELTP are fused on the feature level in order to combine the advantages of both descriptors.

Region-based ELTP histograms are extracted from the multi-scale, multi-orientation GMPs

obtained from the previous step and are subsequently concatenated to form the final feature

vector.

In order to encode spatial information into the final descriptor, every GMP is first divided into

B×B non-overlapping quadratic regions from where ELTP feature histograms are subsequently

extracted. Too many number of blocks would result in unnecessary high-dimensional feature

vectors without additional benefit. Within this thesis B is set to 3 since this is a reasonable

compromise between descriptor size and exploitation of spatial information [50].
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The ELTP descriptor is an extension of the well-known texture representation based on Local

Ternary Patterns (LTP) proposed by Tan and Triggs in [40]. To recall from Section 2.2.1,

Tan and Triggs [40] proposed to overcome the limitations of the generic Local Binary Patterns

(LBP) descriptor [39] by replacing the binary encoded operator with a ternary code. Hence,

the difference of the center pixel and its surrounding neighbors is encoded using three values

{−1, 0, 1} according to a user specified threshold t. Thus, the thresholding function of LTP

s(zp, zc, t) is defined as

s(zp, zc, t) =


1, zp ≥ zc + t

0, |zp − zc| < t

−1, zp ≤ zc − t,

(4.7)

where zc represents the center pixel and zp is neighboring pixel at location p. A graphical illus-

tration of the basic LTP operator is shown in Figure 2.5. Instead of encoding the local ternary

pattern in a histogram of 3P different bins, it is split into two separate LBP maps from which

histograms are calculated and concatenated to form the final descriptor. Figure 2.6 illustrates

this procedure. In this thesis, LTPu2
(P,R) operators are extracted from a (P,R) neighborhood,

where P represents the number of neighboring points within a radius R around the center pixel

and u2 indicates that uniform patterns are taken into account (see Section 2.2.1 for details).

Hence, the negative and the positive part of the LTP operator are treated as uniform patterns,

i.e. binary codes with more than two transitions U are assigned to one single bin while there is

a separate label for every binary pattern with U ≤ 2. Ahonen et al. found in [50] that 85.2% of

LBP patterns in the (8, 2) neighborhood are uniform for images of a human face. Consequently,

using non-uniform patterns would lead to sparse histograms and hence to unnecessarily large

feature vectors. Secondly, experiments in various publications suggest that in general uniform

LBP/LTP operators lead to more robust and accurate descriptors [39, 50, 49]. Since Tan and

Triggs [40] found that for face recognition LTP(8,2) operators perform best, LTP-histograms are

extracted around a (P,R) = (8, 2) neighborhood within the proposed framework. Moreover,

instead of applying a fixed user-defined threshold t, an extension called ELTP, introduced by

Liao et al. in [345], is applied within the proposed PRF. More specifically, t is defined by the

statistics of the current LTP region and is calculated by t = α · σ, where σ represents the stan-

dard deviation of the image patch and 0 < α ≤ 1 is a user-defined scaling factor. As suggested

by Liao et al. in [345], α was set to 0.2 for the experiments conducted in this thesis. Once the

ELTP histograms of all non-overlapping regions of each GMP have been extracted, the final

feature vector is given by concatenating all extracted ELTP histograms.
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Note that a number of parameters have to be taken into account for the extraction of the

proposed ELGTPHS descriptor. The values of all parameters necessary for ELGTPHS feature

extraction have been discussed in the previous sections and are summarized in Table B.1.

Feature Space Transformation Using Locality Preserving Projections (LPP) The output of

the proposed ELGTPHS descriptor is a high dimensional feature vector which is too large to

perform fast and efficient face recognition in practice. Moreover, the “curse of dimensionality”

[347] is a well known problem in machine learning and face recognition in particular. It describes

the phenomenon that as data dimensionality increases it becomes more and more difficult to

extract meaningful conclusions out of the data. Beyer et al. showed in [348] that under very

general conditions all metrics and metric-like structures will suffer from the problem that if

the dimensionality of the feature space is high enough the relative separation between the data

points is nearly zero. In practice, feature space transformation techniques can be applied to

overcome this general difficulty of machine learning. Moreover, it is well known that supervised

dimensionality reduction techniques can help classifiers to perform better in many applications

since samples that belong to the same class are mapped closer together while items from differ-

ent classes are mapped further apart. This fact often helps classification algorithms to better

discriminate between classes. Therefore, dimensionality reduction is an important step within

the proposed PRF.

Fortunately, as stated in Section 2.3, it can be shown that the intrinsic dimensionality of the

data is much lower than the original feature space. Hence, the high-dimensional feature vectors

X = [x1, · · · ,xN ] of size n can be projected into a smaller dimensional subspace of size m

which preserves most of the discriminating information by applying a unitary projection matrix

W ∈ Rn×m.

yk = WTxk; with xk ∈ Rn×1, yk ∈ Rm×1, m� n. (4.8)

The resulting feature vectors yk ∈ Rm×1, with k = 1, · · · , N , can then be used for classification.

Two popular eigenvector-based techniques for linear feature space transformation are Princi-

pal Component Analysis (PCA) and Linear Discriminant Analysis (LDA). Both dimensionality

reduction algorithms were reviewed in Section 2.3.

One major disadvantage of both methods is that they only see the global euclidean structure

of the feature space. In face recognition however it is known that “[...] the variations between the

images of the same face due to illumination and lighting direction are almost always larger than

image variations due to a change in face identity [...]” [349]. Although the proposed ELGTPHS

descriptor is designed to be robust against those kinds of image variations, this statement is still

true. A number of non-linear techniques to generate a low-dimensional representation from a

high-dimensional ambient space have been proposed over the past decade [53, 54, 55, 56, 57].
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However, as stated by He et al. in [58], although those methods achieve impressive results on

artificial benchmark datasets, the obtained mappings are defined only on the training set and it

often remains unclear how to apply the obtained mapping to unseen test data.

Also generalized versions of PCA and LDA were proposed which apply the so called kernel-

trick for nonlinear embedding [67, 68]. However, these methods do not explicitly consider the

special manifold structure of the feature space. Thus, a linear feature space transformation

technique called LPP is proposed for dimensionality reduction in this thesis. LPP, developed

by He et al. in [58], finds an embedding that preserves local information and thus fulfills the

requirements for robust and efficient face recognition of great apes.

To recall from Section 2.3.3, LPP first defines an adjacency graph G and an edge is put between

two nodes k and j if they are “close”, i.e. if they are within a user-defined ε-neighborhood. Thus,

in the original implementation of LPP, G is modeled in an unsupervised fashion. However, the

optimal choice of the distance-threshold ε often remains unclear and highly depends on the

data and the application. Hence, in this thesis the nearest-neighbor graph is modeled in a

supervised fashion which is known to usually give better results than unsupervised approaches

for subsequent classification [62, 350]. Therefore, an edge is put between two nodes k and j if they

belong to the same class: cxk = cxj . Hence, the calculation of the weights from Equation 2.15

is modified as follows:

Sk,j =

e−
‖xk−xj‖

2

2σ2 , if cxk = cxj

0, otherwise.
(4.9)

Wang et al. investigated the influence of the heat kernel parameter σ on face recognition per-

formances of the Laplacianfaces algorithm on various public benchmark datasets in [351]. They

found that its performance is rather insensitive to the choice of σ and the experimental results

suggest that setting σ = 100 is reasonable for most applications. Furthermore, the original fea-

tures are first projected into the PCA subspace prior to LPP by deleting the smallest principle

components which not only speeds up the performance but is also known to perform better then

PCA or LPP alone [109]2. Thus, the final embedding is as follows:

W = WPCAWLPP, (4.10)

where WPCA is the transformation matrix of size n×m and WLPP is the projection matrix of

size m×m resulting from the subsequent LPP algorithm.

2Recall that this procedure was also proposed by [62] for the Fisherfaces algorithm to overcome the singularity
problem of the within-class scatter matrix Sw (see Section 2.3)
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Hence, the final transformation can be obtained by

xk 7−→ yk = WTxk. (4.11)

The choice of m is one of the most critical ones within the proposed PRF. Too high dimensional

feature vectors compared to the sample size entail the risk of the curse of dimensionality while

too small dimensional descriptors might produce bad results since too much information was

discarded. A good choice of the dimensionality of the feature space strongly depends on the size

of the dataset which is used to train the system [347].

The dataset used for evaluation of the Randomfaces algorithm by Wright et al. [71] contained

700 training images while the length of the feature vectors after random projection was set

to 540. Therefore, the ratio of training images to the length of feature vectors was set to

approximately 1.3 for the widely acclaimed Randomfaces algorithm. The smallest dataset used

for experimentation in this thesis consists of 572 facial images of 24 individuals3. About 9
10 of

this data is used for training. Therefore, the size of the feature vectors after projection was set

to m = 160 which - given the size of the utilized datasets - is small enough to overcome the

curse of dimensionality but at the same time large enough to maintain most of the descriptor’s

discriminative capability. In other words, for the smallest dataset used for experimentation more

than three times more samples than features were utilized to learn the task at hand. For the

second dataset, even five times more samples than features were within the training database.

Classification Using Sparse Representation Classification (SRC) For the classification of

global features, the SRC paradigm developed by Wright et al. [71] is used to identify indi-

vidual great apes. A brief introduction to Compressed Sensing (CS) theory and SRC can be

found in Section 2.4.2. As already discussed, the core idea of SRC is to represent a test sample

t as a linear combination of the training samples A

t = Ap1, (4.12)

where the sparse coefficient vector p1 can be found by solving a convex optimization problem via

`1-norm minimization. Motivated by CS theory, the development of fast and accurate algorithms

for `1-norm minimization has received significant attention during the past years.

3Detailed information about all datasets used for evaluation can be found in Table 5.3.
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An overview and comparison of existing algorithms can be found in [352]4. Within the pro-

posed PRF, the Gradient Projection for Sparse Reconstruction (GPSR) algorithm proposed by

Figueiredo et al. in [353] is utilized for solving the `1-norm minimization problem5.

Note that Figueiredo et al. solve the convex unconstrained optimization problem

arg min
p

1

2
‖y −Ap‖22 + τ‖p‖1, (4.13)

where τ is a real-valued non-negative parameter of the objective function. It can be shown via

convex analysis that problem 4.13 is closely related to the convex optimization problem given

in Equation 2.28.

Experimental comparisons of GPSR to other state-of-the-art greedy scheme-based optimiza-

tion algorithms such as Matching Pursuit (MP) and Orthogonal Matching Pursuit (OMP)

[354, 355] showed that the proposed method is significantly faster, more efficient, and at the

same time more accurate than competing algorithms. Moreover, it has been shown that GPSR

works well across a large scale of applications without the requirement for application-specific

tuning. For details regarding the mathematical justification and the functionality of GPSR as

well as detailed comparisons to other approaches, the interested reader is referred to [353].

As suggested in [353], the parameter τ is set to τ = 0.1‖ATy‖∞ in this thesis, where ‖ · ‖∞
denotes the `∞-norm which in finite dimensional space is equivalent to the supremum of ATy,

sup{ATy}.
To recall the main idea of SRC-based classification it is summarized in algorithm 1.

As done in [71], a simple example is conducted to show the superiority of `1-norm minimiza-

tion over `2-norm minimization in the context of automatic face recognition. A facial image of

a chimpanzee is first downsampled to a size of 15× 10 and subsequently vectorized. Thus, the

150-dimensional vector of gray-level intensities serves as feature vector t. Figure 4.8 compares

the results of Equation 2.28 (a) and 2.26 (c) after solving the underdetermined system of linear

equations t = Ap using `1-norm minimization and `2-norm minimization, respectively. Further-

more, in Figure 4.8(a) two example images are plotted that correspond to the two maximum

values in p̂1. Additionally, Figures 4.8(b) and 4.8(d) show the residuals of Equation 2.29 for `1-

norm and `2-norm minimization, respectively. For `1 minimization the test image t is correctly

identified as subject 1, while for `2-norm minimization the test image is misclassified as class 12

which is due to the dense coefficient vector p̂2.

4The “`1-magic” toolbox, a collection of MATLAB routines for solving convex optimization problems via `1-
norm minimization, has recently been published and can be downloaded at http://users.ece.gatech.edu/

~justin/l1magic. Last visit: April 2nd, 2014
5A MATLAB implementation of GPSR can be found at http://www.lx.it.pt/~mtf/GPSR/. Last visit: April

2nd, 2014

http://users.ece.gatech.edu/~justin/l1magic
http://users.ece.gatech.edu/~justin/l1magic
http://www.lx.it.pt/~mtf/GPSR/
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Algorithm 1 Sparse Representation-based Classification (SRC)

Require: A = [A1,A2, · · · ,AC ] = [a1,a2, · · · ,al] ∈ Rm×l: transformed matrix of training samples
t ∈ Rm×1: transformed test sample
δi ∈ Bl×1 for i = 1, · · · , C: characteristic function for every class

1: function SRC(A, t, δi)
2:

3: for k ← 1 to l do
4: ak ← ak

‖ak‖ . Normalize columns of A to have unit `2-norm
5: end for
6: t ← t

‖t‖ . Normalize t to have unit `2-norm

7: p̂1 ← arg minp ‖p‖1 subject to t = Ap . Solve the convex optimization problem via
`1-norm minimization

8: for i← 1 to C do
9: ri(t) ← ‖t−A(δi � p̂1)‖2 . Compute residuals for every class

10: end for
11: ID(t) ← arg mini ri(t) . The identity is the class with the minimum residual
12: return ID(t)
13: end function

As can be seen from Section 4.2.3.1 and according subsections, a number of parameters for

global feature extraction, feature space transformation, and classification exist. A thorough

tuning and experimental evaluation of all these parameters across their entire ranges is out of

the scope of this thesis and is even infeasible in practice due to limited data sizes. Hence, all

parameters were set to established and reasonable default values as described above. Table B.1

gives an overview of the applied parameters for the global face recognition pipeline.

4.2.3.2. Face Recognition Using Local Features

It is well known from psychophysics and neuroscience that both holistic and local information

are important for perception and recognition of faces [327, 328, 329]. Additionally, it has been

reported in the literature that different feature representations tend to misclassify different

patterns [356]. Therefore, global and local features offer complementary information which

can be used to improve robustness and accuracy of the proposed system. While for global

face representation ELGTPHS features are proposed (see Section 4.2.3.1), Speeded-Up Robust

Features (SURF) (see Section 2.2.2) around certain facial keypoints are used as local descriptors.

While global descriptors represent the whole appearance of an ape’s face, local features should

be more robust against local changes as they only encode detailed traits of the corresponding

point of interest. More precisely, distinctive wrinkle patterns around eyes and nose might offer

individually discriminative information which is implicitly encoded by SURF. The subsequent

paragraphs explain the face recognition pipeline using local features in more detail.
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Figure 4.8.: Comparison of classification using `1-norm and `2-norm minimization. A test image is
downsampled to a size of 15 × 10 and subsequently vectorized to produce the feature vector t. It is then
classified by SRC. The sparse vector p̂1 and two example images corresponding to the two largest entries in
p̂1 are plotted in (a) after solving the `1-norm minimization problem (see Equation 2.28). The according
residuals are shown in (b). The test image is correctly identified as subject 1 (smallest residual). The results
are compared with the vector p̂2 (c) and the according residuals (d). It it obvious that the face recognition
problem cannot be solved correctly by `2-norm minimization due to the dense property of p̂2.

Local Keypoint Description using Speeded-Up Robust Features (SURF) As stated in Sec-

tion 2.2.2, SURF is an efficient scale- and rotation-invariant local keypoint detector and descrip-

tor first proposed by Bay et al. in [52]. Since the keypoint locations are calculated based on the

eye and mouth positions obtained from the face and facial feature detection library SHORE
TM

(see Section 4.2.1), the detector part of SURF can be omitted for the application presented

in this thesis. Furthermore, interest points are usually detected at different scales - in the so

called scale-space - in order to achieve scale invariance of the descriptor. However, after face

alignment (see Section 4.2.2) the size of the resulting face image is known and thus the regions

of interest around all facial keypoints can be derived based on height and width of the aligned

facial image. Hence, instead of estimating the scale of each interest point it can be set automat-

ically, i.e. SURF features can be calculated only in one particular scale which is constant for all

keypoints of a given face. Another key step of SURF is to identify the dominant orientation of

the interest point in order to obtain rotation invariance of the descriptor. This step can also be

omitted for the proposed application since face images are already in an upright position after
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alignment. According to [52], the upright version of SURF (hereafter denoted as U-SURF) is

faster to compute and can even increase distinctiveness while maintaining a certain robustness

against small rotation angles of up to ±15◦. Omitting all these pre-processing steps of the classic

SURF descriptor significantly speeds up the performance of the system without suffering loss of

robustness which facilitates near real-time performance of the system.

For the proposed application, U-SURF descriptors are extracted around 6 facial keypoints

which are calculated with regard to the detected eye and mouth markings obtained from

SHORE
TM

(see Section 4.2.1). Based on the assumption that wrinkle patterns under and be-

tween the eyes are unique across individuals and useful for identification, the first three points

are located under the left and right eye, as well as between both eyes. Furthermore, it is as-

sumed that the area around the nose is well suited for discrimination. Therefore, the tip of

the nose as well as the left and the right nostril serve as additional locations for local feature

extraction. The mouth region is not used for local feature extraction because this area is often

occluded and deformed due to eating and facial expressions. Extracting features in this region

might lead to a high intra-class variance and would therefore hamper classification. Note that

in order to adequately encode the gradients of wrinkle patterns all facial images are only aligned

and converted to gray-scale without any scaling. However, as done for the proposed global face

recognition pipeline the minimal images size is again set to 64× 64 pixels. Thus, SURF features

are extracted within the originally sized face images in order to capture as much individual

specific information as possible. The width of the region of interest around each keypoint was

empirically set to be approximately 1
7 the width of the original aligned facial image which was

found to suitably overlap with the according wrinkle patterned region. Figure 4.9(b) shows the

location of the facial markings which were used for local feature extraction. The extracted Haar

wavelet responses as well as the rectangular square region for every interest point are superim-

posed. All six 64-dimensional local SURF descriptors are subsequently concatenated to form

one single representation for each face resulting in a feature vector xSURF of size 6 · 64 = 384.

Feature Space Transformation of Local Features As done for the global face descriptor, LPP

is used to transform the concatenated local feature vector into a smaller dimensional subspace

to speed up the subsequent classification and avoid the curse of dimensionality. Again a heat-

kernel is used to model the symmetric weight-matrix S in a supervised fashion (see Equation 4.9).

Furthermore, PCA is applied in order to first delete the smallest principle components before

LPP (see Equation 4.10). All parameters are set as discussed for the global face recognition

pipeline in Section 4.2.3.1.
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(a) (b)

Figure 4.9.: Aligned chimpanzee face and superimposed keypoints for U-SURF extraction. (a) A
detected chimpanzee face. (b) The aligned face and the superimposed locations of the keypoints. The U-SURF
descriptors are extracted around six facial keypoints which were calculated based on the eye and mouth markers

obtained from SHORE
TM

in order to utilize the uniqueness of the wrinkle patterns. A grid comprising 4 × 4
sub-regions (illustrated in red) is created around every landmark point from where the gradient directions and
magnitudes are calculated to build the final U-SURF descriptor. The yellow circles denote the scale and the
main orientation. Note that both parameters are set to fixed values in this application since the face images
are already aligned and the size of the resulting facial image is known.

Classification using Support Vector Machines(SVMs) The proposed system uses an SVM

for the classification of local features. As introduced in Section 2.4.3, an SVM is a discrimina-

tive classifier, attempting to generate an optimal decision plane between feature vectors of the

training classes. In many real-world applications, classification with linear separation planes is

often not possible in the original feature space. By utilizing a so-called kernel trick, the feature

vectors can be efficiently transformed into a higher dimensional space in which they are linearly

separable. In this thesis, an Radial Basis Function (RBF) kernel is applied to transform the

data into a higher dimensional space:

K(yi,yj) = e−γ‖yi−yj‖
2
, (4.14)

It can be seen from Equations 2.31 and 4.14 that there are two parameters (C, γ) that need to be

optimized during training. As recommended by Hsu et al. in [78], a grid search is applied for this

purpose by using a 5-fold cross-validation on the training set. Exponentially growing sequences

of (C, γ) value pairs are evaluated and the one with the best accuracy is applied to build the

final model. Hsu et al. suggest to search the following sequences of C and γ for an appropriate

parameter combination in practical applications: C = 2−5 . . . 215 and γ = 2−15 . . . 2−3. Since

testing every combination of C and γ can take a significant amount of time, a coarse-to-fine grid

search is applied. After the best combination of C and γ is found on a coarse grid, this region

is subsequently scanned more thoroughly on a finer resolved grid.
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Hsu et al. recommend to repeat this procedure three times with decreasing step sizes for C and

γ until the best parameter setting was found. The applied parameter ranges and step sizes were

applied as suggested in [78] and are summarized in Table C.1.

As already mentioned in Section 2.4.3, SVM in its original implementation is a binary classifier

which can only handle two-class problems. In this thesis a one-vs-one approach [357] is used to

handle the multi-class problem of face recognition. Multiple binary classifiers are built which

are able to distinguish between every pair of classes. Classification can then be done by a simple

voting strategy, in which every binary classifier assigns the test sample to one of the two classes

which is consequently increased by one. Finally, the class with the most votes determines to

which class the test image belongs. The freely available Library for Support Vector Machines

(LIBSVM) toolbox [77], a software library for support vector classification, is utilized in this

thesis for training and testing. By default, SVMs only predict the class a test vector t belongs to.

However, Chang et al. extended LIBSVM to give probability estimates based on ideas of [358].

This section briefly describes the LIBSVM implementation of probability estimation in SVMs.

For details and mathematical justification of the following equations, the interested reader is

referred to the publications by Wu et al. [358] and Chang et al. [77]. The probability estimates

obtained by pairwise coupling are used as confidence measures for classification of local features.

Given C classes, for every test sample t the objective is to estimate

pi = P (c(t) = i|t), i = 1, . . . , C, (4.15)

where c(t) is the class prediction of test sample t. Following the one-vs-one approach for multi-

class classification of SVM, Platt Scaling [359] is used to estimate the pairwise class probabilities

by using a logistic sigmoid-function

rij = P (c(t) = i|c(t) = i or j, t) ≈ 1

1 + eAf̂+B
, (4.16)

where f̂ is the decision function of SVM and A and B are parameters that are estimated

during training. After collecting all rij values, Wu et al. [358] propose to solve the following

optimization problem in order to obtain the class probabilities for each class:

min
p

1

2

C∑
i=1

∑
j:j 6=i

(rjipi − rijpj)2 subject to
C∑
i=1

pi = 1, pi > 0 ∀i (4.17)

Again, a number of parameters have to be set for the local face recognition pipeline. The

settings of all parameters were discussed within the previous sections. Table C.1 gives an

overview of all parameters for face recognition using local features.
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4.2.3.3. Decision Fusion

After classifying global and local descriptors separately, the final objective is to fuse the results of

both recognition pipelines in order to obtain a single final decision. Based on the observation that

different features tend to misclassify different patterns [356], both face identification paradigms

should benefit from each other. It has been demonstrated in many publications that combin-

ing information from multiple sources can enhance a system’s robustness and therefore improve

its accuracy. In general, two different fusion methodologies can be distinguished: feature-level

fusion and decision-level fusion. As the name suggests, feature-level fusion strategies try to com-

bine descriptors from different sources in the actual feature space before classification. Typical

representatives ranging from simple feature vector concatenation techniques to more advanced

techniques such as Canonical Correlation Analysis (CCA) [360, 361] or Kernel Canonical Corre-

lation Analysis (KCCA) [362]. Decision-level fusion techniques on the other hand combine the

classification results of different modalities to enhance the system’s performance. In this thesis

the latter methodology is applied since studies suggest that decision-level fusion techniques are

superior to feature-level fusion methods for many applications [363, 364]. A comprehensive re-

view of decision-level fusion strategies can be found in [365]. According to [365], three types of

decision-level fusion methods can be differentiated. Techniques which operate only based on the

predicted class labels utilize the minimum amount of information, while additional information

might be gained from class rankings. However, fusion methods which operate on fuzzy outputs,

i.e. the confidences of multiple classifiers, can be expected to produce the greatest improve-

ment. Therefore, a simple but effective decision fusion paradigm is proposed in this section

which not only takes the class rankings of each classifier into account but additionally utilizes

the confidences of both classifiers to weight their predictions accordingly.

Figure 4.5 illustrates the parallel fusion scheme that is applied in this thesis. The decision-level

fusion paradigm of the proposed PRF was influenced by ideas of [366]. A parallel fusion strategy

which combines the rank-outputs of different classifiers is used to fuse the results of local and

global features. The parallel fusion scheme proposed in [366] only uses a single weighting function

w(℘) = ℘c for rank ℘ = {1, · · · , C} and constant c to combine the outputs of two classifiers.

In this thesis, a non-linear rank-sum method is proposed which weights the results of both

classifiers using different weighting functions. Additionally, the confidences of each classifier are

taken into account when generating the weighting function w(℘) = es(℘), where s(℘) represents

the confidence of SRC and SVM for rank ℘, respectively. For SRC, the vector of residuals

from Equation 2.29 is used as confidence measure, while for SVM the probability estimates of

LIBSVM [77, 358] can be utilized. Note, however, that for SRC the minimal residual determines

the class affiliation, while for SVM the test sample is assigned to the class with the maximum

probability. Fortunately, the residuals of SRC can simply be converted into confidence measures
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by negating the residuals. Thus, the score vector of SRC is given by sSRC = 1 − r, where r is

the vector of residuals from Equation 2.29. The final score vector sdf ∈ RC×1 is then simply

given by the sum of both weighting functions: sdf = wSRC +wSVM, where C is the number of

classes and the weight vectors are defined as

wSRC = esSRC = e1−r and (4.18)

wSVM = esSVM . (4.19)

Finally, sdf is sorted in descending order to obtain the final result which is the first entry of

the sorted score vector.

4.3. Face Recognition in Video

After explaining the core algorithms of the proposed facial recognition system for great apes,

this section extends these ideas to perform robust and accurate identification in video sequences.

Figure 4.10 gives an overview of the extended PRF. Components that are also used for face

recognition in images are marked with a blue frame while new or significantly modified processing

steps are illustrated in red.

Figure 4.10.: Overview of the proposed system for primate face identification in videos. New pro-
cessing steps are marked with a red frame while components that have been used for face recognition in still
images are highlighted in blue. One key-step for face recognition in video is to simultaneously track multiple
faces. Once each tracked target is assigned to a face-track, faces are first aligned as done for still images.
Subsequently, modules for best-frame-selection are applied which analyze parameters such as pose and visual
quality. Each selected and aligned face is subsequently identified by means of the feature extraction, feature
space transformation, and classification algorithms explained in the previous sections. A frame-weighting ap-
proach is proposed which implicitly exhibits the temporal information of video recordings to further enhance
the system’s accuracy.

A five step approach to perform robust and accurate identification of great apes in video

sequences is proposed and discussed in detail within the subsequent sections:
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1. In addition to the detection of faces in still images, tracking of faces is a prerequisite for

identification of great apes in videos. Therefore, unique object-IDs are assigned to each

detected face which are maintained for the subsequent frames. This procedure results in a

so called face-track, a collection of faces from one single individual in various appearances.

2. For every face within each face-track the same alignment and normalization techniques

discussed in Section 4.2.2 are applied in a subsequent processing step.

3. Usually not all face images of an obtained face-track are well suited for face recognition.

Hence, in a third step the faces that are best suited for recognition in terms of head pose

and visual quality are automatically selected and subsequently transferred to the main

identification modules.

4. In a fourth step, local and global features are extracted from each normalized face, trans-

formed into a smaller dimensional subspace, and classified using SRC and SVM as ex-

plained in Section 4.2.3.

5. Finally, the obtained results from the identification step are combined by means of a novel

frame-weighting approach which implicitly utilizes the temporal information contained in

videos. The results of multiple automatically selected frames are weighted and combined

by taking the classifier’s confidence of each frame into account.

4.3.1. Face Tracking by Continuous Detection

One of the key steps to perform facial identification of great apes in video footage is to track

detected faces through the sequence. As stated in Section 4.2.1, SHORE
TM

is not only capable

of detecting faces in single frames but also track them through a scene. Once a face has been

detected, a unique ID is assigned to the detected object. During consecutive frames, the tracking

algorithm then tries to maintain the association between object-ID and the detected face. This

section briefly reviews the tracking algorithm used within SHORE
TM

. For a more detailed

explanation the interested reader is referred to [343].

Küblbeck and Ernst suggested a tracking by continuous detection approach in [343] to over-

come the deficiencies of pure tracking algorithms. Each frame is processed with a face detector

as described in Section 4.2.1. A temporal scanning procedure called slicing is utilized to ensure

real-time capability of the system. The static detector repeatedly searches for faces in all levels

of an image pyramid in order to find faces of different sizes. The main assumption of slicing

is that in most practical applications it is very unlikely that a face changes its size drastically

in a fraction of a second. Hence, it is sufficient to scan all pyramid levels only a few times per

second instead of applying face detection for all resolutions in each frame. Therefore, the image
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pyramid is partitioned into slices of almost equal size which are then processed sequentially, i.e.

with every new frame another part of the image pyramid is scanned for faces. For instance if

the image pyramid is partitioned into five equally sized parts, each slice is processed every fifth

frame which theoretically speeds up the performance of the face detection system by a factor

of five. In practice, however, detection is performed not only in a single pyramid level but in

neighboring levels in order to ensure that tracked faces get updated in every frame which even-

tually leads to a smaller speedup than theoretically possible. In practical applications Küblbeck

and Ernst observed a performance improvement by a factor of two to three, depending on the

number of faces in the scene [343]. A motion model is then applied to connect the detections of

subsequent frames. A linear Kalman filter [137, 138] is applied in order to estimate the current

state of a tracked face from the detection results. An object state comprises the spatial position

as well as the distance between both eyes which is an estimate of the size of a detected face.

Additionally, the first and second order derivatives are included in the state vector to represent

the velocity and the acceleration of a face. Association of object-ID and detected face in con-

secutive frames is done by using a minimum distance criterion: A detected face in the current

frame is associated with the face detected in the previous frame which is closest to the current

object position. Furthermore, it was shown in [343] that based on the observations of the past

frames it can be decided if a tracked object actually represents a valid face which significantly

reduces the number of false positive detections while the detection rate is maintained.

Figure 4.11 shows an excerpt of a video sequence gathered in the zoo of Leipzig and an

extracted face-track for one of the individuals present in the video.

Three individuals are present in the scene and the faces are automatically detected and tracked

by SHORE
TM

. The detection results and associated object-IDs are superimposed in Figure

4.11(a). A face-track, a collection of faces detected in consecutive frames from a single individual

in various appearances, can then be generated for each target. A few frames of an extracted

face-track are illustrated in Figure 4.11(b). Since the proposed PRF is optimized for full-frontal

faces, not all frames of a face-track are equally well suited for automatic identification. Hence,

the frames which are best suited for recognition are automatically selected in a second step of

the proposed system which involves multiple parameters such as pose and visual quality.

4.3.2. Selection of the Best Frames

This section describes algorithms for full-automatic selection of those frames of a face-track

which are best suited for identification. The most important cues to achieve high recognition

accuracies in practical applications are the pose of a face and its visual quality. The automatic

analysis of both parameters is discussed below.
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(a)

(b)

Figure 4.11.: Chimpanzee faces tracked by SHORE
TM

. (a) Three selected frames of a video gathered in

the zoo of Leipzig, Germany. The detection and tracking results by SHORE
TM

are superimposed. The face of
the chimpanzee in the front moves significantly through the scene. The tracking algorithm assigns an unique
object-ID to each detected face and tries to maintain the given ID until an individual leaves the scene or
cannot be tracked anymore due to occlusion or missed detections. (b) An extracted face-track of one of the
three individuals in the video sequence. Obviously not all frames of a face-track are equally well suited for
recognition. [I04]

4.3.2.1. Pose Estimation

Automatic head pose estimation has been an active research topic for decades. According

to [367], head pose estimation is the process of automatically estimating the orientation of a

(human) head. This procedure requires a number of processing steps to transform a pixel-based

representation into a high-level concept of direction relative to a global coordinate system. As

humans and great apes share most of their facial appearance properties, algorithms commonly

used for human head pose estimation should therefore be applicable to great apes as well.

The head of humans and great apes is limited to three degrees of freedom which are commonly

referred to as pitch, roll, and yaw angles. A variety of state-of-the-art algorithms were proposed

over the last decades ranging from coarse-level approaches that simply differentiate between few

discrete directions (e.g. frontal versus profile poses) to more granular techniques that try to

estimate a continuous angular measurement of the head pose in multiple degrees of freedom. A

comprehensive state-of-the-art literature review on head pose estimation techniques is out of the

scope of this thesis and the interested reader is thus referred to the survey of Murphy-Chutorian

and Trivedi [367] for instance.
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For the application presented in this thesis, however, an exact estimation of pitch, roll, and

yaw angles in 3D space is not required. Instead, the objective of the proposed pose estimation

module is to automatically select those frames within a face-track that contain faces in a near-

frontal pose. Hence, the problem of pose estimation eventually breaks down to a two-class

classification problem: frontal versus non-frontal faces. Thus, a lightweight pose estimation

module is proposed with regard to the following requirements:

• Low Resolution: Many state-of-the-art algorithms apply sophisticated flexible models

such as Active Appearance Models(AAMs) or Active Shape Models(ASMs) in order to

accurately estimate the pose of the head. These techniques often require high-resolution

data to perform well. However, surveillance cameras which are commonly used by biol-

ogists to gather video material from great apes often do not record such high-resolution

video data. Thus, the proposed algorithm should perform equally well for both high and

low resolution data.

• Illumination Variation: The head pose estimation algorithm should be robust to the

challenging lighting conditions often present in real-world environments.

• Performance: Unlike the actual identification of great apes which only needs to be done

in a few selected frames, head-pose estimation needs to be done in each frame of each face-

track in a video sequence. Thus, compact yet discriminating features and fast classification

are required to achieve near real-time capability of the overall face recognition system.

In order to meet the above mentioned design criteria, the following head pose estimation

technique is proposed which performs sufficiently well for the practical real-world application

presented in this thesis. As illustrated in Figure 4.10, all detected or tracked faces first have

to be aligned. To speed up the performance of the system, the same face alignment procedure

as proposed in Section 4.2.2 is used which has to be applied for accurate recognition anyway.

Each face image is subsequently converted to gray-scale, scaled to a size of 64 × 64 pixels, and

Gabor-based features are extracted. An introduction of Gabor kernels has been given in Section

2.2.1. Each aligned face image is initially convolved with multi-scale and multi-orientation Gabor

kernels (see Equation 2.2). However, in contrast to the face recognition algorithm presented in

Section 4.2.3.1, a faster but more lightweight descriptor is used for pose estimation. Thus,

Gabor Magnitude Picture (GMP) are used directly as features which can not only be efficiently

computed but are also discriminating enough to distinguish between frontal and non-frontal

faces. Moreover, the resulting GMPs can be reused for extracting the ELGTPHS descriptor

proposed in Section 4.2.3.1 which builds the basis for primate identification.
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Starting from the set S = {|Gµ,ν(z)| : ν ∈ {0, . . . , S}, µ ∈ {0, . . . , F}} which forms the overall

GMP representation of the aligned face image, the overall feature vector is constructed as

xGABOR =
(
g

(ρ)
0,0 , g

(ρ)
0,1 , · · · , g

(ρ)
1,0 , · · · , g

(ρ)
S,F

)
, (4.20)

where g
(ρ)
ν,µ is a column vector representing the normalized and vectorized version of the magni-

tude matrix |Gµ,ν(z)| which is downsampled by factor ρ.

The generation of the Gabor kernels is done as described in Section 4.2.3.1. All parameters

remained as discussed above and are listed in Table B.1. After convolving the facial image with

the resulting 40 Gabor wavelets, the magnitude matrices are downsampled by a factor of ρ = 8

using a bilinear interpolation. As suggested by Yang et al. in [48] a downsampling factor of 8 is

a good trade-off between descriptor size, compactness, and discriminating capabilities for most

real-world applications.

A PCA is applied (see Section 2.3.1) to project the resulting high-dimensional feature vectors

into a smaller m-dimensional subspace. The goal of PCA is to find a subspace whose basis

vectors correspond to the maximum-variance directions of the original feature space. Although

more sophisticated feature space transformation techniques exist (see Section 2.3), PCA - as

an example of unsupervised dimensionality reduction methods - is not only fast and easy to

implement but is also expected to produce sufficiently good results for the two class problem of

pose estimation. It was empirically found that a reduced feature dimension of m = 100 is small

enough to circumvent the curse of dimensionality but also large enough to obtain good results

for the task at hand [368].

An SVM with RBF kernel was used for classification. As suggested in Section 4.2.3.2, the two

user-defined parameters (C, γ) were optimized during training using a grid-search in combina-

tion with a 5-fold cross-validation on the training set. All parameter ranges and step sizes for

estimation of C and γ were set as recommended by Hsu et al. in [78] (see Table C.1). Addition-

ally, a bootstrapping-like procedure was implemented in order to optimize the discrimination

capabilities of the proposed pose estimation module: First, manually annotated face images of

primate faces were divided into frontal and non-frontal faces to generate an initial model. Sub-

sequently, this model was applied on a validation set of video data which were neither used for

training nor testing during the experiments conducted in this thesis. Faces which were detected

and then classified by the proposed pose estimation module were saved, manually re-annotated,

and added to the training set. More specifically, faces which were falsely classified as non-frontal

were added to the positive class. On the other hand, primate face images that were categorized

as frontal but actually showed faces in a semi-profile or even profile pose were manually added

to the negative class. Moreover, false positive detections by SHORE
TM

were appended to the



4.3. Face Recognition in Video 135

negative class in order to identify non-face data more easily during the subsequent processing

steps. Finally, a new SVM model was then trained on the extended training database. This

procedure was repeated multiple times until the resulting pose estimation model was tuned to

produce adequate results on the above mentioned validation set.

The resulting model was finally saved and applied in the test case. The probability estimate

for a frontal classification by the SVM prediction is utilized as a weighting factor for every face

within a face-track. Hence, the Pose-Quality measure Qp of the Pose-Module is a real number

between 0 and 1. The higher the value, the more frontal is the pose of the considered face.

4.3.2.2. Frame Quality Assessment

The head pose is an important cue to automatically select the frames which are best suited

for identification. However, a number of other parameters representing the visual quality of a

face can additionally influence the results of the subsequent recognition task. In this section, a

number of lightweight software modules are proposed and applied in order to estimate the visual

quality of faces within a face-track.

Image Blur The ELGTPHS feature proposed in Section 4.2.3.1 as well as the SURF descriptors

used for local feature extraction are compact representations of the edge and gradient information

within primate faces. Thus, intuitively the sharpness of an image is an important factor to assess

the visual quality of a face. The low-pass filtering characteristic of a blurred image might not

contain sufficient details which are important for accurate identification.

Two important types of blur can be identified for the application in this thesis: Out-of-

focus blur and motion blur. Both categories are relevant for accurate identification and should

therefore be detected by the Blur-Module. Although both types of blur are caused by different

reasons, they result in similar image errors and can thus be reliably detected by the same

algorithm [369]. The applied blur estimation module is part of Photo Summary6, a technology

developed by Fraunhofer IDMT through which a representative selection from a digital photo

collection can be automatically compiled. This software module is influenced by ideas of Liu

et al. published in [369]. The detection of blurred images is done by analyzing its Local Power

Spectrum Slope.

High-frequency components in blurred images are lost due to their low-pass filtering char-

acteristic. Hence, a number of studies demonstrated that the slope α of the power spectrum

S(u, v) of a blurred image tends to be steeper than that of a sharp image [370, 371, 372].

6http://www.idmt.fraunhofer.de/en/Service_Offerings/products_and_technologies/m_p/photosummary.

html Last visit: August 8th, 2014

 http://www.idmt.fraunhofer.de/en/Service_Offerings/products_and_technologies/m_p/photosummary.html
 http://www.idmt.fraunhofer.de/en/Service_Offerings/products_and_technologies/m_p/photosummary.html
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Let the power spectrum of an intensity image I(x, y) ∈ Rh×w be denoted as

S(u, v) =
1

h · w
|F{I(x, y)}|, (4.21)

where F{I(x, y)} is the Fourier transformed image. The power spectrum is then converted into

polar coordinates with u = f cos(Θ) and v = f sin(Θ) resulting in S(f,Θ), where f denotes the

frequency and Θ the angle. By summing the power spectra over all directions it was shown in

[371] that the function S(f) is approximately given by

S(f) =
∑
Θ

S(f,Θ) ≈ A

f−α
, (4.22)

where A is an amplitude scaling factor and α is the slope of the power spectrum. It has been

shown in large-scale experiments that for most natural images α ≈ 2. For blurred images,

however, α is often larger which corresponds to a steeper slope of S(f).

Since it is hard to determine the blurriness of an image solely based on a global measurement

of α, Liu et al. propose to utilize a relative global-to-local slope measure. In this thesis a similar

approach is applied. First, the power spectrum’s slope of the global image αg is calculated.

Secondly, the input image is divided into 3 × 3 blocks and the slope of the power spectrum is

calculated separately for each block. The final metric for each patch p is then given by

ηp =
αg − αp
αg

, (4.23)

where αp is the slope of the power spectrum of patch p. Hence, the smaller ηp the more blurred

is patch p. The overall blur measure of the facial image is finally given by averaging the ηp’s

of all patches. After normalization, the output of the Blur-Module is a Blur-Quality measure

Qb in the range [0, 1]. Small values correspond to blurred images while textured and thus sharp

face images are represented by higher values for Qb.

Illumination Illumination is another important indicator for visual quality which can influ-

ence automatic identification of primates positively or negatively. Hard shadows on a face for

instance can often occlude important image features and consequently hamper performance of

a recognition system. Similarly, overexposure and underexposure are important photometric

factors which should be taken into account for an automatic face recognition application which

operates in real-world environments. Although sophisticated illumination normalization tech-

niques are capable to compensate image variability caused by extreme lighting conditions to a

certain extent, it is desirable to select a shot with suitable illumination prior to identification.
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A large and growing amount of literature investigates methods to automatically classify the

exposure of photos based on sophisticated image features and machine learning techniques for

automated organization and browsing of photo collections [12, 373, 374]. Although those ap-

proaches are known to perform well on official benchmark datasets, they appear to be too com-

plex for an application as presented in this thesis. They often require a significant amount of

computational power which consequently might hamper near real-time performance of the over-

all face recognition system. Therefore, the following approaches represent lightweight methods

to estimate the exposure of a facial image.

First, an Underexposure-Module was implemented which estimates the degree of under-

exposure of a facial image. A high number of nearly black pixels suggest that an image is

underexposed. First, a gray-scale histogram is created to measure the number of dark pixels

in an image. The number of bins was chosen to be 20, which - considering the naturally dark

pigmentation of primate faces - was empirically found to be a reasonable choice to detect under-

exposed face images of great apes. Hence, for a gray-scale image with a bit depth of 8 bit, i.e.

256 gray level values, the first bin of the histogram represents pixel values in a range from 0 to

12. The resulting Underexposure-Quality measure Que is therefore set to 1 if there are no values

in the first bin of the histogram and it is linearly decreasing with the number of pixel intensities

falling into the first bin of the histogram. A completely black image, i.e. all pixel values of the

image fall into the first bin of the histogram, would hence have a Underexposure-Quality of 0.

A second measure used within the proposed PRF is the degree of overexposure of a facial

image determined by an Overexposure-Module. Similar to underexposure, an overexposed

image often does not contain enough information required for an accurate identification. A

simple yet effective way to measure the degree of overexposure is the mean-intensity of an image

I(x, y) ∈ Rh×w which is given by

µI =
1

h · w

w∑
x=1

h∑
y=1

I(x, y). (4.24)

If µI is above a certain user-defined threshold, the facial image is assumed to be overexposed.

According to [375], in most consumer cameras the autoexposure system sets all parameters

so that the average brightness of an image is “middle gray” regardless of the scene’s actual

brightness. Typical middle gray scenes include scenarios on overcast days under diffused light.

Therefore, portrait photos taken under a cloudy bright sky are usually perfectly exposed using

autoexposure [375] and are thus well suited for automatic face recognition. Therefore, the

threshold for the proposed overexposure module is set to 50% of the maximal possible intensity

of a gray-scale image Imax. Thus, the Overexposure-Quality Qoe is set to 1 if µI ≤ 50% · Imax.
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If the mean-intensity of the input image is above the defined threshold, the Overexposure-Quality

decreases linearly. Hence, a completely white image would get an Overexposure-Quality score of

0.

The third and final measure used to estimate the illumination quality of a face is the contrast

of the input image which is estimated by a Contrast-Module. Contrast is a measure for the

brightness range within a scene. Hence, an image with low contrast might not contain enough

information which can be utilized for identification. On the other hand, facial images with

too extreme contrast ranges might also be hard to classify correctly. Since the identification of

primate faces is based on gradients and pixel differences as explained in Section 4.2.3, various

illuminations of different face areas might lead to false edges which could be critical for accurate

classification. Furthermore, exceptionally high contrast ranges of facial images might be due to

occlusion by objects with a different specular reflectance than the actual face. The Root Mean

Square (RMS) contrast which measures the standard deviation of the pixel intensities is used to

assign a Contrast-Quality score Qc:

σI =

√√√√ 1

h · w

w∑
x=1

h∑
y=1

(I(x, y)− µI)2. (4.25)

The maximum possible standard deviation of an image σI,max = 1
2Imax would be obtained for an

equal number of black and white pixels within a binary image. Keeping in mind the naturally

low contrast of chimpanzee and gorilla faces, it was empirically found that the best results

can be obtained if the Contrast-Quality is set to 1 if 1
4σI,max ≤ σI ≤ 1

2σI,max. Otherwise the

Contrast-Quality is linearly decreasing and 0 if the RMS contrast is either 0 or 1
2Imax.

Figure 4.12 shows faces with unfavorable brightness or contrast conditions which were auto-

matically detected by SHORE
TM

but might be challenging to identify. The proposed quality

parameters reflect the visual quality of such images. Hence, weights can be assigned to each

face within a face-track which can then be used to select the frames that are best suited for

identification.

4.3.2.3. Combination of Pose and Quality Parameters

The previous sections gave an overview of the proposed parameters to estimate the quality of a

facial image. However, to select the frames of a face-track which are best suited for identification

a single quality measure is required which can be calculated as a combination of the parameters

explained above. Figure 4.13 illustrates the process of parameter combination. Since all param-

eters are considered to be of equal importance, the extracted quality parameters are combined

in a multiplicative fashion.
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(a) (b) (c) (d)

Figure 4.12.: Example detections in video sequences with unfavorable illumination conditions. The
figure shows an underexposed image (a) and an overexposed image (b). The underexposed image does not
contain enough information for an accurate recognition, while the difficult lighting condition in (b) masks
information which might be important for identification. Figures (c) and (d) show facial images with too low
and too high contrast levels, respectively. Again, discriminative descriptors cannot be extracted from (c) due
to its low contrast. On the other hand, the high contrast in (d) is due to occlusion by leafs which have a
different reflectance characteristic than the actual face.

For instance, a face although in a full-frontal pose is not suited for subsequent recognition if it

is blurred or underexposed. On the other hand, a facial image gathered under excellent light-

ing conditions cannot be used for identification if it shows a face in profile pose. Thus, since

all extracted parameters are in the range [0, 1], where 1 represents a high visual quality, the

Illumination-Quality Qi is defined by the multiplication of the three lighting parameters Que,

Qoe, and Qc

Qi = Que ·Qoe ·Qc. (4.26)

Likewise, the Visual-Quality Qv can be calculated as the product of the Illumination-Quality

Qi and the Blur-Quality Qb as

Qv = Qi ·Qb, (4.27)

and finally the overall Face-Quality is given by

Qf = Qv ·Qp, (4.28)

where Qp is the quality assigned by the Pose-Module.

The Face-Quality measure Qf is finally used to select the F best frames of a face-track which

are most suited for identification. Moreover, by introducing a threshold τ , face-tracks with a low

maximal Face-Quality can be omitted from recognition which might increase the false rejection

rate but on the other hand ensures a high correct classification rate. Furthermore, a low maximal

Face-Quality measure might also help to automatically identify false positive detections which

can then be omitted from further processing7.

7Note that false positive detections should also be automatically rejected by the system using the confidence
measures introduced in Section 4.2.3.3.
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Figure 4.13.: Combination of estimated quality parameters to an overall face quality measure. The
graph depicts the combination of all extracted quality parameters to a single final score which determines
the overall Face-Quality. This measure forms the basis for selecting the best frames of a face-track which are
subsequently identified by the proposed face recognition algorithm.

4.3.3. Temporal Fusion using Frame-Weighting

As outlined above, video acquisition in natural habitats of great apes often leads to large quality

variations between frames. It will be shown in Section 5.5 that classification on a single frame

basis usually does not lead to the desired result since it often is not distinctive enough to perform

accurate identification. Thus, a novel frame-weighting approach is proposed which combines the

individual frame-based classifications into a single result per face-track and hence penalizes

uncertain frames.

The first step is to sort the frames of an extracted face-track according to their estimated

visual quality. Based on the observation that not all frames of a given face-track are high-

quality facial images and hence some frames are better suited for recognition than others, the F

frames with the highest qualities are selected, aligned, and classified according to the proposed

image face recognition approach described in Section 4.2.3. The following confidence measures

can subsequently be derived for every classification:

• Classification of global features: First, three measures for the recognition pipeline

using global features and SRC are proposed:

1. Minimal residual :

The minimal residual between the test image t and the matrix of training samples

A(δi� p̂1) (see Equation 2.29) is chosen as the first confidence measure. The smaller

the minimal residual, the more confident is the classifier.
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2. Absolute difference of the first and second residual :

In case of misclassification, the difference of the minimal and second smallest residual

is usually smaller than in the correct case. Hence, the absolute difference of the small-

est two residuals ∆r is used as second confidence measure. A confident classification

should have a high ∆r, while for incorrect classifications the difference of the two

smallest residuals is rather small.

3. Sparse Concentration Index (SCI):

Besides the minimal residual, Wright et al. propose to utilize the sparsity of the vector

p̂1 as an additional confidence measure of SRC. Therefore, a measure called SCI

was introduced which is defined for the sparse coefficient vector p̂1 obtained from

Equation 2.28 as

SCI(p̂1) =
C ·maxi (‖δi � p̂1‖1) /‖p̂1‖1 − 1

C − 1
∈ [0, 1], (4.29)

where C is the number of classes and δi represents the characteristic function of

class i. The lager the SCI, the sparser the vector p̂1 which in turn is a measure

for the confidence of the classifier. For instance if SCI(p̂1) = 1 the test sample t is

represented by only one single instance of the training set A. However, if SCI(p̂1) = 0

the coefficient vector is extremely dense and the coefficients are equally distributed

over the whole training set. Thus, the higher the SCI the more confident is the

classification of the system. For the example illustrated in Figure 4.8, the SCI for the

`1-norm case is SCI(p̂1) = 0.44 while for `2-norm minimization the resulting SCI is

SCI(p̂2) = 0.048.

• Classification of local features: Secondly, two additional measures are taken into ac-

count as confidence values for the recognition pipeline using local features in combination

with an SVM:

1. SVM probability :

As utilized for the proposed decision fusion scheme, the probability estimates of

LIBSVM [77, 358] are used as confidence measures for identification based on lo-

cal features. While for SRC the minimal residual determines the class affiliation, for

SVM the test sample is assigned to the class with the maximal probability.

2. Difference of the highest and second highest probability :

Similar to the difference of the two smallest residuals, the difference between the two

largest probabilities is utilized for classification via SVM. A confident classification

should have a large difference between the two top scoring probabilities.
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Figure 4.14.: Clusters of correct and incorrect classifications as well as the histograms of Mahalanobis-
distances. Figure (a) depicts the proposed confidence vectors of correct classifications (green samples) and
incorrect classifications (red samples). Note that for illustration purposes only the first three dimensions of
the original 5-D space is plotted. It can be seen that the incorrect classifications are mostly located in one
corner while the cluster of correct classifications is more scattered in space. Figures (b) and (c) illustrate
the histograms of the difference of Mahalanobis-distances ∆dM (t) for correct and incorrect classifications,
respectively. The fitted Extreme Value Distributions(EVDs) are superimposed in black.

All five measures are subsequently concatenated into a confidence vector v. The goal of the

proposed frame-weighting approach is to estimate the probability that the classification of frame

f was correct. This probability serves as a weighting factor which is subsequently assigned

to each classified frame in order to obtain a final prediction. The proposed frame weighting

approach is thus divided into a training and a test phase:

The Training Phase: First, a 20-fold Monte-Carlo cross-validation is applied on the training

set in order to construct the confidence-vectors for each correct and incorrect classification. This

procedure results in two clusters of correct and incorrect classifications in 5-dimensional space.

Figure 4.14(a) depicts a scatter plot of the two resulting clusters, where the red samples denote

misclassifications and the green circles represent correctly classified samples.

Misclassifications are mostly located within a narrow area while the cluster of correct classifi-

cations is more scattered in space. However, it can be seen that correctly classified samples can

be separated from misclassifications quite well since only a few incorrectly identified samples are

located in the area of the majority of correct classifications.
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In order to estimate the probability of a correct classification, the next step is to calculate

the Mahalanobis-distances [376] of each sample to the cluster of correct classifications and to

the cluster of false classifications. The Mahalanobis-distance of a test vector t to a group of

observations O with mean-vector µ and covariance matrix S is defined as

dM (t,O) =
√

(t− µ)TS−1(t− µ). (4.30)

The difference of Mahalanobis-distances ∆dM (t) is thus given by

∆dM (t) = dICM (t,OIC)− dCM (t,OC), (4.31)

where dICM (t,OIC) is the Mahalanobis-distance of t to the cluster of incorrect classifications OIC

and dCM (t,OC) represents the Mahalanobis-distance of the test sample to the cluster of correct

classifications. This procedure is repeated in a leave-one-out fashion, i.e. every correctly and

incorrectly classified sample takes the role of the test vector t once. Figures 4.14(b) and 4.14(c)

exemplarily show the obtained histograms of ∆dM (t) for correct and incorrect classifications,

respectively.

The next step of the training phase is to apply Maximum Likelihood Estimation (MLE) in

order to fit an Extreme Value Distribution (EVD) [377] to the obtained histograms. Note that

only the key-steps of estimating the parameters of an EVD are illustrated below. For a more

detailed derivation of the subsequent equations the interested reader is referred to [378].

The Probability Density Function (PDF) of the EVD given an extreme-valued random variable

x is defined as

P (x) = λ exp
[
−λ(x− µ)− e−λ(x−µ)

]
, (4.32)

where µ and λ are location and scale parameters, respectively. The likelihood of drawing N

samples xi from an EVD with parameters µ and λ can thus be written as

P (x1 . . . xN |λ, µ) =

N∏
i=1

λ exp
[
−λ(xi − µ)− e−λ(xi−µ)

]
. (4.33)

Maximizing Equation 4.33 with respect to λ and µ yields the maximum likelihood estimation

of both parameters.

From a mathematical perspective it is often more convenient to work with the logarithmized

version of Equation 4.33 known as the log-likelihood-function:

L(µ, λ) = log(P (x1 . . . xN |λ, µ)) = N log(λ)−
N∑
i=1

λ(xi − µ)−
N∑
i=1

e−λ(xi−µ) (4.34)
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In order to find the parameters λ̂ and µ̂ that maximize the log-likelihood function, the next

step is to get the partial first derivatives of L(µ, λ) and set them to zero:

∂L(µ, λ)

∂µ
= Nλ− λ

N∑
i=1

e−λ(xi−µ) !
= 0 (4.35)

∂L(µ, λ)

∂λ
=
N

λ
−

N∑
i=1

(xi − µ) +

N∑
i=1

(xi − µ)e−λ(xi−µ) !
= 0. (4.36)

After a few algebraic steps it can be shown from Equation 4.35 that µ̂ is given by

µ̂ = − 1

λ̂
log

[
1

N

N∑
i=1

e−λ̂xi

]
. (4.37)

Substituting Equation 4.37 into Equation 4.36 finally yields

K(λ̂) =
1

λ̂
− 1

N

N∑
i=1

xi +

∑N
i=1 xie

−λ̂xi∑N
i=1 e−λ̂xi

!
= 0. (4.38)

In order to find the root of Equation 4.38, the Newton-Raphson-Algorithm [379, 380] can be

applied for which the first derivative is needed:

dK
dλ̂

= − 1

λ̂2
+

(∑N
i=1 xie

−λ̂xi∑N
i=1 e−λ̂xi

)2

−
∑N

i=1 x
2
i e
−λ̂xi∑N

i=1 e−λ̂xi
. (4.39)

The Newton-Raphson-Algorithm which finds the root of Equation 4.38 and consequently

estimates λ̂ is summarized in Algorithm 2.

Once λ̂ has been estimated it can be plugged into Equation 4.37 in order to calculate µ̂. The

fitted EVDs of the difference of Mahalanobis-distances of correct and incorrect classifications

are superimposed in Figures 4.14(b) and 4.14(c), respectively. As can be seen, both histograms

can be well approximated by an EVD.
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Algorithm 2 Newton-Raphson-Algorithm which finds the root of Equation 4.38

Require: λ̂0: Initial random guess of λ̂
ε: Threshold to stop while-loop
M : Maximum number of iterations

1: function Newton-Raphson-Algorithm(λ̂0, ε,M)
2:

3: It ← 0 . Set number of iterations to zero
4: while (K(λ̂) ≥ ε) and (It < M) do

5: λ̂ ← λ̂0 − K(λ̂0)

K′(λ̂0)
. Compute new estimate of λ̂

6: K(λ̂) ← 1
λ̂
− 1

N

∑N
i=1 xi +

∑N
i=1 xie

−λ̂xi∑N
i=1 e−λ̂xi

. Plug current λ̂ into Equation 4.38

7: It ← It+ 1 . Increment iteration
8: λ̂0 ← λ̂ . Update λ̂0

9: end while
10: print ’Approximation of λ̂ is: ’,λ̂0

11: if K(λ̂0) ≥ ε then
12: print ’Required accuracy not reached in ’,M ,’ iterations!’ . Warning
13: end if
14: end function

The Test Phase: After parameter estimation using MLE, the fitted EVDs can be utilized in

the test phase to calculate the probability that the classification in frame f was correct and

weight the resulting prediction accordingly.

The weighting-factor wf of frame f is given by the Bayes’ theorem. Let P (∆dM |C) be the

probability of the difference of Mahalanobis-distances given a correct classification, then the

weighting-factor wf = P (C|∆dM ) is given by

P (C|∆dM ) =
P (∆dM |C)P (C)

P (∆dM )
, (4.40)

where P (C) is the probability of a correct classification and P (∆dM ) is the probability of the

difference of Mahalanobis-distances. The correct classification probability P (C) is taken from

the accuracy of the proposed system after 20-fold crossvalidation applied on the training set

as explained above. Moreover, P (∆dM |C) is calculated from the estimated PDF of correct

classifications. By applying the law of total probability, P (∆dM ) can be expanded which yields

the following reformulation of the Bayes’ law:
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P (C|∆dM ) =
P (∆dM |C)P (C)

P (∆dM |C)P (C) + P (∆dM |IC)P (IC)

=
P (∆dM |C)P (C)

P (∆dM |C)P (C) + P (∆dM |IC)(1− P (C))
,

(4.41)

where P (IC) = 1−P (C) is the probability of an incorrect classification and P (∆dM |IC) is the

probability of the difference of Mahalanobis-distances given an incorrect classification. The con-

ditional probability P (∆dM |IC) is estimated from the PDF of the Extreme Value Distribution

(EVD) of incorrect classifications fitted during training.

Once the weighting factor wf = P (C|∆dM ) has been calculated for every selected frame, the

frame-weighting procedure is as follows: Let sdf,f ∈ RC×1 be the score vector introduced in Sec-

tion 4.2.3.3 for frame f , then the cumulative score vector sc ∈ RC×1 is defined as the weighted

average of the score-vectors for all selected frames f = 1 . . . F

sc =
1

F

F∑
f=1

wf · sdf,f . (4.42)

Once all frames have been processed, the index of the maximum element of sc denotes the

final prediction of the current face-track tTrack.

ID(tTrack) = arg max
i
{sc(i)}. (4.43)
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4.4. Chapter Summary

During the course of this chapter a detailed explanation of the proposed Primate Recognition

Framework (PRF) for detection and individual identification of great apes in natural habitats

was given. Since humans and great apes share similar properties of their facial appearance,

identification algorithms originating from human face recognition techniques were adapted and

extended to robustly recognize primates in real-world environments. The developed framework

thus comprises three main parts: detection, alignment, and identification.

The first part of this chapter introduced algorithms for detection and recognition of great apes

in still images. The third-party library SHORE
TM

, developed by Fraunhofer IIS, is utilized to

robustly detect faces and facial keypoints of chimpanzees and gorillas. Based on the detected

landmarks, an affine transformation is applied to ensure that facial features such as eyes, nose,

and mouth are located at the same positions throughout the entire dataset. This procedure

ensures comparability of extracted visual descriptors for all faces. Subsequently, a global de-

scriptor based on a feature-level combination of Gabor-wavelets and Extended Local Ternary

Patterns (ELTPs) as well as local SURF features extracted around six facial interest points are

calculated after alignment and scaling. Thus, not only the holistic appearance of a primate face

is utilized for identification, but also discriminating wrinkle patterns around both eyes and the

nose of great apes are used implicitly. Morevover, a simple but effective decision-level fusion

method was proposed to combine the results of global and local features.

The second part of this chapter extended these ideas to identify primates in videos. A re-

quirement of robust identification of great apes in video sequences is to be able to track detected

faces through the scene. Again SHORE
TM

is utilized for that purpose. Since the visual qual-

ity of the first frame of an extracted face-track is often not suited well enough for robust and

accurate identification, several quality assessment modules were proposed, including pose, blur,

and illumination estimation. Thereby, the frames of face-tracks can be sorted according to their

visual quality. The F frames which are best suited for subsequent identification are selected

which significantly increases the accuracy of the system as will be shown in Section 5.5. Finally,

a novel frame-weighting approach was proposed which probabilistically weights the predictions

obtained from different frames by taking various confidence measures into account.
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5. Evaluation and Results

5.1. Chapter Overview

In this chapter the proposed Primate Recognition Framework (PRF) is thoroughly evaluated

on realistic datasets of free-living and captured primate individuals. Many databases which are

commonly used as benchmark datasets for human face recognition were compiled under labora-

tory conditions. Contrarily, the datasets used in this thesis were gathered in real-world environ-

ments and are extremely challenging since they comprise a variety of uncontrollable extrinsic

and intrinsic factors which are frequently present in visual footage gathered under natural con-

ditions. Thus, the datasets used for experimentation in this thesis place high demands on facial

recognition systems since they realistically reflect challenges present in real-world environments.

In order to evaluate the performance of the proposed framework, it is compared against other

state-of-the-art face recognition approaches that were originally developed to identify humans

based on their facial appearance.

Section 5.2 introduces the annotation tool which was used by experts to annotate image

data for training and experimentation. Subsequently, the datasets of captive and free-living

chimpanzee and gorilla individuals are described in detail. Section 5.3 reviews the evalua-

tion measures which are commonly used in the research community to compare face recognition

algorithms and asses their performances. Section 5.4 presents the results of the proposed

PRF for the identification of primates in still images. The developed non-invasive identifica-

tion system is benchmarked against eight different state-of-the-art approaches for human face

recognition. Furthermore, different face alignment and image enhancement techniques are ap-

plied to measure the influence of miscellaneous pre-processing methods. The proposed global

and local face recognition pipelines are first evaluated separately in a closed-set identification

scheme. Secondly, it is shown that the proposed decision fusion scheme can further enhance

the performance of the system. After thorough evaluation on still images, it is investigated in

Section 5.5 how the proposed framework performs when applied to video sequences. Here,

additional recording artifacts and coding errors such as interlacing, blur, and blocking might

hamper classification. It is shown how the proposed pose estimation and quality assessment

modules can be applied in order to find the frames within a face-track which are best suited for

identification. Moreover, it is demonstrated that weighting the contributions of multiple frames

using the proposed frame-weighting scheme improves the overall performance in comparison to

traditional weighting paradigms and approaches that rely solely on the classification of a single

frame.
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5.2. Annotation and Description of Datasets

5.2.1. The Annotation Tool

To provide a valid ground-truth database of facial images which can be used for training and

evaluation, a proprietary annotation tool developed by Fraunhofer IIS called ImageMarker [381]

was extended and adapted for this purpose. A screenshot of a sample annotation using the

ImageMarker can be seen in Figure 5.1.

Figure 5.1.: Screenshot of the ImageMarker for ground-truth annotation. (1) All faces in the image are
marked with blue rectangles and the position of facial marker points such as eyes, mouth, as well as earlobes
have to be annotated. (2) Additional metadata such as the species, gender, identity, and others are assigned
to each face. (3) Furthermore, the head pose of the primate face can be annotated. (4) Once all faces are
marked and equipped with attributes, the annotations are automatically saved into an XML-file and the next
image in the list can be annotated. Note that if the operator is unsure about a certain attribute it can also be
annotated as unknown. [I04]

Experts in the field of animal monitoring and biodiversity conservation annotated the location

of faces as well as facial marker points which are important to subsequently align the images

(see 1 in Figure 5.1). Moreover, additional metadata in form of key-value pairs such as pose,

gender, species, age as well as the name of the individual were assigned to every annotated face

(see 2 and 3 in Figure 5.1). The output of the annotation process is an XML-file for every

image which contains information about all objects within the photograph. Thereafter, for

training and benchmarking of the face detection and identification algorithms, facial images can

be selected and cropped according to the given annotations. Figure 5.2 shows the XML-scheme

of the provided ground-truth data generated by the ImageMarker by Fraunhofer IIS.
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Figure 5.2.: XML-scheme of the ground-truth data generated by the ImageMarker. In addition to
general information about the original image such as the Color Spectrum and the Image Size, every annotated
face within an image is assigned with information about the Region of interest, certain Marker points, as well
as a number of facial Attributes in form of key-value pairs.

Besides information about the original image itself such as the Color Spectrum (color or

infrared image) and its size, any annotated face within the photograph is labeled with three

fields: Marker, Region, and Attributes. The Marker field contains the x, y-coordinates of the

facial features. For full-frontal faces, the coordinates of both eyes and the mouth were annotated.

For faces in profile views either the left or the right earlobe was annotated depending on the

pose of the head. The Region field on the other hand contains the coordinates of the upper

left as well as the lower right corner of the rectangle drawn around the primate faces which can

later be used to cut the regions of interest out of the images. Furthermore, key-value pairs were

assigned to every annotated face and saved within the Attributes field which allows automatic

selection of images according to various parameters.
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All possible key-value pairs of the annotated attributes are described in Table 5.1.

Attributes Possible Values Description

Lighting Dark, HalfLight, Light Annotation of the current lighting situation with respect

to overexposure and underexposure.

Quality Poor, Fair, Good The overall quality of the facial image which is influ-

enced by blur or noise for instance.

Occlusion None, Moderate, Much Annotation of the level of occlusion: Small occlusions by

branches or leafs for instance are annotated as Moderate

while severe occlusions that overlay more than half of

the face are annotated as Much.

Gender Female, Male The gender of the individual.

Species Chimp, Gorilla Annotation of the species: The user currently has to

decide only between chimpanzee and gorilla.

Expression RelaxedLip, Playing, Pout, Bared-

Teeth, Eating

Categorization of facial expressions of great apes into

five different taxonomies which are commonly used by

biologists and behavioral scientists.

AgeGroup Infant, Juvenile, SubAdult, Adult,

Elderly

Rough estimation of the age group: For individuals liv-

ing in their natural habitats the exact age is often not

known.

Age — The age of an individual: This is only annotated if the

true age is known to the annotator.

Identity — The name of the individual.

Yaw Left, SemiLeft, Front, SemiRight,

Right

The horizontal face pose also referred to as yaw.

Pitch SemiTop, EyeLevel, SemiBottom The vertical pose of the primate face also known as

pitch.

Table 5.1.: Description of the key-value pairs used for annotations. The table gives an overview of all
possible key-value pairs used for the annotations of the datasets. These attributes can be used to filter the
datasets and test the robustness of developed algorithms against different poses, lighting conditions, various
degrees of occlusion, and other challenges present in real-world environments.

In case an annotator is uncertain about an attribute it can also be annotated as “unknown”.

Note that for benchmark purposes, the datasets used for evaluation in this thesis can be requested

via http://www.saisbeco.com.

http://www.saisbeco.com
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5.2.2. Image Datasets of Captive and Free-living Primate Individuals

Due to the lack of publicly available face databases of great apes, self-assembled annotated

datasets of captive as well as free-living individuals from the zoo of Leipzig, Germany and the

Täı National Park, Côte d’Ivoire, Africa are used for benchmark purposes within this thesis.

This section gives an overview of the datasets of captive and as free-living chimpanzees and

gorillas which were used for evaluation of the proposed PRF.

Captive chimpanzees and gorillas: The study subjects for the first dataset of captive individ-

uals are 24 chimpanzees (Pan troglodytes) separated into two groups from the zoo of Leipzig,

Germany. Video material from each individual was collected between June 2010 and December

2010. A high-definition camcorder (Sony Handycam, 3.1 Mpx, 25×optical zoom) with a tripod

was placed on one of five observation platforms from which a barrier-free view down into the

enclosures of the study groups was guaranteed. Individuals were recorded for one to five min-

utes in order to capture different expressions, poses, and varying lighting conditions. Finally,

snapshots of the gathered video material were extracted and annotated to provide a realistic

and valid dataset for training and evaluation. Furthermore, a second dataset of captive western

gorillas (Gorilla gorilla) was collected with the same acquisition protocol as explained above.

These datasets are referred to as ChimpZoo and GorillaZoo for the remainder of the thesis. To

give an impression of both datasets, example images of captive chimpanzees (a) and gorillas (b)

are illustrated in Figure 5.3.

(a) ChimpZoo

(b) GorillaZoo

Figure 5.3.: Example images of captured chimpanzees and gorillas. (a) Images of the ChimpZoo dataset.
(b) Photographs of the GorillaZoo dataset. Both datasets were gathered at the zoo of Leipzig, Germany. [I04]
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Free-living chimpanzees: In order to proof the applicability of the developed PRF to data

gathered in natural habitats, additionally a third dataset of free-living chimpanzees was assem-

bled. Video footage of a group of chimpanzees (Pan troglodytes) was gathered at the Täı National

Park, Côte d’Ivoire, Africa. Pictures were taken using a Canon EOS D30 (3 Mpx) camera be-

tween November 2003 and December 2004. The dataset is referred to as ChimpTäı for the

remainder of this thesis. Figure 5.4 shows example snapshots of the ChimpTäı dataset.

Figure 5.4.: Example images of free-living chimpanzees and gorillas. Images of the ChimpTäı dataset
gathered at the Täı National Park, Côte d’Ivoire, Africa. [I02]

It is obvious that all three datasets are extremely challenging because detected faces of one

single individual might appear in a variety of different poses, expressions, variation of illumina-

tion and even partial occlusion by branches, leafs, or conspecifics. Thus, the algorithms used

for identification need to be robust against that kind of variations in order to achieve sufficient

recognition accuracy. Details about all datasets are listed in Table 5.2.

Dataset Images Individuals Faces Frontal

Faces

Faces

per Individual

Frontal Faces

per Individual

ChimpZoo 2118 24 2438 648 75− 128 14− 43

GorillaZoo 499 6 540 154 64− 116 19− 33

ChimpTäı 3905 80 5079 1294 1− 342 1− 84

Table 5.2.: Details about the datasets ChimpZoo, GorillaZoo, and ChimpTäı. Note that the columns
Frontal Faces and Frontal Faces per Individual refer to facial images that were annotated as Front with arbitrary
vertical directions (pitches).

5.2.3. Generation of Datasets for Experiments and Evaluation

Datasets gathered in real-world environments often have two major drawbacks. First, as can be

seen in Table 5.2, many classes do not contain enough images to build a sufficiently representative

feature space in order to learn its intrinsic structure. Secondly, facial images might carry a large

variety of different poses, lighting conditions, occlusions, expressions and many more challenging

extrinsic and intrinsic factors.
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It is generally agreed that a sufficiently constrained pattern recognition problem, i.e. low

intra-class variance and high inter-class variance, can be solved more efficiently and with a much

higher confidence than ill-defined problems [382]. On the other hand, like every machine learning

algorithm the fundamental goal of the proposed PRF is to generalize beyond the examples of

the training set. Thus, training an algorithm solely on unrealistic data will lead to a system that

is prone to challenges present in real-world application scenarios. Therefore, dataset generation

used for experimentation in this thesis are based on the following criteria. This procedure

ensures that individual models are trained on data that is suited for the task at hand, so that

the intrinsic structure of the feature space can be learned sufficiently well. At the same time

it is ensured that the system is evaluated on realistic data which can be expected in real-world

applications:

• Number of images per individual: In order to generate a feature space suitable for

recognition and subspace learning, all individuals with less than 5 images in the database

are excluded from further processing.

• Size: Only face images that provide sufficient facial details in order to extract discrimi-

nating descriptors should be part of the evaluation data. Hence, only faces with a size of

at least 64× 64 pixels are considered to be in the dataset.

• Vertical pose (pitch): Although too large pitch angles might influence the recognition

results negatively, primate faces in natural environments often appear in a large variety of

vertical poses. Therefore, images with all possible annotated pitch angles, i.e. EyeLevel,

SemiBottom, and SemiTop are considered.

• Horizontal pose (yaw): Since the proposed PRF is designed for full-frontal head poses,

faces with profile views are excluded from the training set and thus only faces, annotated

as Frontal are selected. However, as shown in Section 5.4.3, the proposed face recognition

algorithm is also tested on semi-profile face images in order to evaluate the algorithms

performance on non-frontal data.

• Occlusion: Also too much occlusion by branches, leafs or other individuals might hamper

training and classification. Therefore, only face images with None or Moderate occlusion

are taken into account since faces with too much occlusion will not even be detected by

SHORE
TM

and thus do not need to be identified.

• Quality: Although the overall image quality can significantly hamper the performance

of the system, all annotated quality parameters are considered for the generation of the

datasets to ensure a realistic evaluation scenario.
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• Facial Expression: Since faces are deformable objects, they can significantly change

their appearance with different facial expressions. Thus, face images with a high degree

of facial expressions might be extremely challenging to classify. In real-world scenarios,

however, facial expressions occur frequently while eating, playing, or shouting. Hence, all

annotated facial expressions are considered to be in the evaluation sets.

• Unknown Identities: Moreover, facial images for which the annotator was not sure

about the name of the individual are excluded from the datasets to ensure validity of the

experiments conducted in this thesis.

Figure 5.5 shows detected faces of one individual for the ChimpZoo (a), ChimpTäı (b), and

GorillaZoo dataset (c), respectively.

(a) ChimpZoo

(b) ChimpTäı

(c) GorillaZoo

Figure 5.5.: Facial images of one individual per dataset. The figure shows different facial appearances of
one individual for the (a) ChimpZoo dataset, (b) ChimpTäı dataset, and (c) GorillaZoo dataset, respectively.
Note that the face of a single individual can show a variety of different appearances due to various lighting
conditions, facial expressions, head poses, and even partial occlusion by branches, leafs, or conspecifics. All
these factors place high demands on the identification system.
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It is obvious that all datasets are extremely challenging for the recognition task because

detected faces of one single individual can show a variety of different appearances due to ex-

pressions, lighting conditions, and even partial occlusion by branches, leafs, or other objects.

Furthermore, even for primate faces annotated as Frontal a significant amount of variation is

present unlike for most human face datasets such as the Extended YaleB [383] or the Color

FERET [384] database. Thus, the algorithms used for identification are required to be robust

against that kind of variations in order to achieve sufficient recognition results. Table 5.3 gives

a detailed overview of all four filtered datasets used for evaluation.

Dataset Number of Images Number of Individuals Frontal Faces per Individual

ChimpZoo 572 24 14− 38

GorillaZoo 133 6 16− 28

ChimpTäı 988 49 5− 60

Table 5.3.: Details about the filtered datasets used for the experiments within this thesis. The table
lists the details of the filtered versions of the datasets ChimpZoo, GorillaZoo, and ChimpTäı used for the
experiments conducted in this thesis.

Although the developed primate face recognition system is mainly designed to recognize full-

frontal faces, it is crucial to evaluate the system’s robustness against different poses. Using

the annotations outlined in the previous chapter, three distinct pose-specific subsets can be

generated for every primate face database. The subset Front then only contains full-frontal face

images of every individual, while the subsets SemiLeft and SemiRight contain images of semi-left

and semi-right faces, respectively. Example images of one individual per dataset with SemiLeft,

Frontal, and SemiRight poses can be seen in Figure 5.6.

Conclusively, it can be stated that the developed PRF is thoroughly evaluated on realistic

data which can be expected for real-world applications in the field. Therefore it can be assumed

that the results achieved on that data can also be expected in real-world scenarios. Table 5.4

shows an overview of the pose specific subsets for all databases of captive and free-living primate

individuals.

Dataset Individuals Frontal Faces SemiLeft Faces SemiRight Faces

ChimpZoo 24 572 490 506

GorillaZoo 6 133 118 98

ChimpTäı 49 988 808 831

Table 5.4.: Details about the off-frontal subsets. The table lists an overview of the off-frontal pose subsets
for the the datasets ChimpZoo, GorillaZoo, and ChimpTäı.
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(a) ChimpZoo (b) ChimpTäı

(c) GorillaZoo

Figure 5.6.: Facial images taken from different pose subsets for one individual per dataset. The figure
shows images taken from the three different pose subsets SemiLeft (leftmost), Front (middle), and SemiRight
(rightmost) for one individual per dataset. Images were taken from the (a) ChimpZoo, (b) ChimpTäı, and (c)
GorillaZoo dataset.

5.2.4. Synthesis of Unseen Image Conditions

As stated in Section 5.2.3, the minimum number of images per individual is required to be at least

five in order to generate a feature space that is suitable for recognition and subspace learning.

However, the elusive and uncooperative nature of great apes in real-world settings limits available

data. Consequently, for the datasets gathered in natural environments, a number of individuals

are omitted from analysis due to insufficient data (see Tables 5.2 and 5.3). To overcome this

limitation, manually collecting and analyzing field data for individuals might be minimized by

synthesizing unseen image conditions. This not only allows a more complete coverage of image

parameter variability for training but could also lead to inclusion of more individuals as less real

images are required.

Within a collaboration with the Visual Information Laboratory, University of Bristol, UK 1

preliminary experiments were conducted in [10] to explore face recognition accuracy on images of

chimpanzees by synthesizing data from a generic 3D model. Automatically annotated synthetic

images generated under controlled conditions by the University of Bristol were used to evaluate

the performance of the proposed PRF under different poses and lighting situations.

1http://www.bristol.ac.uk/vi-lab/ Last visit: August 12th, 2014

http://www.bristol.ac.uk/vi-lab/
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Furthermore, synthetic data was used to supplement real data in order to improve the gen-

eralization capabilities of the algorithm and therefore increase the system’s robustness against

non-frontal posed test samples.

Although 2D images rendered from 3D models have been successfully used to improve human

face recognition systems, generation of 3D models usually requires cooperation of the individuals

to be scanned [385, 386]. Recently, methods were developed which use 3D modeling and synthesis

without the need for scanned images. However, these approaches require several images in

controlled poses [387], frontal and profile mugshots [388] or additional data such as depth maps

[389].

Uncooperative subjects and images gathered under uncontrolled conditions make those ap-

proaches infeasible for great apes. Therefore, a generic shape model was used to approximate

the 3D geometry of a chimp’s face. The pose and lighting of a face can be varied independently.

Admittedly, such a model is constrained due to limited subject information but assumed to

be sufficiently representative to generate artificial test and training data in order to evaluate

face recognition algorithms. The 572 frontal face images of the ChimpZoo dataset described in

Section 5.2.3 serve as basis from which images with different vertical and horizontal poses as

well as different lighting conditions were synthesized. In order to project the source images onto

the surface of the model, face images first have to be optimally aligned to the 3D model. The

minimal Procrustes distance [390, 391] based on the three manually annotated facial marker

points described in Section 5.2.1 was applied to obtain a scale, shift, and rotation normalized

texture map. Lambertian reflection [392] was utilized as a model for diffuse lighting since more

complex models developed for humans [393] are not directly transferable to great apes.

By altering either pose or lighting, synthetic images were created from each of the 572 face

images of the ChimpZoo dataset. Horizontal and vertical pose angles are each varied between

±30◦ with a step size of 10◦. Lighting conditions are varied by changing either the position

or the intensity of a virtual spotlight with one of three possible intensities: low, mid, or high.

The spotlight position is varied in 30◦ increments between ±60◦. Additionally an ambient light

setting is included. Since the purpose is to investigate the influence of pose and lighting changes

separately, only one parameter is varied at a time and the other one remains in a “neutral”

state of frontal pose or ambient lighting. Rendering under these conditions results in 5 spotlight

positions, 3 exposure intensities, 7 horizontal and vertical poses for each of the 572 basis images.

Therefore, in summary the final rendered dataset contains 11, 440 unique synthetic images, each

containing either horizontal or vertical pose variation, spotlight exposure, or position variation.

Figure 5.7 displays the variation of synthesized images generated from a single chimp face input

image.
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Figure 5.7.: Example images of synthesized data. The figure shows synthesized example images for a basis
image taken from the ChimpZoo dataset. Each artificial image contains either horizontal or vertical pose
variation, respectively spotlight exposure or variation of the spotlight position. [I05]

5.2.5. Video Datasets of Captive and Free-living Chimpanzees

Besides evaluation on image databases, it is also investigated in this thesis how the proposed

PRF performs when applied to video sequences. Thus, video footage of captured as well as

free-living chimpanzees was recorded at the zoo of Leipzig, Germany and the Täı National Park,

Côte d’Ivoire, Africa, using the same acquisition protocol as explained above. Since image and

video datasets were gathered independently, the image databases described above can be utilized

for training while the gathered video material serves as test data. Note however that not every

individual of the according image dataset is necessarily also present in one of the video sequences.

However, the system is trained with the entire set of individuals for each database. Hereafter,

both video datasets are referred to as ChimpZoo-Video and ChimpTäı-Video, respectively.

First, a deinterlacing filter2 was applied in order to enhance the quality of the video recordings.

SHORE
TM

was used for annotation of the gathered video footage in order to detect and track

faces of chimpanzees in a first step. Every extracted face-track is subsequently annotated with

the name of the according individual. False positive detections were labeled as unknown. These

face tracks serve as test instances for rejection, i.e. it is evaluated how well the identification

module is capable to classify false positive detections as unknown and therefore reject them as

non-faces. Statistics about both video datasets can be found in Table 5.5 and Figure 5.8.

2The yadif -filter of FFmpeg version 2.2.4 was used. https://www.ffmpeg.org/ Last visit: August 12th, 2014

https://www.ffmpeg.org/
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Dataset Videos Face-Tracks Frames

per Face-Track

Individuals Unknowns

ChimpZoo-Video 14 264 1− 818 16 61

ChimpTäı-Video 11 198 1− 1149 17 49

Table 5.5.: Details about the video datasets used for evaluation within this thesis. Face-tracks are first
extracted for every video sequence using SHORE

TM

and subsequently labeled with the name of the according
individual. False positive detections are labeled as unknown.

1 10 100 1.000
0

5

10

15

20

25

30

35

Length of Face−Tracks [Frames]

N
u
m

b
e
r 

o
f 
F

a
c
e
−

T
ra

c
k
s

(a) ChimpZoo-Video

1 10 100 1.000
0

5

10

15

20

25

30

35

Length of Face−Tracks [Frames]

N
u

m
b

e
r 

o
f 

F
a

c
e

−
T

ra
c
k
s

(b) ChimpTäı-Video

Figure 5.8.: Histogram of the length of the extracted face-tracks. In both datasets most face-tracks

contain a low number of frames which suggest that many faces were initially detected by SHORE
TM

but could
not be tracked through the video sequence.

As can be seen in Figure 5.8, a relatively high number of face-tracks contain only few frames

which suggests that often faces were detected but could not be tracked through the video.

Many of those short face-tracks contain false positive detections. Therefore, face-tracks that are

too short are ignored from further processing and are directly classified as unknown since it is

assumed that these detections do not show an actual face. Details about that procedure are

given in Section 5.5.

5.3. Evaluation Measures and Experimental Design

The performance of the proposed PRF is reported on two standard tasks commonly used for

face recognition and biometric identification: closed-set identification and open-set identification,

where the latter is the most general case. Each task has its own set of evaluation measures which

are explained in more detail in this section.
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The performance statistics described in [394, 395, 396] are utilized to evaluate the system.

Computing the performance of a biometric identification system generally requires three different

image sets: The gallery G, also referred to as the training set, and two probe sets, i.e. biometric

samples which are presented to the system to report their identity. Let PG be the probe set

that contains face images of primates in the gallery and PN the probe set that contains samples

of individuals that are not known to the system. Note that although the images in PG contain

individuals that are known to the system, the samples in the gallery G are different from the

samples in PG . When a probe pj is presented to the system, a score vector s ∈ RC×1 can be

calculated, where C is the number of known individuals in the database. The entries of this

vector are scaled between 0 and 1. Since confidence measures are used for classification within

the proposed system, it can be stated that the higher the score of the predicted class, the higher

the confidence of the classifier. For the proposed decision fusion technique described in Section

4.2.3.3, the combined weightings sdf can be utilized as score values for each class.

Closed-set identification is the classic performance measure used in most scientific publications.

For closed-set identification, the identity of the biometric test sample is always known to the

system, i.e. it is assumed that every probe can be classified as one class represented in the

training set. Open-set identification is the general case where the system first has to decide

if the probe pj represents a sample of an individual in the gallery G or not. If the system

decides that the individual of the probe is genuine, then it also has to report the identity of the

individual, otherwise it is classified as unknown.

5.3.1. Closed-Set Identification

When the number of individuals to be recognized is restricted, like in captive environments for

instance, the closed-set identification task is the most common method to evaluate an identi-

fication system. However, instead of asking if only the top-match is correct, a more general

approach would be to ask if the correct individual is among the top ℘ matches.

After computing the scores of the probe pj belonging to all classes in the training set, the

first step is to sort the resulting vector of score values and compute the rank of pj . Since the

classification of the PRF is based on confidence metrics, it has to be sorted descendingly so

that the best guess of the system appears as the first element of the score vector. Similarly, if a

system is based on distance metrics the vector has to be sorted ascendingly. Consequently, the

℘-th rank of the probe pj is then given by the ℘-th element of the score vector sdf. The rank-℘

identification rate, PI(℘), is therefore given by

PI(℘) =
|C(℘)|
|PG |

, (5.1)
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where C(℘) is the cumulative count of the number of probes that are less than or equal to

rank ℘.

C(℘) = |{pj : rank(pj) ≤ ℘}| . (5.2)

The identification rate at rank 1 is also referred to as top match rate, accuracy, or correct

identification rate. For closed-set identification, the performance of a biometric identification

system is often reported as Cumulative Match Characteristic (CMC), which plots PI(℘) as a

function of rank ℘.

Furthermore, it is often useful to consider the correct identification rate of every class sepa-

rately. An appropriate tool for that purpose is called the confusion matrix, which provides an

overview of the error distribution of a classifier for a multi-class problem. Thus, the confusion

matrix shows which classes are more often confused by the system than others. Given C classes,

the confusion matrix has a size of C × C. Each row of the matrix represents the actual class

given by the ground-truth information, while each column represents the class predicted by the

classifier. Figure 5.9 shows a schematic overview of a confusion matrix.

Figure 5.9.: Schematic overview of a confusion matrix. Each row of the square matrix represents the actual
class given by the ground-truth information, while each column represents the class predicted by the classifier.
Every element of the matrix contains the relative frequency fi,j that samples of class i were classified as class
j. Therefore, the accuracy of the system can be determined by the mean of the elements of the main diagonal.

Every element of a confusion matrix (i, j) contains the relative frequency fi,j that samples of

class i were classified as members of class j. Hence, all values that are not on the main diagonal

of the confusion matrix correspond to misclassifications while the accuracy or rank-1 recognition

rate of the system is given by

PI(1) =

∑C
i=1 fi,i
C

. (5.3)
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5.3.2. Open-Set Identification

When it comes to evaluate not only the face recognition part but complete recognition systems

including face detection, pre-processing, and identification (see Figure 4.1), a closed-set eval-

uation protocol is not applicable anymore. The reasons for this are twofold: First, the face

detection stage will produce false positive detections which have to be considered for evaluation.

Secondly, often not all individuals are known to the system in real-world applications. Hence,

it is important that a biometric identification system is able to reject unknown individuals so

they can be annotated by experts before being included into the training set. Besides manu-

ally annotating rejected data, a number of sophisticated algorithms for unsupervised clustering

[397, 398] exists which could be applied to automatically group similar looking faces.

Therefore, an open-set identification scheme has to be utilized to evaluate systems that operate

in real-world environments. While for a closed-set identification the question is how many test

images are correctly classified as a certain individual, two more types of errors can occur for

an open-set classification: In addition to false classifications, it is also possible that the system

rejects genuine individuals or accepts impostors.

A probe pj is detected and identified if the maximal match score smax,j = max{sdf,j} is above

the operating threshold τ and identified correctly with rank(pj) = 1. Therefore, the detection

and identification rate PDI at threshold τ can be calculated as

PDI(τ, 1) =
|{pj : pj ∈ PG , rank(pj) = 1, and smax,j ≥ τ}|

|PG |
. (5.4)

The second performance measure is the false acceptance rate PFA. A false acceptance occurs

if the maximal match score of an impostor is above the operating threshold τ . Consequently, the

false acceptance rate is the fraction of probes in PN that are detected as genuine individuals:

PFA(τ) =
|{pj : pj ∈ PN , smax,j ≥ τ}|

|PN |
. (5.5)

An ideal system would have a detection and identification rate PDI of 1.0 and a false accep-

tance rate PFA of 0.0, which means that all individuals are detected and classified correctly

and no impostor has been erroneously classified as a genuine individual. In practice, however,

both measures have to be traded-off against each other. This trade-off is shown in a Receiver

Operating Characteristic (ROC) by iteratively changing the operating threshold τ .

Two important performance measures can be derived from the ROC-plot. The Equal Er-

ror Rate (EER) is reached when the false acceptance rate is equal to the false rejection and

classification rate. The smaller the EER, the better performs the system. A second important

performance measure is the Area under the ROC-curve (AUC), a measure between 0 and 1



5.3. Evaluation Measures and Experimental Design 165

where a perfect system would have an AUC of 1. Figure 5.10 exemplarily shows a ROC-curve

and illustrates according performance measures.

Figure 5.10.: Example of a ROC-curve. An ideal system would have a false acceptance rate PFA of 0 and
a detection and identification Rate PDI of 1. The black line denotes the Line of Equal Error and the Area
Under the Curve (AUC) is characterized in blue. Another important performance measure is the Equal Error
Rate (EER) which is reached at the point where the false acceptance rate is equal to the false rejection and
classification rate.

5.3.3. Experimental Design

Validation techniques are motivated by two fundamental problems in pattern recognition: model

selection and performance estimation. Note that parameters are set to default values and there-

fore no parameter tuning is necessary for the proposed PRF. Therefore, the main question is

how to obtain results which are a valid estimate of what can be expected in real-world settings.

To get a meaningful estimation of the performance of a classification system on a given dataset,

it has to be split into disjoint subsets, the test and the training set. However, in a single train-

and-test experiment on a small dataset the estimate of the error rate might be misleading due to

an “unfortunate” split. This limitation can be overcome by applying resampling methods such

as the K-fold cross-validation with the expense of a longer evaluation time.

In a K-fold cross-validation, the dataset is randomly divided into K subsets. For each of the

K experiments K − 1 folds are put together to form the training set and the remaining fold is

used for testing. This procedure is repeated K times until every fold has been used as the test

set once. The performance of the system is then estimated by computing the average accuracy

across all K trials. Figure 5.11 illustrates the procedure of a K-fold cross-validation exemplarily

on a dataset of two classes and 30 samples.
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Figure 5.11.: Illustration of a K-fold cross-validation. The figure illustrates the procedure of a K-fold
cross-validation on a dataset of two classes (blue and red dots) and 30 samples using 5 folds. The dataset is
split into K subsets. For each of the K iterations, the samples of K − 1 subsets form the training set while
the remaining one takes the role of the test set. This ensures that each sample in the dataset gets to be a test
sample exactly once. Unless not otherwise specified, a 5-fold cross-validation was applied for the experiments
within this thesis to ensure validity of the performance estimation.

A disadvantage of a K-fold cross-validation is that the split into training and test set might

be unbalanced, e.g. a certain class is under-represented in the training or test set. Therefore, an

extension of the ordinary K-fold cross-validation is its stratified version where it is taken into

account that each class is approximately equally represented in both sets.

Unless otherwise specified, a stratified 5-fold cross-validation was applied for all conducted ex-

periments to obtain a valid estimation of the performance of the proposed system. Additionally,

for open-set experiments one individual at a time is removed from the training set and presented

as an impostor to test the system’s capability to reject unknown individuals. This procedure is

repeated C times, where C is the number of classes in the data set, such that every individual

takes the role of an impostor once. Furthermore, the detection stage of the proposed primate

recognition framework might produce false positive detections in real-world settings which are

subsequently processed by the facial recognition module. To test the system’s performance to

reject non-face data, false positive detections are assigned to the unknown class. Images of false

positive detections as well as all pictures of the unknown individual remain in the test set for

all 5 folds and are not used for training.
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5.4. Individual Identification in Images

5.4.1. Identification Using Global Features

During the course of the subsequent sections the proposed approach using global features (see

Section 4.2.3.1) is benchmarked against eight different state-of-the-art face recognition tech-

niques developed for human face recognition over the past 20 years. All algorithms were dis-

cussed in Section 3.3 and are briefly reviewed below as a reminder.

Pixel-based Algorithms: The algorithms Eigenfaces (PCA) [61], Fisherfaces (LDA) [62], and

Laplacianfaces (LPP) [58] use simple gray-level pixel information as features. They only differ

in the applied feature space transformation technique. A simple Euclidean distance-based k-

Nearest-Neighbor (k-NN) classifier was used for all three algorithms with k = 3 as proposed

in the original publications. Randomfaces (RAND) [71] on the other hand uses a randomly

generated projection matrix by sampling zero-mean independent identically distributed Gaussian

entries for dimensionality reduction. Furthermore, the Sparse Representation Classification

(SRC) scheme introduced in Section 2.4.2 is applied after feature space transformation. The

algorithms Robust Sparse Coding (RSC) and Regularized Robust Coding (RRC)3 utilize pixel-

based information for features representation as well. However, both algorithms apply different

extensions of SRC for classification which were proposed in [313] and [314], respectively. Note

that for RSC a PCA is applied to project the high-dimensional vectorized images into a smaller

dimensional subspace. For RRC, however, a feature space transformation is not required.

Advanced Feature-based Algorithms: Moreover, algorithms that compute more advanced fea-

ture sets were implemented for benchmark purposes. The algorithm developed by Ekenel and

Stallkamp in [315, 316, 307] applies a block-based Discrete Cosine Transform (BDCT) to obtain

representative descriptors for each face. As proposed by the authors, each facial image is di-

vided into 8×8 blocks and 10 DCT coefficients are extracted in each block by utilizing a zig-zag

scan. The first element is ignored in order to compensate illumination variation. A feature

space transformation step is not performed. As for Eigenfaces, Fisherfaces, and Laplacianfaces,

a 3-NN approach is used for classification. However, in [307] the authors proposed to use the

correlation between feature vectors as distance measure. Finally, the Gabor Sparse Represen-

tation Classification (GSRC) approach by Yang et al. proposed in [48] was implemented for

comparison. As the name suggests, Gabor features are extracted and SRC is used for classifica-

tion. A PCA was applied for feature space transformation as suggested by the authors.

3The authors provide the source codes of RSC and RRC at
http://www4.comp.polyu.edu.hk/~cslzhang/papers.htm Last visit: May 22nd, 2014

http://www4.comp.polyu.edu.hk/~cslzhang/papers.htm
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For all algorithms the parameters were set as proposed in the original publications if declared

by the authors. As suggested in Section 4.2.3.1, the dimensionality of the feature vector was

set to m = 160 for all algorithms where feature space transformation needs to be performed

in order to keep the comparison fair. Note, however, that for the Fisherfaces approach the

maximum number of features is limited to C − 1, where C is the number of individuals in the

dataset (see Section 2.3.2 for details). Thus, m is set to 23 and 48 for the ChimpZoo and the

ChimpTäı dataset, respectively. Unless otherwise noted, a 5-fold cross-validation (see Section

5.3.3) was implemented using closed-set or open-set identification protocols in order to obtain

valid results. All experiments in this section were conducted on the frontal face datasets listed

in Table 5.3.

The Influence of Face Alignment

As stated in section 4.2.2, face alignment is an important pre-processing step to achieve high

accuracies in real-world settings. Hence, the goal of the first experiment is to compare the influ-

ence of different alignment techniques applied to the state-of-the art face recognition techniques

outlined above as well as the global face recognition pipeline (see Section 4.2.3.1) as part of the

proposed PRF. Three different alignment strategies are compared:

• NONE: No alignment is applied. An example of an unaligned picture from the ChimpZoo

dataset is illustrated in Figure 4.4(a).

• ROTATE: The face is rotated to an upright position such that both eyes lie on a horizontal

line. A rotated chimpanzee face can be seen in Figure 4.4(b). Based on the re-located

eye and mouth markers the image is subsequently cropped to further reduce undesirable

background.

• AFFINE: The proposed face alignment scheme discussed in Section 4.2.2 is applied which

performs an affine transformation based on the locations of both eyes and the mouth. This

ensures that facial feature points are located at predefined position throughout the entire

dataset. A transformed chimpanzee face from the ChimpZoo dataset can be found in

Figure 4.4(c).

Each face is subsequently resized to 64× 64 pixels. Only full-frontal face images were taken into

account that met the requirements discussed in Section 5.2.3 for the experiments conducted in

this section.
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Figure 5.12(a) shows the results obtained for the ChimpZoo dataset while the rank-1 accuracies

as well as the standard deviations across the folds for the ChimpTäı dataset can be seen in

Figure 5.12(b). A more detailed overview of the achieved results can be found in Tables D.1

and D.2.
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Figure 5.12.: Results of state-of-the-art algorithms for three alignment strategies. The figure shows
how different state-of-the-art face recognition algorithms perform when three different alignment strategies
are applied: No alignment (NONE), rotation (ROTATE), and affine transform (AFFINE). Accuracies are
illustrated in bar plots for the ChimpZoo dataset (a) and the ChimpTäı dataset (b). Additionally, the standard
deviation across the 5 folds is superimposed for each bar. The legend is plotted below the diagrams. It is obvious
that the proposed PRF global face recognition pipeline (dark blue) outperforms all other approaches for all
three alignment strategies, where the mean accuracy for AFFINE is slightly higher than for alignment based
on rotation.

It is obvious that the global face recognition pipeline of the proposed PRF, represented by the

dark blue bars, outperforms the other approaches on both datasets, regardless of the applied

face alignment strategy. As expected, the mean accuracies for ChimpTäı are lower than for the

ChimpZoo dataset for all face recognition algorithms. As already discussed in Section 5.2.2,

the ChimpTäı dataset was gathered under more challenging conditions in natural habitats of

free-living chimpanzees. Additionally, it contains more individuals which explains the worse

accuracies obtained for this dataset. Note, however, that a proper alignment increases the

performance of most face recognition algorithms which proofs the statement that face alignment

is crucial to achieve high accuracies in real-world settings. The experiments furthermore show

that an affine transformation based on three distinctive keypoints is very well suited as face

alignment step since it performed best for most face recognition algorithms. Accuracies increase

up to 15% on both datasets for the proposed framework. Another interesting observation is
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that for the ChimpTäı dataset the simple Eigenfaces approach seems to be superior to the more

advanced Fisherfaces algorithm which takes class information into account. This phenomenon

has already been discussed in Section 2.3.2 and in [60]. It is well known that PCA can outperform

LDA if the the underlying class distribution cannot be adequately represented by the training

data which might particularly be the case for the ChimpTäı dataset.

One can also see from the results in Figure 5.12 that representative image descriptors as well as

a suitable feature space transformation is necessary to obtain high accuracies. For pixel-based

algorithms, a sophisticated feature space transformation such as LPP outperforms methods

which are based on simpler methods such as PCA or LDA. This supports the assumption that

face images reside on a non-linear submanifold hidden in the feature space. By taking the local

context between images of the same class into account, adequate performances can be achieved

even with pure gray-value information as features. However, GSRC and BDCT also perform

very well for both datasets suggesting that a compact and robust representation of a face is

equally important. Thus, the combination of the face descriptor, proposed in Section 4.2.3.1,

and state-of-the-art feature space transformation and classification techniques provides a robust

and accurate face recognition system for identification of great apes in real-world settings.

The Influence of Image Enhancement Techniques

As claimed by Moses et al. in [349], the variations of face images of the same individual caused by

various environmental factors are often larger than image differences caused by the identity itself.

Therefore, many algorithms have been proposed in the literature to compensate illumination

changes and counter the effects of local shadowing in order to help increasing robustness of face

recognition algorithms.

Hence, the second experiment investigates how several state-of-the-art photometric normaliza-

tion techniques influence the recognition accuracies of face recognition algorithms. The proposed

global feature approach of PRF is benchmarked against the same face recognition techniques

outlined above. Since face alignment based on an affine transform achieved the best results

for most algorithms as shown in Section 5.4.1, this pre-processing step is applied for all face

recognition methods in this experiment. The following illumination normalization techniques

are compared:

• NONE: Except for face alignment, no additional pre-processing steps are applied.

• HIST: A histogram equalization is performed after face alignment which enhances the

contrast of an image by transforming the values of an intensity image such that the gray-

level histogram of the output image is approximately equally distributed [399].
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• CLAHE: A Contrast Limited Adaptive Histogram Equalization (CLAHE) is applied after

alignment to compensate illumination changes. Opposed to an ordinary histogram equal-

ization, CLAHE operates on small image regions. A histogram equalization is performed

separately for every region in order to enhance local details. To compensate noise effects

in homogeneous regions, CLAHE additionally applies a parameter that specifies a contrast

enhancement limit. Neighboring regions are then combined using bilinear interpolation to

eliminate artificially induced boundary effects [400].

• MSR: The Multi Scale Retinex (MSR) algorithm is a photometric normalization technique

proposed by Jobson et al. in [401]. It is based on the so-called retinex theory which was

introduced in [402]. The implementation of MSR was taken from the INFace toolbox 4

[403], a collection of various photometric normalization techniques.

• IMADJUST: An image adjustment algorithm is applied after face alignment to enhance

the contrast of an image. The algorithm maps the intensity values of a grayscale image

such that 1% of the data is saturated at low and high intensities of image I. IMADJUST

is part of the MATLAB R© Image Processing Toolbox.

• GAMMA+DOG: A chain of preprocessing steps for illumination normalization and con-

trast enhancement proposed by [40] is applied. The method includes a series of steps. First,

a non-linear gray-scale transformation called gamma correction is performed. The inten-

sity values of image I are replaced with Iγ if γ > 0 or log(I) for γ = 0, where γ ∈ [0, 1]

is a user-defined parameter. This procedure enhances the local dynamic range in dark

or shadowed regions while compressing it in bright regions. For the experiments in this

thesis, γ is set to 0.2. Gamma correction alone does not completely remove the influence

of shading effects caused by low frequency components of illumination gradients. However,

suppressing high frequency components might also help to increase the recognition perfor-

mance since noise and aliasing effects can be removed. Thus, Difference of Gaussian (DoG)

filtering is performed after gamma correction in order to obtain a bandpass filtered image.

The input image is filtered with two 2D Gaussian kernels of different standard deviations

and the output images are subsequently subtracted to obtain the bandpass filtered image.

As suggested in [40], σ1 = 1.0 and σ2 = 2.0 were set as default setting for the experiments

conducted below.

Figure 5.13 shows the effect of the applied photometric normalization techniques as well as

the according histograms of the normalized images.

4Available for download at
http://luks.fe.uni-lj.si/sl/osebje/vitomir/face_tools/INFace/ Last visit: May 20th, 2014

http://luks.fe.uni-lj.si/sl/osebje/vitomir/face_tools/INFace/
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Figure 5.13.: The effect of different illumination normalization methods. The figure illustrates the effect
of the five different photometric illumination normalization techniques used for experimentation in this thesis.
The methods were applied to an aligned chimpanzee face (a)-(f). The according gray-level histograms of the
processed images are illustrated below.

The obtained results of the investigated face recognition algorithms in combination with the

lighting normalization techniques explained above can be seen in Figure 5.14. For illustration

purposes the standard deviations across the folds are not displayed. However, the results for

both datasets including the standard deviations are given in Tables E.1 and E.2.

The obtained results show that illumination normalization techniques do not have a significant

impact on the proposed global face recognition pipeline. Hence, the consistent accuracy for

both datasets indicate that the proposed global face descriptor is to some extent invariant to

challenging lighting conditions compared to pure pixel-based information. An additional pre-

processing step for compensation of lighting variations is therefore not necessary since none of the

applied pre-processing methods has a significant effect on the recognition accuracy. However, it is

obvious that lighting normalization can increase the performance of face recognition algorithms

which solely rely on gray-scale pixel intensities quite drastically. Surprisingly, simpler methods

such as HIST or CLAHE often perform better than more advanced algorithms like MSR for

instance. Another interesting observation is that Gabor features alone seem to be prone to

challenging lighting situations since HIST and CLAHE are able to increase the accuracy of GSRC

for both datasets. The proposed ELGTPHS descriptor on the other hand is based on Gabor

wavelets as well. However, additionally extracting ELTP features seem to be able to increase

the robustness of the overall descriptor against illumination changes which is a prerequisite in

real-world environments. Also the BDCT descriptor proposed by Ekenel et al. in [316, 307] does

not benefit from an additional lighting normalization step.
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Figure 5.14.: The influence of different illumination normalization methods. The figure shows the
influence of different preprocessing techniques for illumination normalization for the ChimpZoo dataset (a) and
the ChimpTäı dataset (b). A legend is plotted below the diagrams. The results show that an additional lighting
normalization step has almost no effect on the recognition results of the proposed identification algorithm,
whereas illumination normalization can significantly improve the performance of algorithms which are solely
based on gray-scale pixel information.

This is not surprising since the first element of any DCT transformed block (the DC compo-

nent) is omitted during feature extraction. Extracting the AC coefficients of the DCT trans-

formed signal and subsequently normalizing the feature vector to unit norm already ensures the

illumination invariance of the descriptor.

Evaluation and Enhancement of Face Recognition Algorithms using Synthesized Data

Previously, different state-of-the-art face recognition algorithms and preprocessing steps were

evaluated on full-frontal face images. The uncontrollable nature of great apes as well as the

challenging environment in which visual footage is usually captured by biologists require face

recognition algorithms to be robust to pose and illumination variance. Thus, this section ex-

plores face recognition accuracy on face images with variations of pose and lighting. However,

thoroughly profiling face recognition algorithms with data collected under natural conditions

often is cumbersome since

(a) a huge amount of extensively annotated data is required which is hard to achieve in real-

world environments, and
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(b) objectively annotating parameters such as pose angles, illumination intensities, and lighting

direction for data gathered under uncontrolled conditions is hardly feasible.

Moreover, the elusive nature of great apes often limits availability of data with sufficient va-

riety of image parameters. Thus, decent training of face recognition algorithms to cope with

extreme lighting conditions and different head poses is often not possible. Moreover, as stated

in Section 5.2.3, a minimum amount of images per individual is required in order to perform

proper training which might result in individuals being omitted from analysis due to insufficient

data. By synthesizing 2D images from a custom-built generic 3D model with controlled pose

and illumination variations, the above mentioned challenges might be avoided. A generic 3D

model offers the possibility to synthesize face images of individuals in various controlled poses

and lighting conditions. Hence, the robustness of face recognition algorithms against multiple

challenges present in real-world environments can be evaluated thoroughly. Furthermore, in-

creased robustness of face recognition algorithms against pose and illumination variation might

be achieved without requiring more real data but instead augmenting training data with auto-

matically generated synthesized data. Such an approach might not only save manual effort but

also reduce the amount of animals which has to be discarded due to insufficient data. Therefore,

the objectives of this section are twofold:

1. To quantify the relationship between pose and illumination parameters and algorithm

accuracy. Automatically generated synthesized test data with different controlled image

variations are used to highlight limitations of selected face recognition algorithms and

identify operation constraints when trained on real full-frontal data.

2. To increase the generalization capability of the algorithms for horizontal pose variations.

Synthetic face images rendered with different poses are used to supplement the training

data in order to obtain a higher robustness against off-frontal poses.

Details about the dataset used for the subsequent experiments were given in Section 5.2.4.

Synthetic images were created from the ChimpZoo dataset only by altering the least complex

parameters, pose and illumination, in order to explore their effects on face recognition algorithms.

As already discussed in Section 5.2.4, pose variation has been split into two categories: horizontal

and vertical pose variation each varied between ±30◦ in 10◦ increments. The lighting conditions

on the other hand contain an ambient setting and can include a spotlight. Its position is varied

between ±60◦ in 30◦ increments, while its intensity contains three levels: high, mid, or low. Only

one parameter is varied at a time while others remain in a neutral state of ambient lighting or

frontal pose, respectively. For each of the subsequent experiments again a 5-fold cross-validation

was applied to obtain valid results.
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To guarantee separability between training and test sets, each synthetic image is associated

with a “seed” image. Hence, rendered images only ever appear in the train or test set in

which the seed image is present. Experiments were conducted in collaboration with the Visual

Information Laboratory, University of Bristol, UK, and were partially published in [10]. The

five best performing algorithms from the previous sections were selected for evaluation: PRF

(global), GSRC, Laplacianfaces, RSC, and RRC. The parameters of each algorithm were set as

discussed in the previous sections.

Profiling Face Recognition Algorithms Using Synthetic Test Data

Experiment 1: Real images for training, synthetic images for testing:

The objective of the first experiment is to quantify the influence of pose and illumination on

the accuracy of face recognition algorithms. Therefore, every algorithm is trained with real full-

frontal images from the ChimpZoo dataset and synthetically rendered data is used for testing.

Experiments were conducted on four synthetic datasets: one each for horizontal and vertical

pose variation, lighting exposure, as well as spotlight position. Every real frontal test image is

replaced with its synthetically generated counterparts for each variation.

Experiment 2: Synthetic images for training, synthetic images for testing:

The goal of the second experiment is to increase the system’s robustness to pose and lighting

variation. Each system is trained with synthetic image sets where only one parameter varies

throughout its entire range. For instance if the objective is to increase robustness to horizontal

pose variation, face recognition algorithms are trained on sets of synthetic images in each hor-

izontal pose in place of the real training image. The trained models are then tested on their

according synthetic test sets. It is guaranteed that training and test sets are completely sepa-

rated for every fold. The motivation is that a richer training set should provide a more dense

representation of the image variability and thus increase the system’s generalization capability.

The results for both experiments can be found in Figure 5.15. The black dashed lines with

circle markers denote the results obtained for the first experiment (real training data, synthetic

test data). The accuracies for the second experiment (synthetic training data, synthetic test

data) are denoted with blue dashed lines. Details about the obtained results including the

standard deviations across the five folds can be found in Tables F.1 - F.3.
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Figure 5.15.: Face recognition accuracies for training and testing with synthesized data. The figure
shows the obtained accuracies for selected face recognition algorithms over horizontal (a) and vertical (b) pose
variations as well as different spotlight positions (c) and exposures (d). Black lines with circle markers are
results obtained when the system was trained on real full-frontal face images and tested on synthesized data.
Blue lines with crosses denote the accuracies if the system was trained on relevant synthesized data. If the
algorithms are trained on relevant artificial data, the accuracies of all systems stabilize for off-frontal data and
images with extreme lighting conditions, respectively.

Influence of pose variation: It can be seen from the black graphs in Figure 5.15 (a) and (b)

that the accuracy of all algorithms declines significantly when confronted with off-frontal posed

faces, indicating a low generalization capacity beyond facial poses represented in the training set.

The higher accuracy of PRF (global) for both vertical and horizontal pose variation compared

to other algorithms indicates a more flexible representation of individuality by the proposed

ELGTPHS descriptor compared to basic Gabor or pixel-based features. It can further be noted

that for vertical pose variation the accuracies for all algorithms are asymmetrically distributed.

For positive angles (face tilting upwards) the accuracy curves of all algorithms declining more

significantly than for negative angles (face tilting downwards). This behavior is interpreted as

greater invariance of all algorithms to downward poses than upward poses which might be due

to more useful visual information of the upper half of a face.
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This actually makes sense since the mouth region is often subject to severe occlusion and facial

expressions caused by eating or other behavioral activities.

As expected, when synthetic training images are included in the training set, face recognition

algorithms produce an almost uniform accuracy curve across pose variations which is denoted

by the blue graphs in Figure 5.15. The accuracy for PRF (global) for instance is approximately

maintained at 90% accuracy across the whole range of vertical and horizontal pose variations.

This indicates that when algorithms are trained with data which sufficiently reflects the variance

of the test set, all face recognition algorithms have the ability to generalize and therefore achieve

better results compared to systems solely trained with full-frontal face images. It is also worth

mentioning that the peak accuracy for full-frontal face images is maintained for almost all

algorithms. This behavior suggests that additional data does not hamper performance although

additional “noisy” training data increases the intra-class variance making separation of classes

more challenging.

Influence of illumination variation: The accuracy plots for illumination variation can be found

in Figure 5.15 (c) and (d). If trained on real full-frontal, well-lit images, all algorithms suffer

from declining accuracy for different spotlight positions at mid-level intensity (black-line plots

in Figure 5.15 (c)). The highest accuracy is obtained for a spotlight in full-frontal position and

decreases for more extreme angles, suggesting that shading effects caused by non-frontal spot-

light positions cannot be compensated well. As can be seen in Figure 5.7, spotlight positions

in extreme angles introduce shadowed blacked-out patches at the opposite side of the face from

the spotlight which can be considered as severe occlusion. While PRF (global) still preserves an

accuracy of above 20% for spotlight angles of ±30◦, the recognition rates of RSC and RRC de-

crease to below 10%, suggesting that the proposed algorithm can handle occlusions better than

competing face recognition methods. Furthermore, the intensity of lighting adversely affects the

accuracy of all five algorithms (see black curves in Figure 5.15 (d)). While for low spotlight

intensity at frontal spotlight position almost all algorithms obtain a similar recognition rate as

for full-frontal ambient lit images, accuracy declines drastically for higher exposures. This is

likely due to a white-out effect of facial features as visible in Figure 5.7. For high exposures, im-

portant features such as edges and wrinkles become invisible, making it hard for face recognition

algorithms to distinguish between individuals.

Again, if synthetic data is included in the training set all algorithms increase robustness

against the according variation (see blue curves in Figure 5.15 (c) and (d)). Especially for

spotlight positions the accuracy of all algorithms is improved significantly. Interestingly, for

more extreme angles the accuracy of all systems improve with respect to a frontal spotlight

position, indicating that occlusion effects by strong shadows can be better compensated than
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over exposure of the whole face if according training data is provided. This assumption is

supported by the results for different lighting intensities. There still seems to be a sensitivity

to strong lighting which is illustrated by the blue curves in Figure 5.15 (d). Although the

overall accuracy for different spotlight exposures is increased for all algorithms, the accuracy

still declines significantly for extreme intensities.

In summary, it seems to be beneficial to learn from additional data which introduce more

extreme parameter variation rather than frontal, well lit face images alone. As can be deduced

from the previous two experiments, training face recognition algorithms with representative

data helps the system to generalize better and hence improves the system’s robustness against

challenging image variations. However, as yet, face recognition algorithms were trained and

tested solely on synthetic data generated from a custom-built generic 3D model. Thus, the next

two experiments investigate if this artificial data can be used to improve the robustness of face

recognition algorithms when tested on real off-frontal data.

Improving Robustness by Augmenting Training Data with Rendered Images

Experiment 3: Real images for training, real images for testing:

In order to address the question if synthetically generated training data is suitable for training

face recognition algorithms, first all five systems are trained on real full-frontal data and tested

on off-frontal posed data to measure their baseline performances. Example images as well as

detailed descriptions of the non-frontal subsets were given in Section 5.2.3.

Experiment 4: Synthetic images for training, real images for testing:

Subsequently, algorithms are trained on sets augmented with pose-offset synthetic data and

tested on real off-frontal data as before. To guarantee a fair comparison of both methodologies,

the cross validation sets are maintained for the experiments conducted in this section. For every

real training image in the set four synthetic images are added, one each with ±20◦ horizontal

and ±20◦ vertical pose offset. Hence, the resulting training sets contain only 20% real data

and 80% synthetically generated images. Although face recognition algorithms are solely tested

on horizontal offset-posed data, vertical and horizontal varied images are included in the syn-

thetically augmented training sets to address the moderate tilt variation permitted in the test

data.

Figure 5.16 visualizes the obtained results. Again, the black graphs with circle markers denote

the accuracies obtained for algorithms solely trained with real images while the blue-lined plots

denote the results if synthetically augmented training data was used. Accuracies as well as

standard deviations for all algorithms across different poses are further given in Table 5.6.
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Figure 5.16.: Face recognition accuracies for algorithms trained on synthesized data and tested on
real offset-posed data. Five face recognition algorithms were first trained on real full-frontal face images
and tested on semi-left and semi-right face data (black graphs with circle markers). The same algorithms were
then trained with synthesized offset-posed data and tested on the same real non-frontal face images as before
(blue-lined plots with crosses). As can be seen, synthesized face images rendered from a generic 3D model
can help to generalize face recognition algorithms and therefore increase their robustness to non-frontal face
images.

Acc (Std.) [%] Train Data SemiLeft Front SemiRight

PRF (global) real 65.86 (1.55) 92.64 (3.50) 75.64 (1.18)

synthetic 70.83 (1.17) 93.69 (2.87) 79.56 (0.82)

GSRC real 51.23 (0.68) 87.80 (4.59) 51.79 (1.52)

synthetic 55.41 (0.55) 87.59 (3.74) 59.01 (1.17)

Laplacianfaces real 49.94 (1.25) 86.05 (2.48) 56.31 (1.69)

synthetic 51.77 (1.33) 83.09 (3.42) 55.92 (1.24)

RSC real 47.99 (1.16) 83.97 (6.40) 55.69 (1.34)

synthetic 54.31 (1.31) 85.35 (5.89) 57.88 (1.23)

RRC real 46.22 (1.05) 83.03 (5.01) 52.68 (1.12)

synthetic 49.90 (1.26) 87.26 (3.37) 55.18 (0.75)

Table 5.6.: Accuracies and standard deviations for algorithms trained on synthesized data and tested
on real off-frontal data. The table compares the accuracies and standard deviations of five face recognition
algorithms tested on both full-frontal and off-frontal posed face images. Models were either trained on real
frontal face data or synthetically generated data containing semi-profile face images. The best accuracies are
printed in boldface letters. Improvements for all algorithms except Laplacianfaces can be achieved for off-frontal
poses if synthetically generated data is included in the training set while the peak accuracies for full-frontal
face images are maintained.

The obtained results indicate that synthesized training data rendered from a generic 3D model

is indeed suited to increase to robustness of face recognition algorithms against off-frontal posed

face images gathered under real-world conditions. Except for the Laplacianfaces approach, the

accuracy of all algorithms is at least maintained for full-frontal face images and even increased

for off-frontal posed face data. Hence, including artificially rendered images into the training

set does not harm the algorithm’s performance for full-frontal face data but instead helps to

improve generalization capacity to better cope with slight pose variations. Although it could

not be evaluated thoroughly due to lack of sufficiently annotated test data, same improvements

might be expected for images gathered in varying lighting conditions.
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Despite the obtained improvements, the increase in performance for off-frontal real data is

rather marginal compared to the results obtained in the previous experiments, where algorithms

were trained and tested on synthetic data. This is likely due to the lack of complexity of the

used 3D model, suggesting that the model is capable of imitating parameter variations present

in real-world environments only to a certain extend. The development of more sophisticated 3D

models of chimpanzee faces might therefore be one key step to further increase the robustness of

face recognition algorithms. Once such a generic face model has been developed, more realistic

data could be rendered which might even lead to “one-shot learning”: Only a single real face

image might be needed to generate enough synthetic training data to adequately train face

recognition algorithms in order to perform well even under real-world conditions.

5.4.2. Identification Using Local Features

After thorough evaluation of the proposed face recognition pipeline using solely global features,

the performance of different state-of-the-art local keypoint descriptors is investigated in this

section. For this purpose, three different local interest point descriptors are compared. Most local

features comprise two steps: Keypoint detection and description. However, for the application in

this thesis only the descriptor is utilized and evaluated. Furthermore, often keypoint descriptors

are designed to be rotation invariant which usually is achieved by applying a preprocessing step

which detects the main gradient orientation of the interest point. However, the proposed face

recognition pipeline already includes a face alignment step which makes the detection of the

main orientation expendable. Therefore, all local keypoint descriptors are extracted without

the property of rotation invariance for the sake of computational performance. The following

keypoint descriptors are compared against each other in this section:

• SIFT: Scale Invariant Feature Transform (SIFT)5 was presented by David Lowe in 2004

[51] and was briefly reviewed in Section 2.2.2.

• SURF: Speeded-Up Robust Features (SURF)6 was developed by Bay et al. in 2008 [52]

as an extension of SIFT. It is claimed by the authors that SURF is several times faster,

more compact and at the same time more robust against certain image transformations

than SIFT. An introduction to SURF can be found in Section 2.2.2. For the experiments

conducted in this section, the upright version of SURF is used since it is claimed by [52]

that U-SURF is faster to compute and can even improve the performance of the system.

5The VLFeat open source library (version 0.0.17) was used to extract SIFT descriptors.
http://www.vlfeat.org/ Last visit: May 23rd, 2014

6OpenSURF was used in this thesis for SURF feature extraction.
http://www.chrisevansdev.com/computer-vision-opensurf.html Last visit: May 23rd, 2014

http://www.vlfeat.org/
http://www.chrisevansdev.com/computer-vision-opensurf.html
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• DAISY: Recently, an efficient local descriptor named DAISY was proposed by Tola et al.

in [404]. DAISY7 was originally developed for wide-baseline stereo matching. As many

keypoint descriptors, DAISY is inspired from earlier gradient-based interest point detectors

and descriptors such as SIFT. However, it can be computed more efficiently and is better

suited for depth estimation and occlusion detection from stereo images. For a detailed

description of DAISY the reader is referred to [404]. All parameters, except for the radius

of the descriptor, were set to the default values as given in Table 1 of the original publication

[404].

• ORB: Oriented FAST and Rotated BRIEF (ORB)8 was recently proposed as efficient

alternative to SIFT and SURF by Rublee et al. in [230]. ORB is a substantial extension of

Binary Robust Independent Elementary Features (BRIEF) [405], a fast binary descriptor.

It is claimed by Rublee et al. that ORB is rotation invariant, resistant to noise and about

two orders of magnitude faster than SIFT. For a detailed explanation of ORB the reader

is referred to [230].

As described in Section 4.2.3.2, local keypoint descriptors are extracted around six distinctive

interest points. The locations of the facial landmarks are determined based on the eye and

mouth markers. Figure 4.9(b) shows a chimpanzee face and the superimposed keypoints for local

feature extraction. Again, an affine transformation is applied for face alignment. Additional

pre-processing steps for lighting normalization or contrast enhancement were not applied. After

feature extraction, the obtained vectors are concatenated to form a single descriptor. To further

reduce its size, LPP is used to transform the resulting high-dimensional feature vectors into

a lower dimensional subspace of size m = 160. For classification, an SVM is trained using

a 3-step grid search with exponentially growing values of C and γ. More details about the

parameter settings can be found in Table C.1. In order to obtain valid results, again a 5-fold

cross-validation (see section 5.3.3) was implemented using a closed-set identification protocol.

The experiments in this section were conducted on the frontal face datasets for which details

are given in Table 5.3. The obtained results are illustrated in Figure 5.17 and Table 5.7.

7The authors provide an implementation of DAISY which can be found at
http://cvlab.epfl.ch/software/daisy Last visit: May 23rd, 2014

8ORB is part of the freely available OpenCV library (version 2.3) which can be downloaded at
http://opencv.org/downloads.html Last visit: May 23rd, 2014

http://cvlab.epfl.ch/software/daisy
http://opencv.org/downloads.html
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Figure 5.17.: Results of the face recognition pipeline using local features. The figure shows the accuracies
and standard deviations of the proposed local face recognition pipeline for different keypoint descriptors. Again,
the experiments were independently conducted for the two datasets (a) ChimpZoo and (b) ChimpTäı. A legend
is plotted below the diagrams. Four state-of-the-art local keypoint descriptors were compared. The results of
SIFT, SURF, and DAISY achieve similar results for both datasets whereas ORB performs significantly worse.

Acc (Std.) [%] SIFT SURF DAISY ORB

ChimpZoo 87.93 (2.28) 86.52 (3.65) 87.58 (4.50) 53.67 (3.10)

ChimpTäı 72.46 (2.24) 73.89 (2.88) 69.46 (3.78) 41.11 (2.44)

Table 5.7.: Results of the face recognition pipeline using local features. The table shows the obtained
accuracies and standard deviations of the proposed face recognition pipeline using different local descriptors
for the ChimpZoo and the ChimpTäı dataset. The best results are printed in boldface.

As can be seen, face recognition using SIFT, SURF, and DAISY performs almost equally well

on the ChimpZoo and the ChimpTäı dataset, respectively. Only ORB performs significantly

worse for both datasets. The best accuracy for the ChimpZoo dataset was achieved by SIFT

while for the ChimpTäı dataset SURF performed best. DAISY on the other hand achieves

slightly worse mean accuracies.

However, the standard deviation across the folds for DAISY is relatively high, suggesting

that the selection of training data is more crucial for DAISY than it is for SIFT or SURF. In

consideration of the application presented in this thesis where fast and accurate performance

might be a crucial factor, SURF is preferred as local keypoint descriptor. As claimed by Bay et al.

in [52], SURF can be computed much more efficiently than SIFT resulting at a lower dimensional

and more compact descriptor while maintaining the discriminative power of SIFT.
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5.4.3. Identification Using Global and Local Features

5.4.3.1. Closed Set Identification

Previously, the proposed global and local face recognition pipelines were evaluated separately.

In this section, however, it is investigated how the PRF performs if the results of both recog-

nition strategies are combined using the decision fusion scheme proposed in Section 4.2.3.3. In

particular, the robustness of the system against pose variation is examined. As discussed in

Section 4.2.3, the developed identification framework is designed to recognize full-frontal faces.

However, in real-world settings the system will frequently be confronted with non-frontal face

data. It is thus mandatory to increase the system’s robustness against off-frontal face poses

as much as possible. Starting from the assumption that different features tend to misclassify

different patterns, combining the results obtained by global and local features might enhance

the performance of the system.

In order to thoroughly evaluate the system’s performance for different poses, the off-frontal

datasets of the ChimpZoo and the ChimpTäı datasets described in Section 5.2.3 were used.

Example images of the three subsets SemiLeft, Front, and SemiRight are illustrated in Figure 5.6

while details of the datasets were given in Table 5.4. Again, a 5-fold cross-validation is used to

obtain valid results. However, when testing the system’s robustness against off-frontal poses, it

was ensured that the system was only trained with full-frontal faces and tested on SemiLeft or

SemiRight face images, respectively. Other than that all parameter settings and pre-processing

steps were kept as discussed in the previous experiments.

Besides evaluating the pipeline of global and local features separately, the proposed decision-

level fusion scheme is benchmarked against the fusion algorithm proposed by Gokberk et al. in

[366]. Figure 5.18 shows the obtained mean accuracies. The according standard deviation across

the folds are given in Table 5.8.

Acc. (Std.)[%] ChimpZoo ChimpTäı

SemiLeft Front SemiRight SemiLeft Front SemiRight

PRF (Global) 65.86 (3.33) 92.64 (2.26) 75.64 (5.62) 53.28 (2.75) 81.68 (2.54) 51.66 (4.28)

PRF (Local) 48.51 (3.97) 86.52 (3.65) 54.85 (4.14) 38.01 (3.27) 73.89 (2.88) 36.65 (3.73)

PRF (Fusion) 67.86 (3.88) 94.22 (2.25) 78.00 (3.58) 56.53 (2.95) 84.42 (1.41) 55.52 (4.19)

Fusion [366] 58.16 (6.58) 93.51 (3.70) 71.70 (4.39) 46.23 (2.08) 79.27 (3.54) 45.20 (4.57)

Table 5.8.: Results of the PRF for different pose subsets. The table shows the accuracies and standard
deviations obtained by the proposed global (PRF (Global)) and local (PRF (Local)) face recognition scheme
as well as the results obtained by the proposed decision-level fusion paradigm (PRF (Fusion)). Moreover, the
results are compared with the proposed decision fusion algorithm proposed by Gokberk et al. in [366]. The
best performances were obtained by the proposed decision fusion scheme and are printed in boldface.
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Figure 5.18.: Results of the PRF for three pose subsets. The figure shows the accuracies of the proposed
PRF (green solid line) for different pose subsets of the (a) ChimpZoo dataset and (b) ChimpTäı dataset. The
proposed decision fusion scheme is compared with the accuracies obtained using global (red solid line) and local
(blue dashed line) features alone. Additionally, the results of the decision fusion paradigm proposed in [366]
(cyan dash dotted line) is illustrated. A legend is plotted below the diagrams. Although the approach using local
features alone performs significantly worse than the face recognition pipeline using global features, incorporating
both modalities using the proposed decision-level fusion method enhances the system’s performance for both
datasets. On the other hand, the fusion paradigm by [366] which does not exhibit the classifier’s confidences is
not able to increase the system’s robustness and thus performs worse than the proposed global face recognition
pipeline.

As can be seen in Figure 5.18 and Table 5.8, the approach using local features alone performs

significantly worse than the global face recognition algorithm. However, the proposed decision-

level fusion scheme has a positive effect on the system’s performance for frontal as well as

off-frontal poses. Note, however, that the fusion algorithm proposed by Gokberk et al. in [366]

which does not included the confidences of both classifiers is not capable to exploit the different

misclassifications of both recognition strategies. Although a slight improvement for the full-

frontal pose subset of the ChimpZoo dataset could be achieved, the system’s performance is

mostly lower than that of the global face recognition approach.

As expected, the accuracy of the face recognition system decreases notably when trained with

full-frontal faces but tested with semi-profile faces. Although applying the proposed decision

fusion scheme performs better than global and local features alone, a satisfying pose invariance

could not be achieved. To recall from Section 4.2.3.3, the basic assumption for fusing the results

of global and local features was that different features tend to misclassify different patterns.

However, the obtained results indicate that almost all images that were falsely classified by

the global feature approach were also misclassified by the local feature pipeline. Only a small

fraction of faces that were assigned wrong by the proposed global face recognition approach were

correctly classified by the alternate local identification scheme.
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Thus, the improvements of fusing both recognition paradigms were only marginal compared to

identification based on global features alone.

However, the results of the experiments conducted in Section 5.4.1 suggest that augment-

ing training data with off-frontal face data can significantly enhance accuracy for semi-profile

face images while the performance for full-frontal face images is maintained. Therefore, off-

frontal faces are included in the training set for the subsequent experiment in order to improve

the system’s robustness against pose variation. Opposed to the experiments conducted in Sec-

tion 5.4.1, only real images are used for training and testing. Again, the proposed decision-level

fusion scheme is compared with the global and local face recognition pipeline of PRF as well as

the fusion paradigm proposed by Gokberk et al. in [366]. Table 5.9 lists the results obtained for

the three different pose subsets when additional off-frontal data is included in the training set.

Acc. (Std.)[%] ChimpZoo ChimpTäı

SemiLeft Front SemiRight SemiLeft Front SemiRight

PRF (Global) 88.73 (1.83) 91.93 (2.37) 89.47 (2.42) 76.73 (2.14) 80.98 (2.39) 75.64 (2.17)

PRF (Local) 81.09 (3.07) 85.23 (3.31) 84.05 (3.54) 69.92 (2.54) 73.88 (1.74) 71.45 (2.77)

PRF (Fusion) 90.96 (2.33) 94.39 (2.23) 92.52 (2.81) 78.19 (1.85) 83.22 (3.77) 80.43 (3.25)

Fusion [366] 87.50 (1.74) 93.14 (3.26) 87.54 (4.49) 74.67 (4.22) 79.07 (2.84) 73.48 (4.50)

Table 5.9.: Results of the PRF for different pose subsets by augmenting training data with additional
off-frontal images. The table shows the accuracies and standard deviations obtained by the proposed global
(PRF (Global)) and local (PRF (Local)) face recognition scheme as well as the results obtained by the proposed
decision fusion paradigm (PRF (Fusion)). Additionally, the results obtained by the decision fusion scheme
proposed by Gokberk et al. in [366] are shown. Opposed to the results shown in Table 5.8, additional off-
frontal posed face images were included in the training set. Again, the best performances were obtained by the
proposed decision fusion scheme and are printed in boldface.

As expected, the obtained results suggest that the system’s robustness against pose vari-

ations can be enhanced significantly if both full-frontal and off-frontal face data is used for

training, while the accuracy for full-frontal face data is hardly effected. Again, the proposed

decision fusion scheme outperforms the other approaches for all pose subsets of the ChimpZoo

and ChimpTäı dataset. As can be seen in Table 5.9, the accuracy of the proposed decision

fusion scheme for semi-profile faces can be increased by up to 23% for the ChimpZoo dataset

and even 25% for the ChimpTäı dataset while the high performance for full-frontal faces is main-

tained. Hence, the system’s generalization capability can be improved significantly by including

additional training data that sufficiently represents the variation to be expected in the test case.
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5.4.3.2. Open Set Identification

For all previous experiments a closed-set identification scheme was applied, i.e. the number of

individuals to be identified by the system is limited. In this section it is investigated how the

proposed PRF performs in an open-set scenario. In an open-set identification scheme the system

first has to determine if a detected face belongs to an individual in the training database and

the identity of the subject only has to be reported if the subject is known. The framework is

additionally tested for the open-set case because of two reasons:

1. Apart from the experiments conducted in the previous sections, where only the proposed

identification scheme was evaluated, the system is now tested as a complete detection and

identification framework. Thus, the detection stage will produce false positive detections

which should then be rejected by the subsequent identification module.

2. Often not all individuals are known a priory when applied in natural habitats for wildlife

ecological research and population monitoring. Hence, individuals that have never been

observed before have to be reliably rejected by the system and later be included into the

training set after manual annotation.

The experimental design for open-set face recognition as well as the applied evaluation measures

were reviewed in Section 5.3.2.

As already stated, the proposed PRF is evaluated as a unified framework for primate recogni-

tion including face and facial feature detection as well as identification. The algorithm described

in Section 4.2.1 is first applied to the entire ChimpZoo and ChimpTäı dataset for localization of

primate faces and their facial features. Detected faces with a size smaller than 64×64 pixels were

ignored from further processing which drastically reduces the number of false positive detections.

The remaining false positives were assigned to the class unknown. To test the system’s capabil-

ity to reject actual faces from subjects that are not included in the training set, one individual

is removed from the training set in a leave-one-out manner. Thus, a 5-fold cross-validation is

repeated C times, where C is the number of individuals in the training set. In each iteration an

individual is removed from the training database and assigned to the unknown class such that

every individual takes the role of an impostor once.

The proposed decision fusion scheme is applied for face identification since it performed best

in the previous experiment. All parameters were set as described above and kept constant during

experimentation. Figure 5.19 compares the ROC-curves of the proposed identification algorithm

for alignment using manually annotated facial feature points (blue solid line), automatically de-

tected markings (red solid line) and if no alignment was applied (green dashed line) for the

ChimpZoo dataset (a) and the ChimpTäı dataset (b).
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As already discussed in Section 5.3.2, the ROC-curve is a graphical plot which illustrates the per-

formance of a recognition system in an open-set scenario. It plots the detection and identification

rate PDI versus the false acceptance rate PFA by iteratively changing the rejection-acceptance-

threshold τ . The according EERs and AUCs are listed in Table 5.10. Recall that the smaller

the EER and the higher the AUC, the better the performance of the recognition system.
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Figure 5.19.: ROC-curves of the PRF for alignment using different facial marker types. The figure shows
the ROC-curves of the proposed identification system for alignment using manually annotated coordinates of

both eyes and mouth (blue solid line), automatically detected facial markers (red solid line) by SHORE
TM

, and
if no alignment was applied (green dashed line). Figure (a) shows the curves for the ChimpZoo dataset, Figure
(b) depicts the results for the ChimpTäı dataset. The black solid line denotes the line of equal error. As can
be seen, the performance of the algorithm if manually annotated facial markings were used for alignment is
better than alignment using automatically detected facial feature points. However, the accuracy of the system
decreases significantly if no alignment was applied.

For alignment using manual markings the proposed algorithm performs better than for auto-

matically detected facial fiducial points. This is because automatic localization of eye and mouth

coordinates is not always as accurate as manual detection. Still, the performance of alignment

using automatically detected facial keypoints significantly outperforms the proposed approach

without additional alignment which supports the observations described in Section 5.4.1.

EER/AUC [%] Manual Markings Automatic Markings No Alignment

ChimpZoo 15.74/87.13 22.56/79.27 37.34/62.04

ChimpTäı 20.57/80.03 29.58/70.13 49.54/47.93

Table 5.10.: Equal Error Rates (EERs) and Area under Curves (AUCs) for alignment using different
facial marker types. The obtained EERs and AUCs for manually annotated markings are clearly better than
if face alignment is performed based on automatically detected feature points. However, the performance of
the algorithm again decreases significantly for the no-alignment case.
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Only the relationship between correct detection and identification rate (PDI) and percentage of

impostors accepted by the system (PFA) was investigated in the previous experiment. However,

another important question is how the system’s overall error rate is influenced by the other two

types of errors, false rejection and misclassification. This issue is depicted in Figure 5.20 which

shows the ROC-curves of the proposed system using automatically detected facial markings for

ChimpZoo (a) and ChimpTäı (b). The blue area denotes the rate of false rejections (PFR)

while the red area shows the influence of false classification (PFC) for different false acceptance

rates (PFAR). The lower bounds depict the ROC-curves from Figure 5.19 when automatically

detected facial markers are used for alignment (red solid line). The false classification rates and

false rejection rates for both datasets at the point of equal error are listed in Table 5.11.
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Figure 5.20.: Contribution of False Rejection Rate (PFR) and False Classification Rate (PFC) to the
overall performance of the system. This figure depicts the contribution of the False Rejection Rate (PFR)
and the False Classification Rate (PFC) to the overall performance of the proposed system when automatically
detected facial features are used for alignment. Figure (a) shows the curves for the ChimpZoo dataset, Figure (b)
depicts the results for the ChimpTäı dataset. The black solid line denotes the line of equal error. The blue area
represents the influence of false rejections, while the red area shows the contribution of false classifications. The
lower bound represents the ROC-curve obtained for automatically detected facial markers. For the ChimpZoo
dataset the error rate of the system at the point of equal error is mainly caused by erroneously rejecting genuine
individuals, only 3.83% is due to false classifications. For the ChimpTäı dataset, however, 18.86% of the overall
error rate is caused by false rejections while 10.69% is due to misclassifications.

For the ChimpZoo dataset the main contribution to the overall error rate of the system

is caused by erroneously rejected faces of genuine individuals with a PFR of 18.36%. Only

3.82% of the error is due to false classifications. These results show that many facial images of

known subjects were rejected as impostors because of too much pose variation, occlusion, or too

challenging illumination conditions.
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[%] PFR at EER PFC at EER

ChimpZoo 18.36 3.83

ChimpTäı 18.86 10.69

Table 5.11.: False Rejection Rate (PFR) and False Classification Rate (PFC) at the point of equal
error. The error caused by misclassifications is significantly higher for the ChimpTäı dataset which is due to
the higher number of individuals and the lower image quality. The influence of erroneously rejecting known
individuals is almost the same for both datasets.

For the ChimpTäı dataset also the major part of the error is caused by falsely rejecting known

individuals. However, the false classification rate PFC is with 10.69% significantly higher than for

the ChimpZoo dataset. This shows that the ChimpTäı dataset is much more challenging because

it was gathered in a wildlife environment and thus contains images with a much lower visual

quality compared to the ChimpZoo dataset. Furthermore, the ChimpTäı dataset contains twice

as much individuals which again explains the strong influence of misclassifications to the overall

error of the proposed system. Example images of incorrectly identified face images for both

datasets can be found in Figure 5.21. Main difficulties arise from severe occlusion, challenging

lighting conditions, and extreme facial expressions.

Figure 5.21.: Incorrect classifications of both chimpanzee datasets. The figure illustrates facial images

that were detected by SHORE
TM

but could not be correctly identified the the proposed PRF. The top row
shows individuals from the ChimpZoo dataset, facial images from the ChimpTäı dataset are depicted in the
second row. False identifications are mainly caused by severe occlusion, difficult lighting situations and extreme
facial expressions.
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5.4.4. Preliminary Performance Study on Gorillas

In order to show the broad range of possible applications, the proposed identification system is

also tested on a small set of captive gorillas gathered at the zoo of Leipzig, Germany. A detailed

description of the gorilla dataset was given in Section 5.2.2.

Again, a 5-fold cross-validation was applied in order to obtain valid results. All parameters

were kept as adjusted in the previous experiments and no parameter tuning was done for the

experiments conducted in this section. The obtained results can be found in Figure 5.22. The

confusion matrix is illustrated in Figure 5.22(a) while Figure 5.22(b) depicts the cumulative

accuracy obtained by the proposed PRF.
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Figure 5.22.: Results obtained for the GorillaZoo dataset. The figure depicts the results of the preliminary
study conducted for the GorillaZoo dataset. Figure (a) shows the confusion matrix for rank-1 accuracy while
Figure (b) illustrates the graph of the cumulative accuracy.

The developed identification system for great apes is not only capable of identifying chim-

panzee individuals but also other great ape species such as gorillas. The confusion matrix

illustrates that most images were classified correctly. Only individual “Viringika” was often

confused with “Louna” and vice versa. Some incorrect classifications are illustrated in Figure

5.23. The example images show that most misclassifications were due to severe occlusion by

branches, leaves or body parts. Moreover, difficult illumination conditions and poor image qual-

ity caused by low contrast for instance are factors which might hamper the performance of the

system.

By calculating the mean of the main diagonal of the confusion matrix, an accuracy of about

90% was achieved for the GorillaZoo dataset. The standard deviation across the 5 folds was

4.15%. As can be seen from the cumulative accuracy plot in Figure 5.22(b), the probability that

the correct individual is among the first three proposed by the system is approximately 98%.
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Figure 5.23.: Examples of incorrect classifications for the GorillaZoo dataset. Most of the misclassi-
fications are caused by too severe occlusion by branches, leafs and body parts. Other reasons for incorrect
recognition might be extreme facial expressions or low image quality caused by low contrast or difficult lighting.

However, it shall be noted that the GorillaZoo dataset only contains a rather small population

of only 6 different captive gorilla individuals. Hence, the results discussed in this section should

be considered as preliminary since further experiments must be conducted with larger datasets

in the future in order to obtain more valid results.

5.5. Individual Identification in Videos

In the previous section the proposed PRF was solely evaluated on still images. In the past,

many biological studies were based on still images or short image sequences rather than video

recordings. Such acquisition protocols often had to be applied by biologists due to memory

constraints necessary in wildlife settings. Nowadays, however, decreasing costs for large storage

devices allow biologists to capture video sequences of endangered species with 24 frames per

second (fps) or more. This trend in wildlife monitoring requires software solutions to be capable

of processing this kind of data.

It was shown in Section 4.3 how face recognition algorithms for still images can be extended

in order to perform identification in videos. Detected faces and facial features are first tracked

through the video sequence using SHORE
TM

in order to assign unique IDs to every object.

The frames of the resulting face-track are subsequently sorted according to their estimated

visual quality. Finally, a frame-weighting approach was proposed which weights the predictions

of the F best frames in order to obtain a final classification result per face-track.

In this section, the proposed approach is evaluated using the video datasets of free-living and

captive chimpanzee individuals discussed in Section 5.2.5. Models are trained on the entire

ChimpZoo and ChimpTäı image datasets, respectively. Thus, no cross-validation is performed

for the subsequent experiments.
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Note that a thorough evaluation of each quality estimation module proposed in Section 4.3.2

is out of the scope of this thesis. Instead, the influence of selecting the best frames of a face-track

prior to identification is evaluated with regard to the accuracy obtained by recognition system.

For an evaluation of each quality assessment module proposed in this thesis, the interested reader

is referred to [368].

Closed-Set Classification

First, a closed-set identification scheme is applied, where the system has to classify each subject

as one of the training classes. Based on the observation that false-positive detections usually

cannot be tracked and thus the resulting face-tracks are extremely short, the minimum length

of a face-track is set to 10 frames. All tracks below that threshold are automatically classified

as unknown and are not further processed. This procedure correctly eliminated 91.80% and

95.18% of all false-positive detections for the ChimpZoo-Video and the ChimpTäı-Video dataset,

respectively.

Four different approaches are compared:

• First Frame: The applied face detection library SHORE
TM

was trained on full-frontal

faces with moderate pose offsets. Hence, it can be assumed that the first frame of a face-

track contains a face in full-frontal pose. Based on this assumption, the first approach

identifies great apes solely in the first frame of a given face-track and remains the predicted

identity for the remaining track.

• Best Frame: With the help of the visual quality estimation modules proposed in Section

4.3.2, the frames of a face-track can be sorted according to their suitability for face recog-

nition. Thus, the identity of a face-track is predicted solely based on the frame with the

best estimated quality in a second approach.

• Uniform Weighting: Based on the assumption that identification in multiple frames

might increase the accuracy of the system, a uniform frame weighting scheme is applied.

All frames of a face-track are first sorted according to their visual quality estimated by

the proposed quality assessment modules. Then, the F = 10 best frames are selected

for identification by applying the face recognition pipeline proposed in Section 4.2. The

prediction of each frame is weighted equally, i.e. every prediction contributes the same

to the final result. Thus, the uniform weighting paradigm is comparable to a maximum

voting scheme where the prediction with the most votes represents the final result. In case

of a tie, the prediction with the highest confidence in chosen as class affiliation.
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• Frame Weighting: Finally, the proposed frame weighting scheme is applied. Again, the

frames of each face-track are first sorted according to their estimated visual quality. Then,

the F = 10 best frames are used for subsequent recognition. The fitted Probability Density

Functions(PDFs) of the distributions of Mahalanobis-distances as well as the clusters of

correct and incorrect predictions are found during training for the ChimpZoo-Video and

ChimpTäı-Video dataset, respectively, as described in Section 4.3.3.

Figure 5.24 illustrates stacked bar-plots of the achieved results for all four approaches. The

results including rank-2 and rank-3 recognition rates are depicted in order to get a better under-

standing of the functionality of each scheme. The according cumulative accuracies up to rank-3

are listed in Table 5.12.
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(b) ChimpTäı-Video

Figure 5.24.: Stacked bar-plots of the results obtained by PRF for videos. Depicted are the cumulative
accuracies up to rank-3 of four different approaches for primate face recognition in video: The proposed frame
weighting approach, a uniform frame weighting scheme, recognition solely based on the frame with the best
quality, and identification based on the first frame of a face-track. Figure (a) shows the results obtained for the
ChimpZoo-Video dataset while Figure (b) illustrates the cumulative accuracies for the ChimpTäı-Video dataset.
The proposed frame weighting approach clearly outperforms the other approaches including the majority voting
scheme.

Cum. Acc. [%] ChimpZoo-Video ChimpTäı-Video

Frame

Weighting

Uniform

Weighting

Best

Frame

First

Frame

Frame

Weighting

Uniform

Weighting

Best

Frame

First

Frame

Rank-1 70.94 63.55 56.16 53.60 67.40 61.33 58.01 55.53

Rank-2 80.30 72.42 68.48 63.45 75.69 68.51 67.95 62.10

Rank-3 84.24 73.90 71.44 68.38 78.45 72.32 71.82 67.68

Table 5.12.: Results of different approaches for primate face recognition in video. The table shows
the cumulative accuracies up to rank-3 of four different approaches obtained for the ChimpZoo-Video and the
ChimpTäı-Video datasets. The best results were obtained by the proposed frame-weighting approach and are
printed in boldface.
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For both datasets recognition solely based on the first frame performs worst. Obviously,

SHORE
TM

is capable of accurately detecting primate faces even under difficult conditions which

hamper performance of subsequent recognition. Identification is then done on a single frame

basis where the quality might not be ideal for identification. Another reason for the poor

performance of this approach might be inaccurate locations of facial features which are essential

for face alignment. Faces, even though they are not in full-frontal pose, might be easier to detect

than facial fiducial points of non-frontal faces.

The accuracy for both datasets increased by applying the proposed quality estimation modules

and performing recognition on the frame with the best visual quality. This is particularly obvious

for the rank-2 recognition rate which improved by 5% for both datasets. Thus, first sorting the

frames according to their visual quality can increase the accuracy of facial identification quite

significantly. Admittedly, the improvement of the accuracy is not as high as expected. However,

when the rank-2 recognition rate is taken into account the increase in performance compared to

recognition based on the first frame is quite high. This supports the assumption that recognition

in a single frame often does not obtain the true individual but comes close. Thus, identification

in multiple frames might lead to a better performance of the system.

As expected, the applied uniform weighting scheme performed significantly better than the

previous two single-frame-based approaches. Hence, taking recognition results of multiple frames

into account seems to improve the system performance significantly because identification is

not dependent on a single frame with conceivably inappropriate visual quality. However, the

predictions of each frame are weighted equally and the classification confidences of each frame

are not taken into account. Substantial improvements were achieved by the proposed frame-

weighting approach with regard to the previous three approaches. The rank-1 accuracy could

be improved by more than 6% on both datasets compared to uniform weighting. The rank-3

accuracy for the ChimpZoo-Video dataset is thus 84.24% and 78.45% for the ChimpTäı-Video

dataset.

Open-Set Classification

As done for face recognition in images, an open-set classification scheme was applied to test the

system’s capability to reject impostors while accepting and identifying genuine individuals. The

results for the proposed frame weighting approach are listed in Table 5.13.

Opposed to open-set classification on still images, the performance statistics of both datasets

are very similar. However, it can be noted that for the ChimpZoo-Video dataset the main

contribution to the overall error comes from falsely rejecting genuine individuals while for the

ChimpTäı-Video dataset the error is almost equally distributed between PFR and PFC .
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The reason for this might be twofold: First, some tracks with insufficient quality might be

falsely rejected as unknown due to the broader range of visual quality of detected faces in the

ChimpZoo-Video dataset. On the other hand, face-tracks with an acceptable overall quality

can be reliably identified by the proposed system. Secondly, due to the higher number of indi-

viduals in the ChimpTäı-Video dataset recognition of primates becomes more difficult. Hence,

misclassifications happen more frequently which explains the relatively high false classification

rate compared to the PFC obtained for the ChimpZoo-Video dataset.

[%] EER AUC PFR at EER PFC at EER

ChimpZoo-Video 34.67 65.76 21.88 12.79

ChimpTäı-Video 35.69 63.75 18.17 17.53

Table 5.13.: Open-set evaluation measures of frame-weighting for both video datasets. This table lists
the Equal Error Rate (EER) and the Area Under the Curve (AUC) of the proposed frame-weighting approach
for both video datasets. Furthermore, the contributions of false rejection and false classification are listed
on the right hand side of the table. While for the ChimpTäı-Video dataset PFR and PFC contribute almost
the same to the overall error, the main part of the error for the ChimpZoo-Video dataset is caused by falsely
rejecting genuine individuals.

As can be derived from the results depicted in Figure 5.24 as well as Tables 5.12 and 5.13, the

developed PRF including the proposed frame-weighting approach is capable of simultaneously

detecting, tracking, and identifying primate individuals in videos gathered in uncontrolled envi-

ronments. However, the error caused by false classification and especially the false rejection rate

is relatively high for both datasets. Furthermore, it shall be noted that the accuracies obtained

by closed-set experiments for video datasets are significantly lower than those obtained for the

image datasets. The main reasons for this are twofold:

1. More challenging datasets: The video datasets used for experimentation are more

challenging than the image datasets. For instance, all videos were recorded using interlaced

video. Although a deinterlacing filter was applied, remaining interlacing artifacts often

hamper classification in situations were the filmed subjects move too fast. Furthermore,

many face-tracks exhibit significant out-of-focus or motion blur, far off-frontal face poses,

and low contrast. Such face-tracks are often hard to identify even for human beings.

Representative frames of misclassified face-tracks are shown in Figure 5.25. The idea of

selecting the best frame is based on the assumption that for most face-tracks there should

be a high probability that an individual moves and thus generates frames which might

be better suited for recognition. However, this assumption often does not hold for short

face-tracks, i.e. sequences where a face could be initially detected but was lost by the

object tracker after a few frames. Thus, for a significant number of face-tracks only frames
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which are not well suited for recognition are part of the track. Consequently, sorting those

frames based on the visual quality does not offer any advantages. Although an additional

quality threshold could be introduced under which a face-track is classified as unknown,

such a threshold was not taken into account for the experiments in this thesis. Although

the accuracy would increase significantly, many true positive detections would be falsely

rejected. However, in real-world scenarios, and especially for edutainment applications

such a minimum quality threshold could be used to increase the system’s credibility in

difficult situations.

2. More sources for error within the recognition pipeline: The recognition pipeline

for processing videos comprises three additional steps compared to face recognition in

images as illustrated in Figure 4.10. A typical reason for misclassifications in still images is

inaccurate alignment due to imprecise localizations of facial features. For videos, however,

additionally faces and facial markers need to be tracked through the scene which might

fail especially in cluttered scenes and for far off-frontal faces. Moreover, the selection

of the best frames might be another source for errors. Pose estimation for instance is

based on machine learning where misclassifications occur occasionally. Hence, frames

with suboptimal face quality might be preferred which hampers subsequent identification.

Finally, although it was shown in this section that the proposed frame-weighting algorithm

outperforms single-frame-based approaches, it can be seen from the scatter-plot in Figure

4.14(a) that the clusters of correct and incorrect classifications overlap to an extend and

thus cannot be clearly separated. Occasionally, even test samples with relatively good

confidence measures happen to be misclassifications. On the other hand, a significant

amount of correct classifications have relatively bad confidence measures due to challenging

environmental conditions. Consequently, in some cases frame-weighting might assign high

weights to incorrectly identified frames while others are weighted relatively low although

classification was correct.
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Figure 5.25.: Representative frames of incorrectly identified face-tracks. The figure shows frames of
face-tracks which were misclassified by the proposed system for the ChimpZoo-Video dataset (top row) and
the ChimpTäı-Video dataset (bottom row). Misclassifications frequently happen for face-tracks which were

correctly detected by SHORE
TM

but exhibit severe occlusion, insufficient contrast, far off-frontal poses, as
well as motion and out-of-focus blur. Compared to face recognition in images, the quality of face-tracks
additionally suffer from video coding artifacts such as blocking or interlacing (see for instance first row, second
and fourth picture). Although a deinterlacing filter was applied, faces of individuals which move too fast are
often unrecognizable even for human beings.

5.6. Chapter Summary

The proposed framework for face recognition of great apes was thoroughly evaluated on image

and video datasets in this chapter. Limitations and shortcomings of the proposed system were

revealed and discussed; typical examples of misclassifications were illustrated and explained.

First, the annotation tool by Fraunhofer IIS was described briefly and statistics about the

image and video datasets used for experimentation were given. Subsequently, the evaluation

measures for closed-set as well as open-set identification used within this chapter were introduced

and details about the applied experimental design were given.

During the course of the second part of this chapter, the developed Primate Recognition

Framework (PRF) was evaluated on real-world image datasets which show a large variety of

different poses, illumination conditions, expressions, and other extrinsic and intrinsic factors

which are typical for visual footage gathered in real-world environments. The influence of differ-

ent pre-processing techniques for lighting normalization and facial alignment were analyzed and

the obtained performances were compared to those achieved by state-of-the-art face recognition

algorithms, originally developed to identify humans. In order to show the wide applicability of

the system, realistic datasets of free-living as well as captive chimpanzee and gorilla individuals

were annotated by experts and used for experimentation.



198 5. Evaluation and Results

Moreover, synthetic data rendered from a generic 3D model of a chimpanzee face was used

to profile the investigated face recognition algorithms. Additionally, synthetic images were

successfully used to augment training data in order to increase the robustness of the system

against difficult illumination conditions and off-frontal poses.

The proposed extensions for robust identification of primates in video footage were evaluated

within the third and final part of this chapter. The proposed frame-weighting paradigm was

benchmarked against two single-frame-based approaches which identify a face-track solely based

on the prediction of its first frame or the frame with the best estimated visual quality, respec-

tively. Furthermore, a uniform frame-weighting scheme was carried out for comparison. It was

shown that performing recognition on multiple frames enhances the performance of the system.

It has further been demonstrated that the proposed frame weighting paradigm which weights

the predictions according to the classifier’s confidence significantly outperforms majority voting

of multiple frames.
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6. Real-World Prototype

This section gives an overview of the developed prototype for automatic face detection and

recognition of primates. Although the proposed algorithms can be applied to both, images

and videos, the prototype discussed in this section was mainly designed for face recognition in

video since biologists mainly record short video sequences in wildlife environments. In addition

to the presented Graphical User Interfaces(GUIs), a command-line interface of the proposed

face recognition framework does exist which is able to process image as well as video data.

The herein discussed prototype was presented at CeBIT 2012 and CeBIT 2013 and is currently

used by biologists of the Max Planck Institute for Evolutionary Anthropology1 to process video

sequences of chimpanzees and gorillas gathered in national parks and zoos for behavioral studies,

population monitoring, and wildlife analysis. The demonstrator is divided into three main parts

which will be discussed separately in the following sections: the Training Module, the Ripper

Module, and the Graphical Interface.

6.1. The Training Module

Figure 6.1 shows the user interface of the training module which is part of the developed Primate

Recognition Framework (PRF). The training module allows the generation of training data and

classification models for recognition of great apes in unseen data. The user can add new images

by pressing the orange button (1 in Figure 6.1). Based on the XML annotation files which were

created using the annotation tool provided by Fraunhofer IIS (see Section 5.2.1 for details),

annotated faces are automatically cut out of the image. Extracted faces are presented in tabs

named as the annotated individual on the right hand side of the GUI (2 in Figure 6.1). Based

on the following criteria, face images are automatically selected as possible training data (faces

with green frames):

• Size: Only face images that provide sufficient facial details in order to extract discrimi-

nating descriptors should be part of the training data. Hence, only faces with a size of at

least 64× 64 pixels are considered to be in the training set.

• Vertical pose (tilt): Faces with too large tilt angles, i.e. faces where a considerable

amount of facial area is missing, should not be part of the training set. Therefore, only

images annotated as EyeLevel, SemiBottom or SemiTop are considered.

1http://www.eva.mpg.de/. Last visit: January 29th, 2014

http://www.eva.mpg.de/
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• Horizontal pose (yaw): The developed face recognition system was designed for recog-

nition of full-frontal faces. Although it has been shown that augmenting training data with

off-frontal posed data has a positive effect on the system’s accuracy, completely profile-

posed faces should not used for training. Thus, only frontal faces with moderate yaw

angles are considered as training data.

• Occlusion: Also occlusion by branches, leafs or other individuals are critical factors for

training data generation. Therefore, only face images with None or Moderate occlusion

are taken into account.

Figure 6.1.: Screenshot of the training module as part of the developed primate face recognition
prototype. (1) Annotated training data can be loaded and processed in order to generate models which can
later be used to recognize individuals in unseen image and video footage. (2) Based on certain criteria, a
number of images are automatically selected as suitable training images (green frames) in order to train the
developed algorithms. However, the operator can manually select additional faces assumed to be appropriate
for training and deselect unsuitable images (red frames). (3) Face images with incorrect annotations can be
reassigned to other individuals. Such images are automatically moved to the according individual tab.

Note, however, that training images are usually gathered in real-world environments. There-

fore, the overall quality of training images and the number of images per individual that are

necessary to span a meaningful feature space has to be traded-off against each other. Fur-

thermore, training data which provides sufficient intra-class variation can increase the system’s

robustness against difficult conditions present in real-world application scenarios. Thus, the user

can also manually select (faces with green frames) or deselect (faces with red frames) images.

Another important option of the training module is that face images with wrong annotations

can be manually assigned to other individuals (3 in Figure 6.1). After it has been decided which

images should be used for training, the selected faces are aligned based on the annotated facial

markings (eyes and mouth) and the proposed global and local descriptors are extracted by press-
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ing the green button (1 in Figure 6.1). Furthermore, models for feature space transformation

and classification are generated. Note that in order to build suitable classification models, indi-

viduals with less than 15 images are ignored and are thus not included in the training data. After

feature extraction and model generation, all files necessary for applying the proposed algorithms

to unseen test data are saved by pressing the gray button (1 in Figure 6.1):

1. Training data: A matrix of size Rm×l, where m is the size of features after projection

and l is the number of training samples. This matrix is used within the SRC algorithm

for identification based on global features.

2. Labels: A vector of size Zl which contains the class labels for every training sample.

3. Names: A vector of strings of size C containing the names or unique IDs for every

individual in the database, where C is the number of classes in the dataset.

4. Classification models: The SVM model used for pose estimation is fixed and does not

have to be created by the training module. However, another SVM is trained based on

the extracted local SURF descriptors discussed in Section 4.2.3.2. Furthermore, models

for feature space transformation for local and global features are generated and saved in

the training phase of Locality Preserving Projections (LPP). Moreover, the characteristic

functions δi (see equation 2.29 in Section 2.4.2) need be saved for every class in order to

apply the SRC-based classification scheme.

5. Mahalanobis parameters: The sample mean and covariance matrices of the clusters of

correct and incorrect classifications are used for frame-weighting. These parameters are

necessary to calculate the Mahalanobis-distances of a test sample t to the cluster of correct

and incorrect classifications (see Section 4.3.3 for details).

6. Distribution parameters: The estimated parameters of the fitted Extreme Value Dis-

tributions(EVDs) are found during training. The parameters are then applied in the test

case in order to calculate the weights for the proposed-frame weighting approach.

The first four files are necessary to train the classification engine and identify known individuals

or reject impostors when unseen test data is processed. Therefore, the files training data, labes,

names, as well as the classification models are mandatory for the ripper module which will be

discussed in the subsequent section. Files 5 and 6 are only used for the frame-weighting approach

introduced in Section 4.3.3. If the operator chooses to enable frame-weighting, the Mahalanobis

parameters and distribution parameters have to be specified, otherwise they are obsolete. Note

that all these files are generated separately but are wrapped in an Fraunhofer IDMT specific

container format named XChange Container Format (xcf).
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6.2. The Ripper Module

The ripper module is the main part of the developed prototype and extracts individual data

from images and videos by applying the face detection algorithm developed by Fraunhofer IIS

(Section 4.2.1) and the face recognition algorithm presented in this thesis. A screenshot of the

ripper module can be seen in Figure 6.2.

Figure 6.2.: Screenshot of the ripper module as part of the developed prototype. (1) A video file can be
added by drag and drop. Furthermore the user can select the acceptance-rejection threshold, a value between 0.0
and 1.0, to reject unknown individuals. (2) Three mandatory files that contain the training data, the according
labels, as well as the names of the individuals are necessary to recognize individuals in unseen data. These
files can either be loaded separately of by specifying the according xcf-file. (3) If frame-weighting is enabled,
two additional files have to be specified: The Mahalanobis parameters and the Distribution parameters. (4)
The extracted information is saved in an SQL database. It is possible to process the same video with different
parameter settings. The results are then saved into different tables within a single database.

The ripper module contains four main parts: First, the operator selects a video file to be

processed by drag and drop (1 in Figure 6.2). Furthermore, the acceptance-rejection threshold

can be adjusted by the user in order to reject unknown individuals not represented in the training

data. The Receiver Operating Characteristic (ROC)-curves (Figure 5.20) exemplarily show how

τ should be chosen to achieve a certain correct identification rate. Secondly, all necessary files

(training data, labels, and the names) have to be loaded by drag and drop (2 in Figure 6.2).

The classification models are linked with the training files in order to ensure that the correct

models for feature space transformation and classification are loaded. Thus, they do not have to

be specified explicitly. All files can either be selected separately or by specifying the according

xcf-file container which contains all necessary files.
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Additionally, the user has the option to apply the frame weighting paradigm to weight the

automatically selected best frames of each face-track which was discussed in detail in Section

4.3.3. In this case, two additional files (Mahalanobis parameters and distribution parameters)

have to be specified by the user. A status bar indicates how much of the video has already been

processed. Once the processing is completed, the extracted metadata is written into an SQL

database [406, 407] (3 in Figure 6.2) which consequently contains the following metadata:

• Frame Number: The number of every frame where faces were detected or tracked by

SHORE
TM

has to be saved into the database in order to visualize the results.

• Location: Furthermore, the coordinates of the upper left corner of the detected region of

interest as well as the width and height for each rectangle as to be saved for visualization.

Moreover, the coordinates of the detected facial features, i.e. left and right eye as well as

the mouth, are stored into the database.

• Individuals: A ranked list of the first five individuals classified by the system as well

as the according confidence values are saved for every detected face. In case a face was

rejected by the system, the individual is categorized as unknown.

• Species: Additionally, the species of the animal, i.e. chimpanzee or gorilla, is saved for

every detected face which was classified by SHORE.

As mentioned earlier, it is possible to process the same video several times with different

parameter settings in order to compare the obtained results. The results of each run can be

saved independently into different tables of the same SQL database which can later be loaded

by the last module, the graphical interface, to visualize the results.

6.3. The Graphical Interface

The last module is the graphical interface which visualizes the information extracted by the

ripper module. The user first selects a video which has already been processed as well as the

according SQL database. The graphical interface is illustrated in Figure 6.3 and comprises four

main parts. The processed video is shown in the upper left corner (1 in Figure 6.3), the detected

faces are marked and the best five recommendations by the proposed face recognition algorithm

are displayed as sorted list above each face with confidence bars next to the names. Green bars

represent high confidences while red bars represent low confidence values. Additionally, the user

can start, stop or pause the video as well as load another pre-processed video. If available,

additional metadata such as a mugshot, the gender, father, mother, age, etc. is displayed
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in the upper right corner (2 in Figure 6.3) for every individual in the video. The lower left

part of the GUI (3 in Figure 6.3) shows a timeline for every recognized individual. The white

spaces represent occurrences of a certain subject. A click on a specific location in the timeline

automatically causes a jump to that time slot in the video. This allows efficient browsing through

videos in order to find sequences where a particular individual is present. The fourth part of the

GUI (4 in Figure 6.3) shows detailed information of the current SQL database such as the name

of the processed video, the number of frames, and the timestamp when the video was processed.

The user is able to select a particular SQL table to visualize the results of the according run if

one video was processed with different parameter settings. Moreover, the database entries can

be manipulated by the user with the help of standard SQL commands to clean up the database

in order to get rid of possible false detections or to correct misclassifications.

Figure 6.3.: Screenshot of the graphical interface of the developed PRF. (1) First, the operator loads a
processed video and the associated SQL database. Regions of interest of localized and tracked primate faces

found by SHORE
TM

are superimposed on the video. Furthermore, a ranked list of the first five predictions as
well as the classifier’s confidences are depicted for every face in terms of error bars. (2) If available, further
previously gathered metainformation of individuals detected in the video can be displayed. (3) A timeline is
shown for every individual in the video sequence. White bars represent time slots where a certain individual
is present. The video automatically jumps to the specified time by clicking on these bars which allows quick
and efficient browsing through long video sequences. (4) Information of the current SQL database is displayed.
In case a video was processed with different parameter settings, the according table within the database can
be selected in order to compare the results. Furthermore, the user can correct possible false detections or
misclassifications by applying standard SQL commands.

Additionally, the graphical interface contains a live-mode if an external camera device is at-

tached to the computer. This mode can be used for near real-time detection and identification

of primates. For demonstration, faces of individuals living in the zoo of Leipzig were printed on

signboards and held in front of the camera to show the performance of the developed technology.
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Moreover, preliminary experiments were successfully conducted in Pongoland2, a theme-world

within the zoo of Leipzig, where promising results could be achieved. Hence, besides assisting

researchers with tedious annotation work of remotely gathered videos of primates in national

parks, a second application scenario of the Primate Recognition Framework (PRF) could be

a near real-time capable biometric supervision system for great apes living in zoos or wildlife

parks. A remote camera in combination with a control device allows visitors to monitor great

apes and get an immediate feedback of the filmed individual on a screen. Such an interactive

edutainment station would be a modern and novel application of a visual animal biometric sys-

tem and could thus offer visitors first-hand experience of state-of-the-art technology. Moreover,

the developed PRF has the potential to give the wider public deeper insights into ecological

and social structures of captured great ape populations and thus contribute to the awareness of

nature conservation and species protection. Furthermore, a number of biological studies regard-

ing behavioral ecology and communicative complexity for instance are conducted with captive

primates in the zoo. The presented PRF might further be used by biologists to design and

conduct new experiments which might eventually help to answer a number of current biological

questions and thus help researches to obtain new insights to the history of humankind. Fig-

ure 6.4 shows the demonstration of the live-mode with face images printed on signboards (a)

and the preliminary real-world experiments conducted at the zoo of Leipzig, Germany (b).

(a) (b)

Figure 6.4.: Demonstration of the live-mode of the Primate Recognition Framework (PRF). (a) Recog-

nition of a chimpanzee face printed onto a signboard. The face is automatically detected by SHORE
TM

and
subsequently recognized using the face recognition algorithms presented in this thesis. (b) Setup of the prelimi-
nary experiments conducted in Pongoland, zoo of Leipzig, by Hjalmar Kühl. The proposed primate recognition
framework can be used for near real-time detection and recognition of captive individuals which could eventu-
ally lead to an interactive hardware-software demonstrator for zoo visitors as well as to an automatic analysis
tool for behavioral researchers. [I06, I07]

2http://www.zoo-leipzig.de/themenwelten/pongoland/ Last visit: February 2nd, 2014

http://www.zoo-leipzig.de/themenwelten/pongoland/
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7. Conclusion and Future Work

7.1. Thesis Summary

In the ongoing biodiversity crisis, many species including great apes such as chimpanzees or

gorillas are on the brink of extinction and need to be protected. An essential part of efficient

biodiversity and wildlife conversation management is population monitoring and individual iden-

tification in order to estimate population sizes, asses viability and evaluate the success of im-

plemented protection schemes. Monitoring techniques using autonomous recording devices have

been used extensively by biologists and gamekeepers for that purpose. However, manually pro-

cessing large amount of data is tedious work and therefore extremely time consuming, highly

cost intensive, and error prone.

To overcome these issues, this thesis proposed a unified framework for automatic detection

and identification of captive and free-living great apes in image and video footage acquired in

real-world environments. To the best of the author’s knowledge, a fully-automatic system for in-

dividual identification of great apes has not been proposed within the research community before.

Based on the assumption that humans and great apes share similar properties of the face, algo-

rithms originating from human face recognition were adapted and extended in order to identify

great apes in their natural habitats. Realistic image and video datasets of chimpanzees gathered

at the zoo of Leipzig, Germany and the Täı National Park, Côte d’Ivoire, Africa were annotated

by experts to provide realistic benchmark datasets. The system was thoroughly evaluated and

compared against state-of-the-art human face recognition systems and it was shown that the

proposed Primate Recognition Framework (PRF) outperforms the competing approaches on all

datasets. The developed framework was furthermore successfully tested on a small dataset of

captive gorillas to show the wide applicability of the proposed algorithms. Moreover, in order to

provide a proof of concept, the proposed algorithms were implemented in a prototype which can

be used by biologists, ecologists, and gamekeepers to automatically identify primate individuals

in their natural habitats. Due to its near real-time capability, another novel applicability of the

proposed PRF might be an interactive tool for individual identification of great apes in zoos or

wildlife parks. As a result, the developed system for non-intrusive wildlife observation might

not only offer visitors the possibility to get insights into ecosystems and the social complexity of

chimpanzee or gorilla groups but also contribute to the public awareness of nature conservation

and species protection.

In summary, the main contributions of this thesis are as follows:
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• Literature Survey: A comprehensive literature review of existing visual animal biometric

systems was given in Chapter 3. Advantages and shortcomings of proposed algorithms

were discussed with respect to the task at hand. Since the proposed framework is based

on face detection and recognition technology a broad overview of facial biometric systems

was presented as well.

• Proposed Framework: The proposed algorithms to automatically detect and recognize

primate individuals in image and video footage were explained in Chapter 4. The third

party library SHORE
TM

, developed and extended by Fraunhofer IIS, was applied to detect

faces and facial features of great apes. A simple but effective face alignment strategy

based on affine transformation was proposed in order to ensure comparability of extracted

visual descriptors for all training and test instances. Starting from the assumption that

different features tend to misclassify different patterns, great apes were identified by fusing

the results of a global and local face recognition pipeline, both based on complementary

descriptors. Additionally, the proposed system was extended to recognize individuals in

video sequences. Faces were first tracked through the sequence using SHORE
TM

. The

extracted face-tracks were then analyzed according to their visual facial quality in order to

detect the frames that are most promising for subsequent identification. Moreover, a novel

frame-weighting approach was proposed to combine the identification results of multiple

frames into a single final prediction per face-track.

• Evaluation: The proposed identification framework was thoroughly evaluated on two

realistic image and video datasets of captive and free-living chimpanzee individuals gath-

ered in real-world environments in Chapter 5. The influence of different pre-processing

methods was evaluated and advantages as well as limitations of the proposed PRF were

discussed. It has further been shown that augmenting training data with synthetic face

images rendered from a generic 3D model of a chimpanzee face can increase the system’s

robustness against pose-offsets and different lighting conditions to a certain extent. More-

over, a preliminary study for captive gorilla individuals was conducted to demonstrate the

wide applicability of the developed algorithms.

• Real-World Prototype: A real-world prototypical implementation was developed to

aid non-intrusive biomonitoring of great apes. The system is currently used by biologists,

ecologists, and gamekeepers to automatically analyze image and video footage gathered

in natural habitats of great apes. A first study which utilizes the developed software was

successfully conducted in [408], where the site use of two unhabituated chimpanzee groups

was estimated using a manual and a semi-automatic approach. Biologists found that semi-

automated data processing required only 4% of the time compared to an entirely manual
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analysis in order to obtain comparable results. The authors conclude that the developed

PRF shows great potential in providing assistance for annotation of camera trap data.

Chapter 6 gives an overview of the developed prototype which comprises three main

components: the Training Module which can be used to train the identification algorithm,

the Ripper Module which uses the previously trained model to automatically process image

and video footage, and the Graphical Interface which visualizes the obtained results.

7.2. Limitations and Future Work

Despite the sound performance achieved by the proposed framework on challenging datasets,

the acquired footage can only reflect a fraction of the true variance present in natural habitats

of great apes. Although cross-validation was applied to obtain valid results, the generalization

capability of the developed identification system can only be approximated to some extent. The

results presented in Chapter 5 should therefore be seen as a rough estimate of what could be

achieved by the proposed system when applied in real-world settings.

Figures 5.21, 5.23, and 5.25 show images that were regularly misclassified by PRF and hence

provide insights into limitations of the system. The most frequently occurring categories of false

classifications and ideas how the techniques proposed in this thesis could be extended in the

future to possibly overcome these limitations are discussed below.

• Pose Variation, Facial Expressions, and Illumination: Most of the incorrect clas-

sifications are due to far off-frontal poses, extreme facial expressions, and high dynamics

in lighting. A number of pre-processing methods were proposed in this thesis to over-

come these difficulties to some extent. It was shown for instance in Section 5.4.1 and 5.4.3

that additional off-frontal posed training data can increase the system’s robustness against

pose variation. Another attempt to overcome these limitations for video sequences was to

use an automatic pose estimation approach to select the frames which are best suited for

subsequent identification. Still, faces with too large tilt or yaw angles are often rejected

or incorrectly identified. Recent success in 3D face modeling however suggests that more

advanced alignment strategies could be used to further enhance the systems robustness

against pose variation [342]. Another possibility to resolve the ambiguities resulting from

large pose variations is to train multiple models for identification. After automatic head

pose classification the one model which was trained on facial data that best represent the

actual pose could be used for identification. Furthermore, other factors for misclassification

are large appearance variations caused by extreme facial expressions as well as occlusion

by branches, leafs, or conspecifics. Local descriptors extracted around eyes and nose were

applied in this thesis to reduce the effect of these type of distortions. Although it was
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shown in Section 5.4.1 that the proposed ELGTPHS descriptor is relatively robust against

moderate illumination changes, extreme lighting conditions such as dark shadows within

a face are particularly challenging, especially for dark pigmented faces which usually al-

ready exhibit a low contrast. It has recently been shown that general invariance against

pose, illumination, and facial expressions can be achieved by multilinear tensor-based ap-

proaches where every mode of a tensor represents different image variations [409, 410].

Multilinear interactions of different factors such as pose, lighting, and expression can thus

be efficiently modeled to enhance the robustness of face recognition systems. However, a

drawback of such an approach is that huge amounts of training data are required to ade-

quately represent different extrinsic and intrinsic factors which can hardly be achieved in

natural settings. A possible solution to overcome the burden of gathering adequate train-

ing images could again be 3D modeling of primate faces. The results presented in Section

5.4.1 indicate that synthetic training data rendered from a generic 3D model can be used

as training data. Different lighting conditions, poses and - if more elaborate techniques for

3D face modeling could be applied - even facial expressions can be generated and included

into the training set. Recommended future work therefore includes determining to what

extent models trained on artificial data represent the variation present in real datasets. In

the long run, the final goal should be to train a face recognition system with a minimum

amount of real data. Thus, it is intended to further explore the application of 3D mod-

eling techniques to one-shot learning: Using only one real image of an individual to seed

synthesis for recognition in a range of image situations.

• Environmental Clutter: Cluttered background is particularly challenging for the face

detection stage of the proposed PRF. Especially for face detection in still images false

positive detections are often caused by cluttered background present in natural habitats of

great apes. Bootstrapping was used within the training stage of SHORE
TM

to increase the

system’s robustness against cluttered background, where false positive detections found

on a validation set were included into the training set as negative examples. As shown in

[343], the number of false positive detections for face detection in videos can be significantly

reduced by the proposed tracking-by-detection approach. It was shown in Sections 5.4 and

5.5 that most of the remaining false positive detections can be rejected by the subsequent

identification module using an open-set identification scheme. However, more advanced

tracking techniques such as particle filters [163] might further reduce the false positive

rate and should therefore be investigated in the future. On the other hand, Sandwell and

Burghardt showed in [126] that Deformable Part-Based Models (DPMs) can be used to re-

liably detect off-frontal posed chimpanzee faces while being less sensitive to environmental

clutter.
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• Video Recording Errors: Another source for incorrect classifications are errors resulting

from the hardware used for autonomously record videos in tropical forests. Typical video

recording artifacts such as interlacing, blocking, and motion blur might hamper individual

recognition of animals. Software modules for quality assessment were proposed in Section

4.3.2.2 to automatically select frames within an extracted face-track before recognition.

Furthermore, a proper set-up of modern recording devices in the field and a well-developed

field acquisition protocol are necessary to overcome these difficulties in the future. Prob-

ably the best way to develop such a protocol is to evaluate different devices, locations,

and recording conditions to simultaneously optimize animal capture rates and visual data

quality. First attempts to optimize data acquisition in natural habitats have already been

done in [33] but are continuously improved by biologists.

A selection of additional directions of research and practical implementations that could be

pursued in order to extend the functionality of the proposed framework in the future are briefly

discussed below.

• Unsupervised Face Clustering: One of the biggest challenges in building models for

individual identification is the difficulty to immediately obtain adequate annotations. Ac-

quisition of training data and ground-truth annotation still has to be performed by human

experts which is not only time consuming but also tedious routine work. Unsupervised

clustering techniques could be applied as a preliminary processing stage to overcome these

issues where derived feature vectors of multiple individuals are grouped in an unsupervised

fashion according to their similarity. The challenge here is that the number of individuals

is not known in advance. Therefore, traditional clustering methods such as k-means for

instance are not suitable for that purpose. However, more elaborate techniques such as

g-means [411], Affinity Propagation [397], or Rank-Order Distance Based Clustering [398]

could be used for that purpose since remarkable results could be achieved for human face

datasets in the recent past. Preliminary results of these automatic clustering techniques

applied to the facial databases of primates are promising [1, 412] but more intensive re-

search needs to be done in the future. Presumably, semi-automatic approaches are most

promising for that task. Once the individuals are automatically clustered into several

exclusive groups, user feedback could be used to optimize the clustering results.

• Hierarchical Approaches: In many situations it might be beneficial to first solve easier

sub-problems rather than identify the occurring animal directly. For many applications

these sub-problems might have a hierarchical structure. For instance in case of primate

recognition the detected apes could first be clustered according to the species, e.g. chim-

panzee, gorilla, orang-utan, etc. Within each species a second layer could categorize the
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detected animals according to their gender. Additionally, different age groups could be

taken into account to limit the number of individuals to be identified. Such hierarchical

interpretation allows users to provide their feedback on different hierarchical levels. In

the ideal case, the optimization via user feedback leads to the optimal clusters contain-

ing single individuals. When the clusters are optimized and cannot be improved by user

feedback, data belonging to one cluster could finally be used to train individual models.

• Super Resolution: It was shown in Section 5.5 that the proposed frame-weighting scheme

is capable of significantly enhancing the performance of the system compared to approaches

that perform recognition on a single frame. However, quality and resolution of video

recordings acquired in natural settings might sometimes not be sufficient to perform robust

and accurate recognition. Moreover, in typical surveillance scenarios, cameras are often at

a considerable distance from the subjects and the captured image typically contains only

a small region enclosing the subject’s face. So called multiframe super-resolution methods

[413, 414], a class of techniques developed to enhance the resolution of imaging systems,

might be utilized in future applications in order to improve the system’s performance for

low-resolution video recordings. Although super-resolution has extensively been studied

in the past, applications on real-world video still remains challenging due to oversimplified

motion models or other assumptions that do not hold in reality [415]. However, recently

developed super-resolution techniques designed with a special focus on face recognition

applications [416, 417, 418], also known as Hallucinating Faces [419, 420], appear to be

promising and might therefore lead to a more robust and accurate primate recognition

framework for low-resolution footage in the future.

• Advanced Feature Sets: It has been shown that the combination of ELGTPHS and

SURF provides descriptive information for identification of primates in real-world environ-

ments. However, a variety of other feature types were proposed in the recent past which

could be used to extract additional information which might be helpful for robust and

accurate identification. A number of sophisticated local descriptors have been proposed in

the recent past which have been shown to perform better than standard SIFT and SURF

under certain conditions [404, 230, 233]. In addition to local keypoint descriptors, novel

texture descriptors were proposed recently which are based on fractal geometry [421].

Nowadays, multifractal analysis is considered to be a promising tool for image processing,

in particular for texture recognition [422, 423, 424]. In the context of visual animal bio-

metrics, those feature sets could serve as additional tools for description and comparison

of complex individual patterns and should therefore be investigated more thoroughly in

the future.
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In broader terms, an integration of the probabilistic output of the developed PRF in existing

monitoring frameworks is necessary in the future to proof the feasibility of animal biometric

systems for automatic population monitoring and ecological studies. Therefore, statistical ap-

proaches need to be developed to derive visitation rate estimates, occupancy rates, density

and abundance estimates based on camera trap data and the developed primate identification

system. Another venue to extend the approaches proposed in this thesis is to automatically

quantify communication behavior and their physiological correlates in human and non-human

primate social systems in natural settings by means of automated multi-modal tools. Although

it has been shown in this thesis that algorithms for automatic facial detection and recognition

are promising for non-invasive monitoring of great apes, they are limited to image and video

footage. Different sensor types (e.g. audio, video, infrared imaging, etc.) should be used in

the future to gather multiple types of information to adequately address the multi-modal aspect

of animal biometrics. Consequently, algorithms should be developed in the future that process

multiple sensory inputs in a truly multi-modal fashion. Especially for automatic primate com-

munication analysis the combination of audio and video analysis techniques might lead to a

more flexible and therefore more robust system.

Although promising results could be obtained by the proposed PRF on real-world datasets

of captive and free-living chimpanzee and gorilla individuals, a completely automatic approach

will not be capable of entirely replacing humans in the near future. However, simple annotation

tasks do not necessarily need to be performed by professional scientists. Therefore, citizen

science has become a mainstay in biodiversity research and has thus increased the scale of

ecological field studies tremendously [425]. According to the Oxford English Dictionary, citizen

science, also known as crowd-sourced science, is defined as ”[...] scientific work undertaken by

members of the general public, often in collaboration with or under the direction of professional

scientists and scientific institutions [...]” [426]. Biologists from the Max Planck Institute for

Evolutionary Anthropology recently launched a citizen science project called ”Chimp & See”1 in

collaboration with Zooniverse, one of the largest, most popular, and most successful web portals

for citizen science. In this project, volunteers watch videos taken by various camera traps in

Africa, identify chimpanzees, and annotate their behavior in order to help researches to learn

more about human evolution. Such an approach in combination with the proposed algorithms for

automatic detection and identification of great apes has the potential to contribute significantly

to wildlife research and ecological science in general.

1http://www.chimpandsee.org/beta/#/classify Last visit: April 7th, 2015

http://www.chimpandsee.org/beta/#/classify
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7.3. Concluding Remarks

Biologists and gamekeepers recently started to use remote cameras and audio recording devices

for wildlife monitoring in order to overcome the catastrophic decline of biodiversity [427, 428,

33]. The objective of the emerging field of Visual Animal Biometrics is to develop and apply

approaches to automatically detect, represent, and interpret phenotypic appearance of various

animal species to overcome the burden of manually annotating image and video footage [85].

While many existing approaches focus on patterned animals, it has been demonstrated in this

thesis that African great apes such as chimpanzees and gorillas can be reliably detected and

identified by their facial appearance. Face recognition algorithms, originally developed for human

identification, were adapted and extended for the challenging task of automatically identifying

primates in their natural habitats.

The proposed system is capable of reliably detecting and identifying primate individuals al-

though evaluation data was acquired in real-world environments which place high demands on

the system due to a broad variety of illumination, partial occlusion, non-cooperative subjects,

and off-frontal head poses. Furthermore, it is possible to reject subjects which are not present

in the training database by adjusting an acceptance-rejection threshold accordingly. Hence, the

proposed framework can be applied for identification of great apes in real-life scenarios and thus

might provide substantial assistance for tedious annotation work of gathered images and videos.

Therefore, the author of this thesis believes that the developed system has the potential to

open up new venues for efficient and innovative wildlife monitoring and biodiversity conserva-

tion management. Intensive pilot studies are currently conducted in Loango National Park,

Gabon, [33] and Täı National Park, Côte d’Ivoire, [428] using autonomous infrared-triggered re-

mote video cameras in combination with the presented biometric identification software. These

studies already provided promising results, demonstrating the potential of such an approach for

biomonitoring. For instance, a study by Crunchant et al. [408] successfully applied the devel-

oped PRF to estimate the site use of two unhabituated chimpanzee groups. The semi-automatic

approach which took advantage of the proposed system was compared with a more traditional

method which was based on manual annotation of camera trap data. The biologists found that

semi-automated data processing saves a significant amount of time and human resources without

compromising the quality of the results. Hence, the study by Crunchant et al. demonstrates the

effectiveness of the proposed PRF. The authors encourage other researchers to utilize automated

visual animal biometric software to increase the usefulness of collected data from field studies.
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Moreover, a real-time capable edutainment application to identify captive chimpanzees in zoos

or wildlife parks is currently under development. Such an interactive tool offers zoo visitors the

possibility to monitor great apes with a remote camera device and get an immediate feedback

about individual information as well as external metadata about the filmed subject. The author

of this thesis believes that such an interactive edutainment station could offer first-hand experi-

ence of state-of-the-art technology presented in a novel application. More importantly, with the

help of the proposed PRF, zoo visitors might get insights into ecological and social structures

of primate populations quite intuitively. Moreover, designed as a serious game, visitors could

collect data which might be useful for biologists for behavioral ecological research or to analyze

communicative complexity of captive chimpanzee groups. Hence, apart from a professional tool

for biologists and gamekeepers the proposed framework could also be applied by non-experts in

a citizen-science fashion and thus help researches to obtain new insights into social systems of

primates and ultimately investigate the history of humankind.
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Appendix A.

Symbols and Notation

x scalar or continuous variable x = [x1, . . . , xn]T column vector X matrix

X graph or kernel function {x1, x2, . . . , xn} a set XT transposed of X

X+ Moore-Penrose pseudo-inverse of X X−1 inverse of X X · Y dot product

X � Y Hadamardt-Schur product d differential operator ∂ partial operator

R real numbers N natural numbers B binary numbers

xy exponentiation logb x logarithm with basis b exp exponent operator

√
x square-root of x ‖x‖p `p-norm of x |x| absolute value

π Pi, Ludolphian number e Euler’s number λ Eigenvalue

i imaginary unit <{x} real-part of x ={x} imaginary-part of x

arg argument operator 7→ mapping operator ∆ delta operator

∗ convolution operator ∞ infinity × product operator

= equality <,>,�,� strict order signs ≤,≥ order symbols

P (A|B) conditional probability of A given B P (A) probability of event A F{·} Fourier-transform∑
sum operator

∏
product operator min minimum element

max maximum element sin(x) sine of x cos(x) cosine of x

∀ for all x ∈ X x is in X sup{x} supremum of x
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Appendix B.

Parameters for Face Recognition Using Global Features

Parameter Description Value

Feature Extraction

Gabor Wavelets H Width/height of the Gabor

kernels

31

p Energy preserving ratio of the

Gabor kernels (eq. 4.5)

0.9

kmax Maximum frequency of the Ga-

bor kernels (eq. 2.1)

π
2

f Spacing between kernels in the

frequency domain (eq. 2.1)

√
2

σ Ratio of the Gaussian window

to the wavelength (eq. 2.1)

π

F Number of rotations 8

S Number of scales 5

Extended Local Ternary Patterns (ELTP) B Number of blocks each Gabor

Magnitude Picture (GMP) is

divided into

3× 3

P Number of neighboring pixels

(eq. 2.3)

8

R Radius around the center pix-

els (eq. 2.3)

2

α Parameter that scales the stan-

dard deviation of the image

patch for thresholding (eq. 4.7)

0.2

Feature Space Transformation

Locality Preserving Projections (LPP) m Size of the feature space after

projection (eq. 4.8)

160

σ Scaling parameter of the heat-

kernel (eq. 4.9)

100

Classification

Sparse Representation Classification (SRC) τ Real-valued non-negative pa-

rameter (eq 4.13)

0.1‖ATy‖∞

Table B.1.: The default parameters of the proposed face recognition pipeline using global features.
All these parameters remained constant for the experiments conducted in this thesis.
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Appendix C.

Parameters for Face Recognition Using Local Features

Parameter Description Value

Feature Extraction

U-Speeded-Up Robust Features (SURF) – Ratio of the width of the region of

interest to the width of aligned image

1:7

Feature Space Transformation

Locality Preserving Projections (LPP) m Size of the feature space after projec-

tion (eq. 4.8)

160

σ Scaling parameter of the heat-kernel

(Eq. 4.9)

100

Classification

Support Vector Machine (SVM) C Penalty parameter (Eq. 2.31):

Start value for grid search 2−5

Final value for grid search 215

γ Parameter for creating an Radial Ba-

sis Function (RBF) kernel (Eq. 4.14):

Start value for grid search 2−15

Final value for grid search 2−3

Step sizes coarse grid 2

middle grid 0.5

fine grid 0.25

Table C.1.: The default parameters of the proposed face recognition pipeline using local features.
All these parameters remain constant for the experiments conducted in this thesis. Note that the parameter
configuration of C and γ is found by applying a 3-step coarse-to-fine grid search.
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Appendix D.

Results for Different Face Alignment Strategies

Acc (Std.) [%] NONE ROTATE AFFINE

PRF (global) 75.69 (3.10) 91.60 (3.43) 92.65 (2.26)

Eigenfaces 36.53 (4.19) 44.58 (1.96) 51.04 (3.65)

Fisherfaces 25.17 (2.53) 60.13 (5.94) 74.47 (3.66)

Laplacianfaces 44.05 (2.68) 69.40 (4.70) 80.76 (5.69)

Randomfaces 34.96 (5.54) 52.97 (2.14) 60.83 (4.07)

BDCT 39.33 (2.71) 68.18 (1.84) 78.84 (1.67)

GSRC 60.13 (1.47) 72.72 (4.69) 82.34 (3.49)

RSC 43.00 (6.18) 65.03 (1.53) 72.20 (3.93)

RRC 35.83 (4.70) 61.01 (2.92) 66.25 (2.99)

Table D.1.: Results of state-of-the-art algorithms combined with three alignment strategies for the
ChimpZoo dataset. The table shows the obtained accuracies and standard deviations of the experiments
described in Section 5.4.1 for the ChimpZoo dataset. The best results are printed in boldface and were obtained
by the proposed global face recognition pipeline as part of the Primate Recognition Framework (PRF).

Acc (Std.) [%] NONE ROTATE AFFINE

PRF (global) 65.28 (3.99) 78.44 (2.08) 81.68 (2.54)

Eigenfaces 50.40 (3.20) 43.01 (4.14) 47.57 (3.42)

Fisherfaces 20.14 (1.80) 11.84 (1.89) 6.07 (1.72)

Laplacianfaces 45.95 (4.95) 50.70 (3.72) 56.27 (3.28)

Randomfaces 42.61 (4.17) 47.67 (3.41) 52.53 (1.02)

BDCT 44.73 (3.53) 57.69 (1.58) 58.50 (2.36)

GSRC 59.00 (2.63) 62.14 (2.80) 68.82 (2.57)

RSC 49.69 (4.33) 55.26 (3.79) 58.70 (2.27)

RRC 37.75 (5.47) 50.70 (4.18) 54.04 (2.95)

Table D.2.: Results of state-of-the-art algorithms combined with three alignment strategies for the
ChimpTäı dataset. The table shows the obtained accuracies and standard deviations of the experiments
described in section 5.4.1 for the ChimpTäı dataset. Again the best results are printed in boldface and were
achieved by the proposed global face recognition pipeline as part of the PRF.
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Appendix E.

Results for Different Illumination Normalization

Algorithms

Acc (Std.) [%] NONE HIST CLAHE MSR IMADJUST GAMMA

+ DOG

PRF (global) 92.66 (2.26) 91.61 (1.58) 91.26 (2.83) 91.08 (2.76) 93.18 (1.74) 92.48 (4.21)

Eigenfaces 51.05 (3.65) 63.11 (8.73) 69.76 (6.33) 55.07 (1.96) 61.01 (4.36) 56.99 (3.32)

Fisherfaces 74.48 (3.66) 84.09 (3.10) 83.22 (4.08) 82.87 (4.47) 80.24 (2.94) 76.75 (3.83)

Laplacianfaces 80.77 (5.69) 85.84 (3.48) 86.54 (3.54) 83.39 (3.25) 83.22 (7.34) 80.42 (3.80)

Randomfaces 60.84 (4.07) 73.60 (4.18) 65.21 (5.14) 60.66 (3.42) 66.78 (4.75) 55.42 (4.13)

BDCT 78.85 (1.67) 76.57 (5.28) 78.67 (2.58) 76.92 (3.80) 78.67 (4.44) 76.57 (3.39)

GSRC 82.34 (3.49) 85.66 (3.41) 87.76 (4.07) 81.82 (3.89) 82.34 (4.03) 81.64 (3.04)

RSC 72.20 (3.93) 83.39 (4.17) 78.67 (3.34) 72.55 (3.91) 74.48 (4.78) 70.28 (5.10)

RRC 66.26 (2.99) 82.17 (5.08) 78.50 (2.35) 70.98 (3.48) 73.95 (3.46) 67.83 (4.80)

Table E.1.: Results of different illumination normalization methods for the ChimpZoo dataset. The
table shows the obtained accuracies and standard deviations of the experiments conducted in section 5.4.1 for
the ChimpZoo dataset. The best results are printed in boldface and were achieved by the proposed global face
recognition pipeline as part of the Primate Recognition Framework (PRF).

Acc (Std.) [%] NONE HIST CLAHE MSR IMADJUST GAMMA

+ DOG

PRF (global) 81.68 (2.54) 80.87 (1.87) 80.77 (2.28) 79.66 (2.21) 81.17 (3.05) 79.66 (3.79)

Eigenfaces 47.57 (3.43) 56.07 (3.19) 54.15 (2.28) 46.46 (3.58) 50.61 (2.66) 37.15 (3.59)

Fisherfaces 6.07 (1.73) 42.71 (3.39) 44.53 (1.28) 44.74 (1.55) 23.68 (1.96) 19.64 (1.75)

Laplacianfaces 56.28 (3.28) 62.25 (3.16) 63.16 (2.87) 62.75 (4.41) 57.39 (1.79) 54.45 (2.10)

Randomfaces 52.53 (1.02) 58.70 (3.89) 51.92 (3.30) 51.72 (4.48) 53.64 (0.88) 40.99 (0.79)

BDCT 58.50 (2.36) 58.70 (3.38) 55.97 (3.12) 57.29 (2.77) 58.30 (2.70) 53.54 (1.95)

GSRC 68.83 (2.57) 75.40 (2.31) 74.60 (2.16) 71.56 (3.23) 70.24 (2.60) 70.85 (4.98)

RSC 58.70 (2.27) 65.69 (4.78) 64.37 (3.03) 62.25 (4.67) 59.31 (2.35) 49.70 (1.37)

RRC 54.05 (2.96) 63.06 (3.52) 58.91 (2.03) 54.76 (4.81) 56.38 (2.77) 45.95 (2.44)

Table E.2.: Results of different illumination normalization methods for the ChimpTäı dataset. The
table shows the obtained accuracies and standard deviations of the experiments conducted in section 5.4.1 for
the ChimpTäı dataset. The best results are printed in boldface and were achieved by the proposed global face
recognition pipeline as part of the PRF.
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Appendix F.

Results for Synthetically Generated Train and Test Data

Spotlight Position

Acc (Std.) [%] Train Data ExtremeLeft MidLeft Frontal MidRight ExtremeRight

PRF (global) real 25.02 (6.25) 44.80 (8.49) 55.99 (7.19) 49.19 (6.49) 24.45 (6.24)

synth. 84.25 (5.07) 82.68 (5.43) 77.46 (5.80) 82.56 (5.50) 84.47 (3.07)

GSRC real. 12.93 (4.00) 35.38 (7.13) 52.16 (8.98) 45.97 (8.03) 8.90 (2.46)

synth. 81.12 (5.73) 76.92 (4.44) 69.28 (7.82) 77.70 (6.59) 80.65 (5.16)

Laplacianfaces real. 28.94 (7.21) 45.13 (5.23) 51.84 (6.25) 46.39 (8.29) 17.12 (3.90)

synth. 76.56 (6.62) 73.95 (3.51) 69.45 (6.01) 74.86 (5.28) 75.01 (5.69)

RSC real 9.78 (3.99) 25.71 (4.58) 52.19 (6.44) 31.82 (3.14) 6.64 (3.15)

synth. 71.64 (6.25) 72.58 (4.54) 66.68 (6.07) 73.32 (5.91) 78.03 (3.51)

RRC real 7.52 (2.33) 22.41 (4.94) 47.31 (10.29) 31.36 (6.10) 4.72 (1.43)

synth. 82.70 (5.64) 61.23 (7.05) 53.03 (6.94) 61.26 (5.31) 76.96 (8.32)

Table F.1.: Accuracies and standard deviations for synthetic training and test data applied to spot-
light position variation. The table compares the accuracies and standard deviations of five different face
recognition algorithms trained on real and synthetic data respectively. Using synthetic data helps increasing
the generalization capability of all algorithms towards different spotlight positions. The best accuracies are
printed in boldface letters.

Spotlight Exposure

Acc (Std.) [%] Train Data ExtremeLow Mid ExtremeHigh

PRF (global) real 88.68 (5.17) 55.99 (7.19) 22.34 (2.80)

synth. 90.34 (5.18) 77.46 (5.80) 48.42 (6.35)

GSRC real. 78.55 (5.68) 52.16 (8.98) 13.47 (4.10)

synth. 84.48 (5.58) 69.28 (7.82) 29.25 (8.85)

Laplacianfaces real. 67.22 (6.36) 51.84 (6.25) 19.98 (6.61)

synth. 77.47 (5.31) 69.45 (6.01) 37.82 (6.69)

RSC real 68.78 (6.08) 52.19 (6.44) 19.99 (7.07)

synth. 79.40 (5.46) 66.68 (6.07) 31.68 (6.01)

RRC real 62.73 (9.99) 47.31 (10.29) 15.23 (5.43)

synth. 81.64 (4.38) 53.03 (6.94) 24.89 (6.37)

Table F.2.: Accuracies and standard deviations for synthetic training and test data applied to spot-
light exposure variation. The table compares the accuracies and standard deviations of five different face
recognition algorithms trained on real and synthetic data respectively. Using synthetic data helps increasing
the generalization capability of all algorithms towards different spotlight exposure levels. The best accuracies
are printed in boldface letters. However, overexposure still seems to be a problem for all algorithms due to a
“white-out” effect of the facial features.
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Horizontal Pose Variation

Acc (Std.) [%] Train Data -30 -20 -10 0 10 20 30

PRF (global) real 61.23 (7.45) 82.92 (4.58) 90.59 (4.28) 94.76 (2.82) 89.38 (5.56) 83.65 (5.53) 66.60 (4.83)

synth. 91.16 (4.37) 91.50 (4.81) 94.35 (2.85) 93.97 (3.75) 94.22 (2.48) 93.72 (3.48) 90.21 (2.83)

GSRC real 28.80 (6.14) 54.10 (5.60) 77.14 (4.32) 87.76 (3.03) 75.25 (5.82) 60.86 (5.27) 40.43 (5.43)

synth. 83.73 (5.21) 87.22 (4.69) 87.43 (3.83) 87.60 (4.00) 86.20 (5.52) 86.40 (4.12) 85.32 (3.71)

Laplacianfaces real 23.83 (5.04) 44.47 (6.53) 61.59 (6.96) 87.24 (4.15) 66.71 (7.95) 51.63 (4.18) 36.70 (3.00)

synth. 76.61 (5.82) 80.79 (3.13) 81.30 (3.36) 82.54 (4.84) 82.72 (5.54) 81.32 (4.50) 77.11 (5.81)

RSC real 29.80 (6.61) 42.86 (4.22) 63.03 (7.96) 83.39 (2.83) 67.34 (5.46) 51.95 (4.80) 37.39 (3.94)

synth. 81.34 (4.73) 84.29 (4.44) 84.46 (5.71) 83.77 (5.67) 83.26 (6.20) 83.60 (5.72) 80.96 (4.08)

RRC real 27.82 (4.62) 43.04 (5.08) 59.09 (8.26) 84.09 (4.76) 64.00 (5.76) 47.91 (6.81) 35.49 (4.27)

synth. 80.24 (5.77) 82.14 (6.03) 81.94 (6.13) 80.41 (4.56) 83.57 (4.82) 82.50 (4.04) 79.89 (4.88)

Vertical Pose Variation

PRF (global) real 64.57 (7.49) 78.26 (7.98) 87.82 (4.51) 94.76 (2.82) 90.22 (5.31) 85.13 (4.06) 47.41 (7.70)

synth. 92.35 (3.61) 93.38 (3.21) 93.55 (2.82) 93.97 (3.75) 93.72 (4.31) 92.50 (3.79) 88.47 (5.81)

GSRC real 47.44 (4.90) 67.90 (6.03) 77.35 (4.58) 87.76 (3.03) 78.69 (4.45) 66.77 (2.75) 31.10 (5.36)

synth. 84.65 (5.55) 87.41 (4.62) 87.43 (4.43) 87.60 (4.00) 84.45 (3.46) 84.97 (4.57) 84.44 (3.99)

Laplacianfaces real 34.99 (4.30) 45.33 (5.65) 62.17 (8.13) 87.24 (4.15) 64.58 (6.76) 45.32 (3.13) 21.38 (6.23)

synth. 79.21 (4.98) 80.44 (4.49) 80.77 (4.59) 82.54 (4.84) 80.42 (4.81) 78.36 (6.36) 74.63 (4.49)

RSC real 37.24 (3.94) 48.82 (5.70) 64.21 (4.49) 83.39 (2.83) 66.28 (7.00) 46.69 (5.85) 16.60 (4.81)

synth. 80.10 (4.39) 84.10 (4.31) 84.62 (5.66) 83.77 (5.67) 83.04 (4.46) 80.42 (4.46) 76.79 (4.03)

RRC real 32.43 (5.52) 47.61 (6.34) 58.60 (6.09) 84.09 (4.76) 61.73 (6.54) 39.51 (2.88) 17.49 (4.54)

synth. 82.67 (3.85) 83.19 (5.06) 84.26 (4.82) 80.41 (4.56) 83.88 (6.00) 82.16 (4.73) 79.56 (4.76)

Table F.3.: Accuracies and standard deviations for synthetic training and test data applied to pose variation. The table compares the
accuracies and standard deviations of five different face recognition algorithms trained on real and synthetic data respectively. Using synthetic
data helps increasing the generalization capability of all algorithms towards pose variations. The best accuracies are printed in boldface letters.
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F.1. Accuracies and standard deviations for synthetic training and test data applied

to spotlight position variation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 227

F.2. Accuracies and standard deviations for synthetic training and test data applied

to spotlight exposure variation . . . . . . . . . . . . . . . . . . . . . . . . . . . . 227

F.3. Accuracies and standard deviations for synthetic training and test data applied

to pose variation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 228



List of Acronyms 237

List of Acronyms

k-NN k-Nearest-Neighbor. 22–24, 30, 158, 217

AAM Active Appearance Model. 125

ASM Active Shape Model. 125

AUC Area Under the Curve. 156, 178, 179, 187

BRIEF Binary Robust Independent Elementary Features. 173

CCA Canonical Correlation Analysis. 121

ChimpZoo The dataset of captured chimpanzee individuals gathered at the Zoo of Leipzig,

Germany. 145, 146, 148–153, 159–161, 164, 166, 168, 173–181, 183–188, 209, 211, 221

CLAHE Contrast Limited Adaptive Histogram Equalization. 162, 164

CS Compressed Sensing. 7, 25, 26, 30, 93, 113

DAISY A Fast Local Descriptor for Dense Matching. 172–174

DCT Discrete Cosine Transform. 87, 94, 95, 159, 165

DoG Difference of Gaussian. 163

DPM Deformable Part Based Models. 105

EBGM Elastic Bunch Graph Matching. 97, 98

EER Equal Error Rate. 156, 178, 179, 187

ELGTPHS Enhanced Local Gabor Ternary Pattern Histogram Sequence. 6, 7, 108, 109, 111,

112, 117, 126, 127, 161, 164, 167, 201, 204

ELTP Extended Local Ternary Patterns. 7, 108–111, 116, 126, 165, 227

EVD Extreme Value Distribution. 134–138, 193

fps frames per second. 182



238 List of Acronyms

FRVT Face Recognition Vendor Test. 90

GMP Gabor Magnitude Picture. 12, 96, 108–111, 116, 126, 218, 227, 228

GorillaZoo The dataset of captured gorilla individuals gathered at the Zoo of Leipzig, Germany.

145, 146, 148–150, 181, 182, 219

GPSR Gradient Projection for Sparse Reconstruction. 114

KCCA Kernel Canonical Correlation Analysis. 121

LBP Local Binary Patterns. 10, 12–16, 29, 63, 64, 78, 87, 95, 96, 111, 217

LDA Linear Discriminant Analysis. 19–21, 29, 61, 76, 86, 91, 92, 112, 158, 161

LFW Labeled Faces in the Wild. 90

LGBPHS Local Gabor Binary Pattern Histogram Sequence. 96

LIBSVM Library for Support Vector Machines. 119, 121, 133

LPP Locality Preserving Projections. 7, 19, 21, 22, 29, 92, 107, 108, 111–113, 116, 118, 120,

158, 161, 173, 193, 228, 229

LTP Local Ternary Patterns. 10, 15, 16, 95, 111, 217

MATLAB R© MATrix LABoratory. A multi-paradigm numerical computing environment.. 162

MLE Maximum Likelihood Estimation. 7, 93, 135, 137, 227

MSR Multi Scale Retinex. 162, 164

ORB Oriented FAST and Rotated BRIEF. 173, 174

PCA Principal Component Analysis. 19–21, 29, 73, 86, 91, 92, 94, 97, 112, 113, 118, 126, 158,

159, 161

PDF Probability Density Function. 93, 135, 137, 138, 184

PRF Primate Recognition Framework. v, vii, 1, 2, 4–10, 29, 31, 88, 99, 100, 102, 107, 111, 112,

114, 117, 121, 124, 129, 138, 141, 145, 146, 150, 152–154, 157, 159–162, 166, 167, 169, 171,

174–178, 181, 182, 184, 187, 189, 199–202, 205, 206, 209, 211, 213, 218, 219, 221, 229



List of Acronyms 239

RBF Radial Basis Function. 28, 98, 108, 119, 120, 126, 227

RIP Restricted Isometry Property. 93

ROC Receiver Operating Characteristic. 156, 178–180, 186, 194, 219

RRC Regularized Robust Coding. 93, 94, 158, 159, 166, 169, 171, 213

RSC Robust Sparse Coding. 93, 94, 158, 159, 166, 169, 171, 213

SCI Sparse Concentration Index. 133

SHORE
TM

Sophisticated High-Speed Object Recognition Engine. 9, 103–106, 117, 118, 123,

124, 130, 139, 152, 153, 173, 181–183, 185, 188, 195–197, 200, 202, 218

SIFT Scale Invariant Feature Transform. 16–18, 29, 172–174, 204, 217

SRC Sparse Representation Classification. 7, 25, 26, 30, 93, 94, 108, 113–116, 121, 122, 132–134,

158, 159, 193

SURF Speeded-Up Robust Features. 18, 19, 29, 108, 117, 118, 120, 127, 172–174, 193, 204, 217,

218

SVM Support Vector Machine. 26–28, 30, 108, 119–122, 126, 133, 134, 173, 193, 227, 229





List of Symbols 241

List of Symbols

C A penalty parameter for SVM classification. A large C corresponds to high penalties for

classification errors.. 27, 28, 119, 120, 126, 173

δi The characteristic function of class i which is 1 for samples if class i and 0 elsewhere.. 26,

114, 132, 133, 228

A Normalized matrix of training samples of size m× l that holds the normalized feature vectors

projected into the low dimensional subspace.. 25, 26, 113–116, 132, 133, 228

α The slope of the power spectrum of an image. 127, 128

B The number of blocks the GMPs are divided before Extended Local Ternary Patterns (ELTP)

feature histograms are extracted.. 111, 116

Sb The between-class scatter matrix X.. 20, 21

γ A user-defined parameter used for creating an Radial Basis Function (RBF) kernel for non-

linear Support Vector Machine (SVM) classification.. 119, 120, 126, 173

C Number of classes in the dataset. 20, 21, 25, 114, 121, 133, 138, 154, 155, 158, 159, 178, 193,

227, 229

c The class of a given sample. 20, 21

c The class vector of size C × 1. 27, 113

SPCA The covariance matrix of the data samples X.. 20

sc The cumulative score vector of size C × 1 used for the proposed frame weighting approach..

138

D The diagonal matrix of size N ×N whose entries are column (or row since S is symmetric)

sums of S.. 22, 228

L The Log-Likelihood-Function that have to be maximized for Maximum Likelihood Estimation

(MLE).. 136

dM The Mahalanobis-distance from test vector t to cluster of observations O.. 135



242 List of Symbols

∆dM The difference of Mahalanobis-distances from the test sample t the cluster of correct and

incorrect classifications.. 134, 135, 137, 138

F The user-defined number of the rotations for the Gabor kernels.. 10, 110, 116, 126, 228

G Adjacency graph of Locality Preserving Projections (LPP) to model the local neighborhood

of the feature points. 22, 112, 113

g(ρ) The downscaled and vectorized version of the GMP. 126

L The Laplacian matrix of size N ×N . L = D − S. 22, 228

l Number of training samples.. 25, 26, 114, 193, 227, 228

m Size of the low-dimensional feature space after transformation. 19–25, 27, 28, 92, 112–114,

116, 120, 126, 159, 173, 193, 227, 229

µ The index of the rotation for the Gabor kernels. µ = 0, · · · , F − 1. 10–12, 109, 110, 126, 228

ν The index of the scales for the Gabor kernels. ν = 0, · · · , S − 1. 10–12, 109, 110, 126, 228

N Number of image in the data set. 19, 20, 22, 112, 227–229

n Size of the original feature space. 19–21, 92, 112, 113, 229

n The normal vector of a (hyper-)plane. 27

Gµ,ν(z) The Gabor wavelet transform resulting from the convolution of an input image I(z)

with the complex Gabor kernel Ψµ,ν(z).. 11, 12, 109, 110, 126, 228

p The sparse coefficient vector of size Rl×1.. 25, 26, 113–115, 132, 133, 228

|Gµ,ν(z)| The Gabor magnitude picture. 12, 110, 126

Φµ,ν(z) The phase of a Gabor kernel. 12

Ψµ,ν(z) The Gabor kernel. 10, 11, 109, 110, 228

ri The residual of class i: ri(t) = ‖t−A(δi � p̂1)‖2.. 26, 114, 228

ρ The scaling factor for downsampling the GMP. 126, 228

S The user-defined number of the scales for the Gabor kernels.. 110, 116, 126, 228



List of Symbols 243

S The slope of the power spectrum of an image. 127, 128

S Sparse symmetric matrix of size N × N that holds the weights of the edge joint vertices

for LPP. 22, 113, 118, 227, 228

s The score vector. 121, 134, 138, 154, 156

v The confidence vector of size R5×1 which comprises five different confidence measures of the

proposed PRF.. 133, 134

W Unitary transformation matrix of size n ×m to project a high dimensional feature vector

into a smaller dimensional subspace. 19, 20, 22, 112, 113, 229

℘ The rank of a classification. ℘ : {1, · · · , C}. 121, 154, 155, 229

w The weight vector for the proposed decision fusion scheme to combine the results of global

and local features.. 121

w Column vectors of the unitary transformation matrix W . 20–22

Sw The within-class scatter matrix X.. 20, 21, 113

X Matrix of size n ×N that holds the feature vectors X= [x1, · · · ,xN ]. 19, 20, 22, 112, 227,

229

x Feature vector in original feature space. 19–22, 112, 113, 118, 126, 229

ξ A slack variable introduced to handle non-separable data for SVM classification. ξ ≥ 0. 27,

28, 229

t Projected feature vector of a test sample. 23–27, 113–115, 119, 132–135, 138, 193, 228

y Projected feature vector in low dimensional subspace. 19, 22–24, 27, 28, 112–114, 116, 119

z The pixel location z = (x, y). 10–13, 15, 109–111, 126, 228, 229





Bibliography 245

Bibliography

Publications as Co- or First Author
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[13] J. Vié, C. Hilton-Taylor, S. Stuart, I.-T. W. C. Union, and I. S. S. Commission, Wildlife in
a Changing World: An Analysis of the 2008 IUCN Red List of Threatened Species. IUCN,
2009.

[14] P. D. Walsh, K. A. A. Abernethy, and M. Bermejo, “Catastrophic Ape Decline in Western
Equatorial Africa,” Nature, vol. 422, pp. 611–614, 2003.
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[381] A. Ernst, T. Ruf, and C. Küblbeck, “A Modular Framework to Detect and Analyze Faces
for Audience Measurement Systems,” in 2nd Workshop on Pervasive Advertising 2009 in
conjunction with Informatik 2009, (Lübeck, Germany), pp. 3941–3953, 2009.
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