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Robust Extraction of Urban Land Cover Information
From HSR Multi-Spectral and LiDAR Data
Christian Berger, Michael Voltersen, Sören Hese, Irene Walde, and Christiane Schmullius

Abstract—This paper focuses on the description and demon-
stration of a simple, but effective object-based image analysis
(OBIA) approach to extract urban land cover information from
high spatial resolution (HSR) multi-spectral and light detection
and ranging (LiDAR) data. Particular emphasis is put on the
evaluation of the proposed method with regard to its generaliza-
tion capabilities across varying situations. For this purpose, the
experimental setup of this work includes three urban study areas
featuring different physical structures, four sets of HSR optical
and LiDAR input data, as well as statistical measures to enable
the assessment of classi cation accuracies and methodological
transferability. The results of this study highlight the great poten-
tial of the developed approach for accurate, robust and large-area
mapping of urban environments. User’s and producer’s accura-
cies observed for all maps are almost consistently above 80%, in
many cases even above 90%. Only few larger class-speci c errors
occur mainly due to the simple assumptions on which the method
is based. The presented feature extraction work ow can therefore
be used as a template or starting point in the framework of future
urban land cover mapping efforts.

Index Terms—Accuracy, data fusion, land cover, multi-sensor,
object-based image analysis (OBIA), transferability, urban.

I. INTRODUCTION

L AND COVER is an important characteristic for moni-
toring, describing, and analyzing the environment. Ac-

cording to Di Gregorio [1], it is de ned as “the observed (bio)-
physical cover on the earth’s surface”. Information about land
cover are of substantial relevance to a broad range of elds,
including climate change research and mitigation, sustainable
development, resource management, biodiversity conservation,
and biogeochemical cycling [2]. Besides these elds, land cover
observations are of particular importance for urban planning.
Human settlements are complex and dynamic systems having

both diverse and profound impacts on environmental factors and
processes [3]. Because of the isolation of the land surface by
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impervious materials, soil permeability in urban areas is signi -
cantly reduced. As a result, groundwater tables are forced to de-
crease while, at the same time, surface runoff increases [4], [5].
The hydrological cycle is therefore highly affected by the pres-
ence and intensity of urban development. Human settlements
do also in uence energy uxes between soil and atmosphere.
Especially during longer periods of heat stress, a phenomenon
called urban heat island (UHI) is observable [6]–[8]. Because
construction materials store thermal energy longer than natural
land cover types, cities often feature higher air temperatures at
night than their surroundings. Since the knowledge about the
physical properties of the land surface is crucial for a better un-
derstanding and assessment of these ecological conditions and
relationships [9], urban land cover datasets represent a valuable
source of information which city planners can incorporate into
decision-making processes to foster effective management and
to safeguard sustainability.
Urban cadastral maps, as a product of the land survey, may

be regarded as a proper source of urban land cover informa-
tion. However, these datasets only feature some of the land
cover classes (e.g., buildings) that make up an urban area. Other
classes, like vegetation or tree canopy, are typically not mapped
[10], even though they are at least equally important for many
applications (e.g., [11]). In addition, the production of area-wide
cadastral maps is time-consuming and labor-intensive. As a con-
sequence, it is not possible to update an entire map within short
time intervals, which, in turn, makes cadastral maps less attrac-
tive for urban land cover monitoring. For these reasons, alterna-
tive ways of data collection need to be explored.
Remote sensing data provide an excellent basis for cost-ef-

fective, up-to-date, and large-area mapping and monitoring of
urban land cover at multiple scales. At the regional to global
scale, a number of land cover and urban extent maps has al-
ready been derived from remote sensing data [12]–[20]. While
these maps are inarguably of great value for a broad range of
users, they also suffer from certain limitations that may prevent
authorities and practitioners from considering them in the con-
text of local urban planning applications. In this regard, one of
the most relevant limitations is the rather coarse spatial resolu-
tion ( 300 m) of those maps [21]–[25].
For urban analyses at the local scale, high spatial resolution

(HSR) data ( 5 m) are usually required to properly capture
common land cover objects like buildings or trees [26]–[31].
Thanks to recent technological advancements, this requirement
is ful lled by a growing number of satellite-based and airborne
sensors [32]. HSRmulti-spectral and light detection and ranging
(LiDAR) data are becoming increasingly available in the urban-
ized areas of the world [33]. Despite this development, detailed

1939-1404 © 2013 IEEE
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land cover maps are still missing in many of these areas. The
main reasons for this observation are the methodological chal-
lenges and computational dif culties associated with turning
the wealth of geospatial data into accurate thematic information
[10], [34]. Hence, there is a need for practical solutions being
able to produce urban land cover from large amounts of HSR
data acquired at different sensing schemes.
This paper focuses on the description and demonstration of

a robust object-based image analysis (OBIA) approach to ex-
tract urban land cover information from HSRmulti-spectral and
LiDAR data. Particular emphasis is put on the evaluation of
the proposed method with regard to its generalization capabili-
ties across varying situations. For this purpose, the experimental
setup of this study includes the analysis of
• three urban areas with different physical structures,
• four sets of multi-spectral and LiDAR input data, and
• statistical measures

to enable the assessment of mapping accuracies and method-
ological transferability. The paper is structured as follows.
Section II provides information on the theoretical background
and work related to this study. In Section III and Section IV,
the data and methods used to achieve the above goal are pre-
sented. Section V and Section VI follow with the description
and discussion of the study results. And nally, Section VII
concludes the ndings of this investigation.

II. RELATED WORK

Over the past decades, a considerable amount of research
has been directed towards the development and evaluation of
pixel-based classi ers taking advantage of the complementary
information in multi-sensor remote sensing data. Statistical
approaches, like the maximum likelihood (ML) or minimum
distance (MD) method, and non-parametric techniques, like
arti cial neural network (ANNs) or support vector machine
(SVMs), have proven to be successfull in the context of various
applications, including change detection [35], agricultural
classi cations [36]–[41], tree/vegetation type identi cation
[42]–[48], and, most relevantly, land cover/land use mapping
[39], [49]–[56]. However, when it comes to the extraction of
features from HSR data, the performance of methods based on
a pixel-by-pixel analysis may not be suf cient.
In HSR data, real-world objects are made up of several pixels

[57]. At this scale, the variability of spectral and other fea-
tures within a given land cover class is high, whereas the ra-
diometric variations between different land cover types are low
[28], [58]–[64]. Therefore, if a classi er solely relies on infor-
mation derived at the pixel level of HSR data, it is likely that the
mapping result will be compromised by increased error rates
due to the similarity between different target classes in feature
space [58], [65] as well as by the so-called “salt and pepper”
noise [55], [57], [64], [66]–[71]. This is particularly true for
pixel-based land cover classi cations in urban areas, which are
well-known for their spectral and spatial heterogeneity [33],
[72]–[75]. Other drawbacks of traditional approaches are their
sensitivity to registration errors between multi-modal inputs
[64], [76], [77], the computional effort that comes along with
a per-pixel analysis of HSR data [78], [79], the unreliability of

single pixel values because of the in uence of the pixel neigh-
borhood on the signal [80], [81], and the missing ability to infer
objects of interest corresponding to the visual perception of hu-
mans [82]. Furthermore, spatial information, like image texture
or morphological measures [83], [84], are usually calculated
using a moving window, which causes borders between land
cover classes to become blurred [85]. For these reasons, it is
worthwhile to consider alternative methods for the classi ca-
tion of HSR multi-sensor Earth observation data.
OBIA [57], [86] holds the potential to overcome the above

problems with pixel-based approaches. In contrast to traditional
algorithms, OBIA relies on the classi cation of image segments,
rather than single pixels. These segments are initially created by
grouping adjacent pixels of an input dataset according to one or
more prede ned criteria of homogeneity [57], thereby reducing
the radiometric variability in HSR data [64]. After segmenta-
tion, the resulting object primitives are subjected to an itera-
tive process of (re-)classi cation and (re-)segmentation to ul-
timately obtain objects of interest [79], [87]. Thus, during this
stage of the analysis task, image objects can constantly change
their class membership, spatial geometry, and mutual relations
until the mapping requirements are met [88].
For the re nement of the object primitives, not only their

spectral characteristics (e.g., object mean, median, minimum,
maximum, and variance value per band), but also their mor-
phology (e.g., shape and size), texture, and spatial context (e.g.,
distances, neighborhoods, and topologies) can be employed
[57], [64], [88]–[93]. All necessary processing steps and class
descriptions are stored in so-called rulesets, which enable the
reapplication of a developed work ow to other study areas and
datasets. In the context of (urban) mapping with HSR imagery,
OBIA methods are considered to be superior to pixel-based ap-
proaches [68], [89], [94]–[98], partly because the large variety
of available image features and processing tools is well-suited
to model the complexity of urban landscapes [99]. However,
with regard to this study, the most important advantage of
OBIA is its capability to incorporate a diversity of input data
[64], [77], [88], [91], [92], [100]–[102] and the possibility to
reuse rulesets [90].
Given its distinct amenities, numerous studies have em-

ployed OBIA for land cover mapping. Taubenböck et al. [93]
extracted urban features using Ikonos imagery of Istanbul,
Turkey, and transfered their work ow with some adaptations to
QuickBird data of Hyderabad, India. The maps had an overall
accuracy of 85% and 82%, respectively. A land use and land
cover classi cation was presented by Schöpfer & Möller [103].
Their results were produced from two Advanced Spaceborne
Thermal Emission and Re ection Radiometer (ASTER) ac-
quisitions over Phoenix, Arizona, and Las Vegas, Nevada, and
suggested accuracies similar to [93]. Wurm et al. [104] utilized
Ikonos data in combination with a LiDAR digital surface
model (DSM) to derive urban structures for two German test
sites, namely Munich and Cologne. With overall accuracies
exceeding 90%, the outcome of this study highlighted the great
potential of DSMs for urban land cover mapping. In a recent
work by O’Neil-Dunne et al. [10], an object-based data fusion
system, supported by manual interpretations, was built to infer
high-resolution land cover from aerial imagery, LiDAR, and
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TABLE I
STUDY AREAS AND DATA BASIS

vector data. The methodology was developed on small spatial
subsets and then applied to the complete data basis of Philadel-
phia, Pennsylvania, yielding very high mapping accuracies.
Salehi et al. [64] developed an object-based classi cation
scheme analyzing a small subset of QuickBird data and Spot
Height information. Imagery of the city of Fredericton, Canada,
was used to derive ve land cover classes for the pilot image.
After transferring the method to another subset of QuickBird
and Ikonos data, the overall classi cation accuracies yielded
were 92% and 86%, respectively. Platt & Rapoza [96] com-
pared the performances of a pixel-based classi er and OBIA
for an Ikonos scene covering the urban-agricultural landscape
surrounding Gettysburg, Pennsylvania. The classi cation
output obtained using OBIA showed a 14% higher agreement
with the reference than that of the pixel-based classi er. After
a comparison of different methods, Lu et al. [105] came to a
similar conclusion. With an overall accuracy of 88%, OBIA
improved the classi cation performance for all target classes.
The study area was a relatively small town in Brazil, for which
QuickBird data were available. A generic mapping scheme
was developed by Walker & Blaschke [106]. A two-level
segmentation was implemented to analyze aerial images of the
Phoenix metropolitan area. The validation statistics, reported
for an optimized and generalized ruleset, underline the trade-off
between performance and robustness.
The above selection of papers shows that many studies have

already successfully applied OBIA to extract urban land cover
from HSR data. However, in spite of previous mapping efforts,
only little research in the eld was directed towards building and
evaluating robust methods that are capable of processing dif-
ferent sets of HSR multi-sensor inputs (e.g., optical and LiDAR
data) covering large areas. So far, existing OBIA algorithms are
frequently reported to work well on small spatial subsets [64],
[105], or for one entire study area only [96], [106]. In addi-
tion, these algorithms often rely on mono-sensor imagery [93],
or even data acquired by one speci c sensor [96], [103], [105],
[106]. To exploit the full potential of the HSR multi-source data
available for more and more urban areas, suitable data fusion
techniques still need to be developed and rigorously tested. The
present study aims at addressing this need.

III. MATERIALS

Themethod described in this paper is applied to different con-
stellations of HSR multi-spectral and LiDAR data. The avail-
able datasets were acquired over three urban areas in Germany
and the USA, respectively. An overview of the study areas and
data basis is given in Table I.

A. Study Areas
The City of Rostock is located in the north-east of Ger-

many ( , ) and belongs to the federal
state of Mecklenburg-Western Pomerania (MV). It has more
than 200,000 inhabitants and comprises an administrative
area of about 181 [107]. The City of Erfurt is lo-
cated in Central Germany ( , ) and be-
longs to the federal state of Thuringia (TH). It also has
200,000 inhabitants, but comprises an of cial area of about
269 [107]. The City of San Francisco is located at the
west coast of the USA ( , ) and be-
longs to the federal state of California (CA). It has more
than 800,000 inhabitants and comprises a land area of about
121 [108]. Rostock and Erfurt are typical represen-
tatives of European cities featuring historically determined,
complex structures. In contrast, San Francisco is a modern
planned city of North America, where the spatial arrange-
ment of urban land cover elements is frequently constrained
by a prede ned, grid-like network of streets [109].

B. Data Basis
As shown in Table I, the data basis of this study consists of

a variety of multi-spectral satellite imagery. The datasets were
acquired at multiple spectral resolutions, small ground sampling
distances (GSDs), and at different dates. While QuickBird and
RapidEye data are available for Rostock, WorldView-2 data are
available for both Erfurt and San Francisco. For each study area,
the multi-spectral imagery is complemented by digital eleva-
tion models (DEMs) and DSMs derived from airborne LiDAR
data. In Erfurt, the LiDAR dataset was recorded prior to leaf
emergence and, thus, contains no information on tree canopy
heights. Moreover, the data basis for San Francisco covers only
a central part of the city and not the entire urban area. Given the
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Fig. 1. The conceptual work ow of this study.

availability of four different multi-spectral satellite scences, it
is possible to produce four urban land cover maps from the data
basis.

IV. METHODS

The overall work ow of this study is displayed in Fig. 1.
It consists of three consecutive steps, including
1) data preparation,
2) land cover mapping, and
3) mapping assessment.

After data preparation, a single ruleset for land cover map-
ping is developed that makes use of the complementary in-
formation provided by the preprocessed optical and LiDAR
data by means of feature fusion [110]. This master ruleset
is then applied with slight modi cations to the entire data
bases of Rostock, Erfurt, and San Francisco. Finally, the ac-
curacies of the resulting land cover maps are assessed, and
the proposed method is evaluated with regard to its transfer-
ability. In the following sections, the three above-mentioned
steps are described in more detail.

A. Data Preparation
A uniform sequence of preprocessing steps is applied to the

data basis. Preprocessing of the multi-spectral imagery includes
radiometric normalizations using ATCOR [111], pansharpening
using the high-pass lter (HPF) fusion [112], and coregistration
to the LiDAR datasets using manually selected ground control
points (GCPs) and the DEMs. A panfusion is not performed for
RapidEye data since they do not feature a panchromatic band.
Preprocessing of the LiDAR data comprises two further steps.
First, normalized digital surface models (nDSMs) are calculated
for each study area by subtracting the available DEMs from the
DSMs. They contain the height of urban objects relative to the
ground [10]. Second, the nDSMs are smoothed to enable the
creation of derivative LiDAR products (e.g., nDSM slope).
With respect to the subsequent classi cation step, additional

features are derived from the input data. Those are brightness,
computed as the average re ectance of the blue, green, red, and
near infrared (NIR) bands within a multi-spectral dataset, the
normalized difference vegetation index (NDVI) [113], and the
slope (in percent) of the smoothed nDSMs [114]. The latter is
useful for identifying transitions between at areas and elevated
objects such as buildings [115].

B. Land Cover Mapping
The methodology presented in this paper aims at the robust

extraction of six urban land cover classes from the data basis:
Buildings, impervious, bare soil, trees, grass/shrubs, and water
bodies. These cover types, along with a minimum mapping unit
(MMU) of 5 , were de ned within the research project this
study was part of [116]. An object-based approach [57], [86],
[88] was chosen for land cover mapping because of its distinct
advantages over pixel-based classi cation techniques with re-
spect to feature extraction from HSR multi-source data [64],
[77], [88], [91], [100], [101]. The mapping procedure was im-
plemented as a single ruleset using Trimble eCognition De-
veloper and its cognition network language (CNL) [117]. This
master ruleset was initially developed using ten subsets of the
QuickBird and LiDAR data available for the City of Rostock.
The subsets represented different forms of urban land use in-
cluding downtown, industrial, and suburban areas as well as
(semi-) natural land cover types such as water bodies, forests,
and open/agricultural land. After its development, the ruleset
was applied with some modi cations to the entire data bases of
Rostock, Erfurt, and San Francisco (cf. Section VI). For Ros-
tock, two land cover maps were produced using QuickBird and
RapidEye data as multi-spectral classi cation inputs.
The developed ruleset starts off with an initial segmentation

of the input data. Goal of the segmentation step was to obtain
larger image objects for homogeneous regions, such as water
bodies and bare soil areas, and smaller image objects for het-
erogeneous regions, such as densely built-up areas. For this pur-
pose, a three-stage segmentation approach was selected. After
applying a conventional quadtree-based segmentation, the re-
sulting object primitives are fused using themultiresolution seg-
mentation region grow algorithm [117]. Similar segments are
then further aggregated by means of the multiple object differ-
ence conditions-based fusion, a customizable merging proce-
dure that builds upon the standard image object fusion method
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TABLE II
DETAILS OF THE THREE-STAGE SEGMENTATION APPROACH

Fig. 2. The proposed urban land cover mapping scheme.

but allows users to de ne their own merging criteria and thresh-
olds [118]. The image features and parameters used for segmen-
tation and object merging are compiled in Table II. The advan-
tage of the segmentation strategy employed here is its capability
to achieve results comparable to those of the commonly used,
but computationally demanding multi-resolution segmentation
while simultaneously saving a signi cant amount of processing
time. Considering the large volume of HSR multi-source data
that were to be processed, this increase in performance was cru-
cial to the feasibility of this study.
After the initial segmentation, a rule-based classi cation of

the created image objects is performed following the scheme
depicted in Fig. 2. The numbers at each node of the decision
tree indicate the features that are used for class separation. The
six target classes are displayed in bold type. To foster the trans-
parency and transferability of the ruleset, the compilation of
complex class descriptions was avoided. Instead, use was made
of seven basic image object characteristics. The features and
corresponding thresholds were chosen based on different sepa-
rability analyses (Fig. 3) and empirical values gained from sev-
eral trial runs on the ten training subsets. Another requirement
was that the computational cost needed to calculate all features
should be low. This was also the reason why second order image
texture [83] was not considered for classi cation. Especially
when analyzing large sets of HSR multi-source data containing
hundreds of millions of pixels, the integration of these features
heavily compromises processing performance. As an alterna-
tive, a simple rst order texture measure (i.e., the standard de-
viation of the brightness layer) was employed as part of the pro-
posed urban land cover mapping scheme.
Image segments are rst divided into elevated and non-el-

evated objects using the nDSM. An adaptable object height
serves as separation threshold, which was set to 2 m for
the City of Rostock. The height value is chosen to enable the
differentiation between small, but elevated objects such as

allotment garden cottages, and pseudo-elevated objects such
as vehicles [119]–[121]. Subsequently, elevated objects are
reclassi ed as trees or buildings. The main feature used for this
purpose is the NDVI. In Fig. 3(a), NDVI values of 50 tree and
building objects are summarized as boxplots. As can be seen, an
NDVI of roughly 0.25 lies between the extreme values of both
classes and is therefore well-suited to make a distinction. The
exact approach to characterize trees and buildings is as follows.
Initially, elevated objects are reclassi ed as tree canopy if they
feature a relatively high NDVI of 0.4. The resulting tree
canopy objects are then used as seeds which are grown into
neighboring pixels belonging to the elevated class if the latter
have similar, but not necessarily as distinct, NDVI character-
isitcs as the former. This is true for all pixels with NDVI values
that are at maximum 25% smaller than those of their respective
seed objects. As a second criterion, the brightness of these
pixels has to be equal to or even higher than that of their seeds.
This is to prevent seed objects from growing into elevated, but
shadowed areas. With regard to the building class, seed objects
are generated by reclassifying all remaining elevated objects
with small nDSM slope values ( 30%). Afterwards, building
seeds are grown pixelwise into elevated objects if the latter
feature NDVI values that are at minimum 50% smaller than the
NDVI threshold used to determine tree object seeds (i.e., 0.2).
The eCognition process used to grow and/or shrink objects
according to one or more conditions is called pixel-based object
resizing [117].
In a next step, the non-elevated land cover classes are ex-

tracted, including water bodies, grass/shrubs, bare soil areas,
and impervious surfaces. To this end, ground objects are rst
labeled as dark if a prede ned brightness criterion of 2 is
satis ed. These segments are again treated as seeds which it-
eratively consume the pixels of adjacent ground objects if the
latter are at maximum 2.5 times brighter than their seed ob-
jects. In addition, ground objects that are enclosed by dark ob-
jects are also reclassi ed as dark. After this re nement, dark
objects are further differentiated into water bodies and shad-
owed areas by means of their size, relative border to building or
tree objects, and brightness standard deviation. Since shadowed
areas are usually smaller than water bodies, an area threshold of

is employed to detect most of the larger waters.
As can be seen in Fig. 3(b), all shadowed areas are below and
75% of all water bodies are above this value. In order to identify
further water bodies, all dark objects that are not larger than a
quarter of the original area threshold (i.e., ) and do
not share a common border with trees or buildings (Fig. 3(c)) are
then also assigned to the water class. As part of a last iteration,
the standard deviation of image brightness, calculated within a
moving window of 25 25 pixels, is used to delineate the re-
maining water bodies. The assumption behind this approach is
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that water objects feature less brightness inhomogeneities than
shadows. In Fig. 3(d), this issue is graphically represented. It be-
comes clear that circa 75% of all water bodies have a brightness
standard deviation of 1. Accordingly, this value was chosen to
derive further water seeds, which are grown on a pixel-by-pixel
basis into neighboring dark objects having a brightness standard
deviation that is at maximum 2 times higher than that of the
seeds. All remaining dark objects are then reclassi ed as shad-
owed areas.
In a following sequence of processes, ground objects that are

neither water nor shadow are split into vegetated and non-veg-
etated regions. This is satisfactorily accomplished by means of
the NDVI.While every non-elevated object with an NDVI 0.3
is immediately classi ed as grass/shrubs, the residual objects
are treated as non-vegetated areas that, in turn, are further sub-
divided into bare soils and impervious surfaces. During the rst
separability analyses, it was found that there are no unique char-
acteristics to discriminate between bare soil and sealed areas.
This is because the color, shape, and spatial context of objects
of both classes varied greatly accross the entire study area. The
only features that led to reasonable results were again image
brightness and its standard deviation. As shown in Fig. 3(e), the
median brightness of 50 samples of the bare soil class is 11.75,
whereas the minimum and maximum values are 7.3 and 27.6,
respectively. On the contrary, impervious surfaces are usually
darker, have a smaller maximum value (11.8), and a smaller
overall range of values (9.05). Based on this observation, and the
assumption that built-up areas feature higher brightness stan-
dard deviation values than, e.g., more homogeneous patches of
arable land or sands, non-vegetated areas with a mean bright-
ness of 20 and a brightness standard deviation of 1.5 are rst
classi ed as bare soil seed objects. These seeds are then merged
with pixels of surrounding non-vegetation objects if the latter
show brightness values that are at maximum 5% smaller than
the mean brightness of the respective seed object. If, after this
process, there are any non-vegetation objects enclosed by bare
soil areas, these objects are also labeled as bare soil. Lastly, all
residual non-vegetation objects are reassigned to the impervious
class. With that, all of the six target classes are derived.
After the extraction of the land cover types, some reshaping

algorithms are applied to the thematic objects for the purpose
of border optimization. For instance, the shape of tree objects is
slightly smoothed and building footprints are generalized. All
this is done by calculating amorphological parameter called sur-
face tension [117] and evaluating the result against a prede ned
criterion of compactness. In this way, the original object prim-
itives are successively transformed into more meaningful ob-
jects of interest that better correspond to the visual perception
of humans [79], [82], [87], [88]. Finally, all remaining shadow
objects are reassigned to the class they share the largest relative
common border with.

C. Mapping Assessment
The method and results presented in this paper are evaluated

with regard to two aspects: Mapping accuracy and methodolog-
ical transferability. First, the accuracy of the urban land cover
maps is assessed [122]. For this purpose, use is made of a variety
of reference datasets. The building class in eachmap is validated

using building footprints provided by the land registry of ces
of Rostock and Erfurt, and by the City of San Francisco [123].
The remaining land cover classes are validated using digital or-
thophotos (DOPs) and Jena Airborne Scanner (JAS) imagery
[124] for Rostock and Erfurt. Due to the lack of alternatives,
the panchromatic band of the WorldView-2 dataset is used in
the case of San Francisco. A uniform assessment scheme is ap-
plied to the four maps. Since all of the six derived land cover
classes are considered as equally important, priority was put on
ensuring that the accuracy of each class is assessed using the
same number of sample points. To this end, a strati ed random
sampling design is chosen comprising 50 samples per class (i.e.,
300 samples per map). Following this approach, all classes,
no matter how small or how large their areal coverage is for
a given test site, are equally represented/weighted in the vali-
dation scheme. The actual land cover at each sample point lo-
cation is then extracted from the reference data and compared
to the map. Finally, the numeric results of the comparison are
transferred to an error matrix to determine overall classi cation
accuracy, errors of commission and omission, and the kappa co-
ef cient of agreement [125], [126].
Second, the transferability of the proposed method is tested.

The evaluation is based on a simple comparison between the
accuracies of an urban land cover map under test and the
accuracies of a reference map . While refers to a map for
which a given ruleset is initially developed for, refers to a map
that is produced after applying the developed ruleset to another
data basis and/or study area. Since the ruleset presented in this
study is originally developed using the QuickBird and LiDAR
data available for Rostock, the accuracies of the corresponding
urban land cover map serve as reference values . After its
development, the ruleset is applied to the remaining data basis.
Hence, the accuracies of the urban land cover maps of Rostock
(using RapidEye data as multi-spectral input), Erfurt, and San
Francisco serve as test values . As a numerical indicator
of transferability, the percentage differences in accuracy be-
tween and are expressed by:

(1)

For , the accuracies of are the same as, or even
higher than those of . For , the accuracies of are
lower than those of . Thus, higher values of generally sug-
gest an increased methodological transferability of the ruleset
used to produce both maps and vice versa.

V. RESULTS

Using the methodology presented in this study, four urban
land cover maps were produced from the data basis (Figs. 4, 5).
For this task, an overall volume of 50 gigabyte (GB) of HSR
multi-spectral and LiDAR imagery covering roughly 700
of land area was turned into thematic information. In Fig. 4(a)
and Fig. 4(b), the two maps of Rostock are illustrated. Since the
QuickBird and the RapidEye data used to produce them were
recorded at different dates (cf. Table I), the most obvious dif-
ference between both maps is due to the different phenological
conditions that were present during the time of data acquisition.
In Fig. 5(a) and Fig. 5(b), the maps of Erfurt and San Francisco
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Fig. 3. Boxplots for different class pairs (50 samples per class each) and image features: (a) Mean NDVI, (b) object area , (c) rel. border to ‘elevated’,
(d) std.-dev. of brightness, and (e) mean brightness.

Fig. 4. The urban land cover maps of Rostock derived from two different multi-spectral input data: (a) QuickBird and (b) RapidEye.

are illustrated. As opposed to the other study areas, the map of
San Francisco covers only a central part of the city for reasons
of data availability. The four urban land cover maps are accom-
panied by statistics providing information on the achieved clas-
si cation accuracies, as well as the percentage differences in
accuracy . These numerical results are subject to further
description in the following paragraphs.

A. Classi cation Accuracies
The classi cation accuracies obtained for each of the four

urban land cover maps and the corresponding error matrices are
compiled in Table III and Table IV. For reasons of visual con-

sistency, all accuracies are displayed as numbers between 0.00
and 1.00 instead of percentages. The map of Rostock (Quick-
Bird) features very high accuracies for almost all classes. Build-
ings, trees, and water bodies are mapped with user’s and pro-
ducer’s accuracies equal to or greater than 0.90. The accura-
cies of the remaining cover types are still relatively high. While
the largest error of commission is observed for impervious sur-
faces (0.18), the largest error of omission is attributed to bare
soils (0.14). The map of Rostock (RapidEye) is of comparable
quality. The only signi cant exception is that confusions be-
tween impervious surfaces and bare soil areas occur more fre-
quently, leading to a producer’s accuracy of 0.78 for the former,
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Fig. 5. The urban land cover maps of (a) Erfurt and (b) San Francisco.

and a user’s accuracy of 0.84 for the latter class. Higher error
rates, and a wider spread in values, are reported for the map
of Erfurt. The spread is explained by an increased number of
accuracies below 0.85. Larger misclassi cations related to the
tree and grass/shrubs class are the major cause for this tendency.
The map of San Francisco is characterized by accuracies close
to those of the urban land cover maps of Rostock. While errors
of commission are highest for trees (0.18) and short vegetation
(0.20), errors of omission are highest for buildings (0.19) and
impervious areas (0.26). Apart from these errors, mapping ac-
curacies are constantly above 0.86. This veri es the quality of
the land cover map of San Francisco.
In general, a rather high degree of accuracy is observed for all

maps. Except for two respectively three examples, the reported
user’s and producer’s accuracies are consistently above 0.80, in
many cases even above 0.90. This is also re ected by themedian
user’s and producer’s accuracies, as well as the total accuracies
of the maps. With an overall accuracy of 0.91 and a kappa index
of 0.89, the map of Rostock (QuickBird) features the highest
values within the comparison. This can be expected since the
classi cation ruleset was initially developed using ten repre-
sentative subsets of the QuickBird and LiDAR data available
for Rostock. The maps of Rostock (RapidEye) and San Fran-
cisco are of slightly lower overall accuracy (0.90 and 0.88). The
corresponding kappa coef cients follow the same trend with
values of 0.88 and 0.86, respectively. For the map of Erfurt,
the lowest overall accuracy (0.83) and kappa score (0.80) are
achieved by the proposed method. The median overall accuracy
of all maps is 0.89, and the median kappa coef cient amounts

to 0.87. Therefore, and according to other authors [127], [128],
the urban land cover maps depicted in Fig. 4 and Fig. 5 are con-
sidered as very good.

B. Percentage Differences in Accuracy

The percentage differences in accuracy between the
map of Rostock (Fig. 4(a)), and the remaining urban land cover
maps (Fig. 4(b), Fig. 5(a), Fig. 5(b)) are compiled in Table V.
These statistics enable a straightforward assessment of the gains
and losses in classi cation accuracy after applying the devel-
oped ruleset to another data basis and/or study area. For reasons
of visual consistency, all values are displayed as numbers
between 1.00 and 1.00. For the map of Rostock (RapidEye),
the obtained accuracies are often close to, the same as, or even
higher than those for the map of Rostock (QuickBird). Larger

values are evident for the user’s accuracy of the impervious
class ( 0.12) and the producer’s accuracy of buildings ( 0.06).
Relatively small values can only be found for the user’s ac-
curacy of bare soil areas ( 0.13) and the producer’s accuracy of
sealed surfaces ( 0.12). As a result of these observations, both
overall accuracy and the kappa coef cient are reduced by only
1% for the map of Rostock (RapidEye). As indicated by a higher
number of negative values, the validation result for the map
of Erfurt features several decreases in classi cation accuracy as
compared to the reference map. Most of these decreases are less
or equal 0.08 and are evenly distributed across all land cover
types. The smallest values are reported for the user’s accu-
racy of the tree class ( 0.23) and the producer’s accuracy of the
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TABLE III
CLASSIFICATION ACCURACIES

TABLE IV
ERROR MATRICES FOR THE URBAN LAND COVER MAPS OF (a) ROSTOCK (QUICKBIRD), (b) ROSTOCK (RAPIDEYE), (c) ERFURT, AND (d) SAN FRANCISCO

grass/shrubs class ( 0.24). Taken together, these numbers con-
tribute to an overall loss in accuracy of 8%, and a kappa index
decline of 9% for the map of Erfurt. The statistics for the
map of San Francisco are mainly greater than or equal to 0.00.
In seven out of twelve cases, errors of commission and omis-
sion are the same or even less than those for the map of Rostock
(QuickBird). However, the magnitude of the remaining negative
scores is a bit higher. Minimum values of 0.15 and 0.17
are observed for trees (user’s accuracy) and impervious surfaces
(producer’s accuracy), respectively. In consequence, only slight
drops in overall accuracy (4%) and the kappa coef cient (3%)
are detected for the map of San Francisco.
Besides the individual statistics for Rostock, Erfurt, and San

Francisco, the median values of all maps suggest that it is
possible to apply the developed ruleset to another data basis
and/or study area with an almost similar degree of success. In
general, the only classes that are affected by decreases in ac-
curacy larger than 0.10 are trees (user’s accuracy) and im-

pervious areas (producer’s accuracy). For the other land cover
types, the error margins are quite stable across all maps and
losses in accuracy are only marginal, if they occur at all.

VI. DISCUSSION

The method and results presented in this study are discussed
in the following paragraphs. Based on the design and implemen-
tation of the classi cation approach, the resulting urban land
cover maps, and the corresponding validation statistics, crucial
aspects of the mapping effort are addressed, including major
sources of errors and methodological transferability.

A. Major Sources of Errors

Even though the validation result in Table III suggests a high
overall degree of accuracy for all urban land cover maps, it also
reveals few larger class-speci c errors of commission and omis-
sion. These errors are mainly because of two reasons: The prop-
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erties of the available LiDAR input data, as well as the sim-
plicity of the developed ruleset.
1) Data Properties: An essential requirement for mapping

urban land cover using the presented method is that the LiDAR
input data should be acquired after leaf emergence to ensure that
information on tree canopy heights are available. This is because
the classi cation scheme expects tree objects to be of a certain
height (cf. Fig. 2). If an nDSM does not contain these informa-
tion, the method will almost exclusively rely on the multi-spec-
tral signal in tree-covered areas and, thus, will mistake trees for
the class grass/shrubs. In this study, information on tree canopy
heights are present in all nDSMs but one. For Erfurt, only the
heights of tree stems and larger tree branches are visible in the
LiDAR dataset since it was recorded prior to the growing season
(cf. Table I). To compensate for this data property, the descrip-
tion of the tree class was slightly modi ed by decreasing the
use of height information and by increasing the importance of
the spectral features that were already in use (i.e., brightness and
NDVI). However, despite the adaptations made, the impact of
missing vegetation height information on classi cation errors is
still signi cant. For the mapping result of Erfurt, user’s and pro-
ducer’s accuracies for trees and grass/shrubs are the lowest of
all maps and classes.
Another mapping prerequisite is a suf cient spatial resolution

of the LiDAR input data. This is of particular importance for
the accurate detection of ne-scale urban land cover objects like
allotment garden cottages. These buildings are so small that they
are not properly captured by the lower resolution nDSMs of
Rostock and Erfurt . Because of the incomplete or
entirely missing height information, allotment garden cottages
in Rostock and Erfurt are often considered as non-elevated by
the classi er. In the course of further class assignments, they
are nally labeled as impervious, instead of buildings. For the
map of San Francisco, the described issue is not of relevance
since the available nDSM features an adequate spatial resolution

.
2) Ruleset Simplicity: As the proposed method aims at the

robust extraction of urban land cover information, focus was
put on keeping the method simple. To avoid over tting effects
and to ensure the reproducibility and the reapplicability of the
ruleset, only few basic image object features are used for classi-
cation. While being conducive to transferability, this approach

has also some limitations that nd their expression in reduced
mapping accuracies for certain land cover types.
The widely known confusion between impervious surfaces

and bare soil areas [129]–[135] is a characteristic example in
this regard. Especially for the impervious class, median user’s
and producer’s accuracies of all maps are comparatively low,
with values of 0.84 and 0.80, respectively. The main reason for
this observation is that the presented method makes only use
of two object features, namely image brightness and its stan-
dard deviation, to discriminate between these categories. Ob-
viously, more elaborated class descriptions are necessary to in-
crease class separability and, with that, mapping accuracies.
Another typical source of errors is extensive shadowing from

buildings. After the assignment of elevated and non-elevated
image objects, the decision tree relies on brigthness values and
the NDVI to separate between several classes, including trees

and buildings, as well as grass/shrubs and non-vegetated land
cover. However, these spectral information are usually distorted
in overshadowed areas, a problem that is particulary distinct in
HSR imagery of urban environments [10], [136], [137]. Since
the classi er does not feature a dedicated routine to cover these
kind of exceptions, accuracies for shadow-affected patches of
land are often below average for all maps.
Further uncertainties are introduced by some of the assump-

tions on which the ruleset is based on. For instance, according
to the structure of the decision tree, image objects cannot be el-
evated and impervious at the same time. However, some urban
elements, like bridges, are both in reality. Such misconceptions
lead to systematic errors that propagate through the decision tree
hierarchy [138]. With regard to the above instance, bridges are
commonly treated as buildings, instead of impervious surfaces,
because the description of the building class better suits their
real-world properties than that of the impervious class. This
issue also demonstrates that the classi cation features and rules
used at the rst nodes of the decision tree have a potentially
larger impact on mapping accuracies due to the problem of error
propagation. For this reason, these features have been selected
with great care during ruleset development (cf. Section VI-B-1).
From the provided examples, it becomes clear that most of

the larger misclassi cations are plausible, as they are a logical
consequence of the simplicity of the urban land cover mapping
scheme. To further increase the accuracy of the method, the
implementation of more sophisticated class paramterizations
would be necessary. However, this would also be at the cost of
robustness, since a higher degree of methodological complexity
is likely to require more individual adaptations to the ruleset
if the latter is to be transferred to other input data bases and/or
study areas featuring different properties. For this reason, the
trade-off between performance and transferability [106], [139]
was carefully evaluated during each stage of ruleset develop-
ment.

B. Methodological Transferability
The numbers in Table V build the foundation from which

the strenghts and limitations of the described method are de-
duced with respect to its transferability. While aspects related
to the study areas, the corresponding data bases, and the design
and implementation of the approach are part of the discussions
on methodological strengths, thoughts on the limitations of the
method include issues of ruleset automation and adaptation.
1) Strengths: One strength of the proposed classi cation

scheme is its ability to deal with urban areas that are of different
physical property and complexity. Rostock, for example, is a
typical European city regarding the diversity of urban structures
and elements. It features densely built-up areas, such as its
historic city center, as well as regions of less intense develop-
ment. Furthermore, urban land cover elements are manifold and
arranged in a variety of ways. On the contrary, San Francisco is
a characteristic North American city, for which the variety and
spatial arrangement of urban land cover elements is frequently
constrained by a prede ned, grid-like network of streets [109].
The resulting blocks of houses create an urban fabric that is
less complex and signi cantly different from that of Rostock.
Despite these structural differences, only a slight drop in overall
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TABLE V
PERCENTAGE DIFFERENCES IN ACCURACY

accuracy and the kappa index
is observed after the ruleset, initially developed for Rostock, is
transfered to the data basis of San Francisco. This demonstrates
that it is possible to apply the proposed method to urban areas
featuring different spatial patterns with a similar degree of
success.
Another advantage of the presented mapping technique is its

capability to successfully incorporate data that were acquired at
multiple dates, spatial resolutions, and using different sensing
modalities. In this study, four sets of HSR multi-spectral and
LiDAR data are used to derive urban land cover products (cf.
Table I). By initiating global variables, such as brightness and
NDVI thresholds, at the beginning of the ruleset, subsequent
processing of optical scenes featuring various illumination and
phenological conditions is enabled. Besides this possibility, it
should also be noted that the spectral features used for classi-
cation (cf. Fig. 2) proved to be rather stable across differing

situations. This is thanks to the radiometric normalization ap-
plied to the optical data prior to classi cation. As a consequence,
values of the spectral bands and derivative features (i.e., NDVI,
brightness, and standard deviation of brightness) become more
comparable from scene to scene [111]. Moreover, it is worth
mentioning that the NDVI itself represents a quite stable feature
because of its formulation as a ratio. The two maps of Rostock,
produced using QuickBird and RapidEye data as multi-spec-
tral input (cf. Figs. 4, 5), are exemplary for the method’s capa-
bility to cope with phenological differences. In addition, the me-
dian accuracies and values of all maps substantiate that the
method generally supports the joint use of optical and LiDAR
data having somewhat smaller or larger GSDs than the data for
which it was originally developed for.
Some of the distinct amenities of the feature extraction work-
ow are due to its general concept and its implementation within

an OBIA environment. To foster the reproducibility and trans-
ferability of the ruleset, the compilation of complex class de-
scriptions is avoided. For this reason, use and reuse is made
only of a few basic image object features to perform classi -
cation. Moreover, the presented decision tree is deliberately de-
signed to rst split the created image segments into elevated
and ground objects using the LiDAR nDSM. This is because
height and height-related features (like slope) have a very high
power of discrimination and are therefore well-suited to make
a rst and accurate differentiation between urban land cover

objects without the risk of causing fundamental classi cation
errors that may propagate through the remaining structure of
the decision tree. Hence, these attributes and their speci c role
in the mapping scheme were carefully selected during ruleset
development. After analyzing the results for three entire study
areas and four different sets of input data, it was also found that
the LiDAR features and thresholds used are broadly applicable.
In other words, the values chosen to accurately detect elevated
objects (nDSM) and building seeds (nDSM slope) did not have
to be altered at all and proved to be robust.
Finally, conducive to robustness is also that optical input data

are not required to be of high spectral resolution. Instead, the
four spectral bands (blue, green, red, NIR) commonly supported
by most of the sensors with increased spatial resolution [32]
suf ce for the method to work. This is because only two spec-
tral features are employed for classi cation. Amongst them are
brightness, which is computed here as the average re ectance
of the blue, green, red, and NIR bands within a multi-spectral
dataset, and the NDVI. Therefore, no matter if a given optical
image has four (QuickBird), ve (RapidEye) or eight (World-
View-2) spectral bands, the brightness values calculated by the
proposed method stay comparable. Further strengths of the ap-
proach are thanks to the opportunities offered by OBIA. Among
others, OBIA enables the creation of modular-structured rule-
sets [106] that, as opposed to traditional classi ers, allow users
to easily pinpoint and correct potential issues of performance
and/or robustness. In addition, OBIA is well-suited to transfer
and apply developed rulesets to vast amounts of HSR imagery
[10] without the need for training data and, thus, ful lls an es-
sential requirement for large-area mapping and monitoring of
urban environments.
2) Limitations: Considering methodological transferability,

one potential limitation of the proposed method is that it does
not work fully-, but semi-automatic. An initial setup of the
ruleset, including the de nition of the MMU and the speci -
cation of thresholds for tree and building heights, brightness,
and NDVI, has always to be carried out prior to its application.
Depending on the properties of the multi-spectral and LiDAR
input data, a number of further modi cations may have to be
made. In this context, most crucial is the quality of the available
LiDAR imagery. As pointed out earlier, the mapping scheme
strongly relies on tree canopy height information. However, if
a LiDAR acquisition took place prior to leaf emergence, these
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information are not contained in the nal LiDAR dataset and,
thus, may have to be compensated for by alternative classi-
cation rules and features. For example, almost 30 changes

to the developed ruleset were necessary to extract urban land
cover for the City of Erfurt. Most of these changes were due to
incomplete or entirely missing tree canopy height information.
As opposed to this, only few ruleset adaptations ( 10) were
suf cient to obtain the maps of Rostock (RapidEye) and San
Francisco (WorldView-2), both of which are almost as accurate
as the map of Rostock (QuickBird). Therefore, and in general,
the additional expenditure of human labor and time needed
to produce further land cover maps that are of comparable
accuracy is considered to be reasonable.

VII. CONCLUSIONS

Detailed urban land cover is an important source of infor-
mation for a large number of research elds and practical ap-
plications. However, despite the increasing availability of HSR
multi-source geospatial data, it still lacks in many urban areas.
The methodological challenge of turning the wealth of geospa-
tial data into accurate thematic information is one of the main
reasons for this observation. As a consequence, suitable data fu-
sion techniques still need to be developed and rigorously tested
for their performance and reliability.
The present study aimed at addressing this need by describing

and demonstrating a simple, but effective OBIA approach to
extract urban land cover from HSR multi-spectral and LiDAR
data. Particular emphasis was put on the evaluation of the
methodology with regard to its generalization capabilities
across varying situations. For this purpose, the experimental
setup of this work included three urban areas with different
physical structures, four sets of optical and LiDAR input data,
as well as statistical measures to enable the assessment of both
mapping accuracies and methodological transferability.
The results of this investigation highlight the great potential

of the developed approach for accurate and robust urban land
cover mapping. The observed user’s and producer’s accuracies
are almost consistently above 80%, in many cases even above
90%. Few larger class-speci c errors occur mainly because of
the simple assumptions and descriptions on which the ruleset
is based. Still, the overall performance of the latter is high, as
re ected by the median accuracies of all maps and classes.
From the reported validation statistics, as well as from its

qualitative evaluation, it is found that the presented feature ex-
traction work ow is able to successfully
• capture the property of different urban areas,
• integrate various sets of optical and LiDAR inputs,
• deal with changes in illumination and phenology, and
• process vast amounts of HSR data.

Thus, the method ful lls some of the essential requirements for
detailed, transferable, and large-area mapping and monitoring
of urban environments by exploiting the synergistic potential
between those HSR multi-sensor Earth observation data that
are becoming increasingly available. The proposed classi ca-
tion scheme can therefore be used as a template or starting point
in the framework of future urban land cover mapping efforts.
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I. INTRODUCTION

T HE Data Fusion Contest has been annually organized by
the Data Fusion Technical Committee [1] of the IEEE

Geoscience and Remote Sensing Society (GRSS) since 2006
[2]–[6]. It is open not only to IEEE members, but to everyone,
with the aim of developing new or evaluating existing method-
ologies at the research or operational level to solve remote
sensing problems using data from different sources. It has
earned international reputation for providing high-quality data
and promoting the cutting-edge research of remote sensing
image processing and analysis.
The 2012 Contest was designed to investigate the potential

use of very high spatial resolution (VHR) multi-modal/multi-
temporal image fusion for various remote sensing applications.
Three different types of data sets, including spaceborne multi-
spectral (i.e., QuickBird and WorldView-2) and synthetic aper-
ture radar (SAR) data (i.e., TerraSAR-X), and airborne (LiDAR)
data, were provided by DigitalGlobe, Astrium Services, and the
United States Geological Survey (USGS).
Fusion of multi-source images and data is considered to be

the ultimate solution for optimized information exploitation in
remote sensing [7]. Passive optical sensors have been widely
employed to map horizontal structures like land cover (LC)
types at broad scales. SAR complements optical imaging capa-
bilities because of the minimum constraints on time-of-day and
atmospheric conditions, and because of the unique responses
of terrain and man-made targets to radar frequencies. Airborne
LiDAR can provide highly accurate sample measurements
(single pulse, multiple pulses, or even full waveform) of ver-
tical structures, but it is currently limited by the high cost of
acquisition. Thus, fusion of optical/SAR/LiDAR data can offer
additional information for various applications, such as LC
mapping [5], forest-related studies [8]–[12], oil slick detection
and characterization [13], and accurate digital surface model
(DSM) and digital elevation model (DEM) generation [7].
More recently, due to its increased availability, hyperspectral
imagery and its fusion with LiDAR data have been of great
interest for practical applications [14]–[20].
The data sets distributed during the Contest were acquired

over the downtown San Francisco area, covering a number of
large buildings, skyscrapers, commercial and industrial struc-
tures, a mixture of community parks and private housing, as
well as highways and bridges. The composition of the optical,
SAR, and LiDAR data sets is shown for a small subset in Fig. 1.
As listed in Table I, the QuickBird/WorldView-2/TerraSAR-X
data sets were acquired in late 2007 and 2011, while the LiDAR

1939-1404/$31.00 © 2013 IEEE
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Fig. 1. Composition of the optical, SAR, and LiDAR data sets over the downtown San Francisco area.

TABLE I
SENSORS AND ACQUISITION DATES FOR THE IMAGES

DISTRIBUTED DURING THE CONTEST

data were collected in June 2010. Three products were derived
from the raw LiDAR data in advance, including a DEM, a DSM
and an intensity image. For this purpose, the LP360 software for
ArcGIS was used. The DEM was created by triangulating ele-
vation only from the bare-earth LiDAR points, while the DSM
was created by triangulating elevation only from the rst-return
LiDAR points. And nally, the intensity layer was generated by
triangulating intensity from the rst-return LiDAR points.
More than 1150 researchers across the globe registered to the

Contest, corresponding to an increase of more than 51% over the
previous year. The data sets were downloaded by practitioners
from 78 different countries, with a large number from devel-
oping and underdeveloped countries. This clearly demonstrates
that the Data Fusion Contest is of great interest to the Earth ob-
servation research and application community.
To enter the Contest, each participant was asked to submit

a paper describing the problem addressed, the method used,
and the nal results. Several interesting contributions were
received, the large majority of which investigated the fusion
problem for urban LC classi cation and change detection,
followed by image pansharpening. Other topics included au-
tomated road extraction, moving object detection, urban tree
inventory, and image superresolution, demonstrating the large
variety of applications that multi-modal/multi-temporal remote
sensing images can offer.
After rigorous review by the Data Fusion Award Committee,

three winning papers were selected, and their authors were
awarded IEEE GRSS Certi cates of Appreciation during the
2012 IEEE International Geoscience and Remote Sensing
Symposium (IGARSS) held in Munich, Germany.
In the remainder of this paper, the contributions proposed

by the three winning teams are described in detail. Speci -
cally, Section II presents the work of C. Berger, M. Voltersen,

R. Eckardt, J. Eberle, T. Heyer, N. Salepci, S. Hese, and
C. Schmullius, from the Friedrich-Schiller-University of Jena,
Germany, who fused WorldView-2 and LiDAR data to derive
a new metric for the assessment of urban density (UD) by
taking into account both horizontal and vertical characteristics
of a city. In Section III, a simulation-based method to jointly
use TerraSAR-X and LiDAR data for image interpretation and
change detection in dense urban areas is proposed by J. Tao,
S. Auer, and R. Bamler from the German Aerospace Center
and Technische Universität München, Germany. Section IV
illustrates the research of K. Ewald and A. Buswell from
Ball Aerospace and Technologies Corp., M. Gartley from the
Rochester Institute of Technology, and J. Jacobson from the
National Air and Space Intelligence Center, United States,
on a technique using radiosity methods to improve surface
re ectance retrievals from WorldView-2 data in complex
illumination environments. Finally, the conclusions and per-
spectives drawn from this Contest are presented and discussed
in Section V.

II. FUSION OF MULTI-SPECTRAL AND LIDAR DATA FOR AN
INTEGRATED ASSESSMENT OF URBAN DENSITY (UD)

This section aims at the derivation of a new indicator to as-
sess UD (de ned here as the intensity of urban development)
that takes into account all three spatial dimensions of a city. In
fact, the presence of building objects adds a third dimension to
be considered among the environmental relationships found in
urban areas. Thus, urban environmental studies should rely on
information sources that account not only for the horizontal di-
mensions, but also for the vertical dimension of a city to enable
a more holistic assessment of the builtscape [21].
To assess UD, a variety of spatial indicators has been used in

the past. In general, these indicators can be subdivided into two
groups: (i) two-dimensional (2D), and (ii) three-dimensional
(3D) indicators. While 2D indicators measure the percentage
of speci c urban LC classes within a prede ned area of interest
(AOI), 3D indicators quantify information related to the height
or volume of objects belonging to speci c urban LC classes
within the AOI. To calculate the 2D indicators, a priori infor-
mation about urban LC is required. In addition to urban LC,
3D indicators do also require information about the height of
urban LC objects. The AOI used to infer those indicators can
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be a single pixel, a grid cell, or a moving window (kernel) sum-
marizing groups of classi ed pixels [22], [23], but can also be a
circle of a certain radius around speci c urban LC objects [24]
or an administrative area like a zoning district, tax parcel or a
land lot [25], [26]. If the AOI is a single pixel (2D indicators
only), the indicator is computed by analyzing the proportion of
speci c urban LC classes at the sub-pixel level using spectral
unmixing techniques [27]–[31].
A common 2D indicator of UD is the impervious surface area

(ISA), also known under various other names [22], [23], [27],
[28], [32]. Often provided as percentage [27]–[30], [33], the ISA
is de ned as the share of impervious surfaces within an AOI.
A similar 2D indicator is the building coverage ratio (BCR)
[25], [26], [34], [35]. As bare soil areas usually do not cover
more than 5% of a city, the abundance of impervious surfaces is
found to be inversely related to the abundance of urban vegeta-
tion [31], [36]. For this reason, it is also possible to describe UD
by the intensity of urban greenery. In this regard, a widely used
2D indicator is the vegetation fraction (VF) [37]–[40]. VF eval-
uates the percentage of urban green within an AOI. Schöpfer et
al. [41] extended the VF by introducing additional criteria and
weighting factors to its calculation. As a result, VF values de-
pend not only on the amount of urban vegetation, but also on
the percentage of high-rise buildings and the distance between
buildings found within the AOI.
Only few 3D indicators of UD can be found in the scienti c

literature. Among them, the oor area ratio (FAR) has been dis-
cussed in [25], [26], [35]. It represents the ratio of the gross oor
area of one or more buildings within an AOI and the total area
of the AOI. For its estimation, a constant value representing the
average height of one story of all buildings under considera-
tion has to be speci ed. Another 3D indicator is the vegetation
volume to built-up volume (VV2BV) [24], which describes the
relation between the cubic volume of high vegetation and the
cubature of buildings within an AOI. The VV2BV was devel-
oped to better characterize the living quality in cities. A further
3D indicator related to vegetation is the green plot ratio (GPR)
[42]. It is de ned as the average leaf area index (LAI) of urban
greenery within the AOI. For example, a site with a GPR of 2:1
features vegetation that has a total canopy cover twice that of
the site. Because the LAI measures the area of leaves per area of
ground, the concept behind the GPR takes into account the area
that is covered by multiple, vertically-arranged canopy layers
within the AOI.
The above selection of studies shows that various spatial in-

dicators of UD have been proposed and used so far. However,
it has to be kept in mind that each of these indicators considers
different and distinct characteristics of human settlements and,
thus, addresses only speci c aspects of UD. Consequently, there
is a lack of comprehensive indicators that are able to inter-
relate existing and possibly new spatial indicators for a more
holistic assessment of density patterns in urban environments.
An exception to this observation are the Spacematrix and the
urban vegetation index (UVI). The Spacematrix is a 3D feature
space to describe UD within an AOI [34]. This feature space
is spanned by the indicators road network density (N), FAR,
and BCR [34], and was successfully used to investigate the rela-
tion between traf c noise and UD [35]. The UVI represents the

Fig. 2. Conceptual work ow for the assessment of urban density.

weighted sum of two ratios, namely the VV2BV and the vege-
tation area to built-up area ratio, and was recently employed for
an improved assessment of both urban green spaces and urban
quality of life [24]. Apart from these exceptions, there is still
a need for integrated approaches making use of a combination
of 2D and 3D indicators to estimate UD in its entirety. In the
following subsections, this need is addressed by a combined in-
dicator that takes into account four different key features of the
urban landscape.

A. Proposed Method

The overall work ow of this study consists of three consec-
utive steps: (i) data preparation, (ii) LC mapping, and (iii) UD
mapping. Fig. 2 illustrates the role of the data sets being used
in the context of each stage of the data fusion approach. After
data preparation, LC is extracted from the preprocessed World-
View-2 and LiDAR data by means of feature fusion [43]. The
LC map is then utilized in combination with the object height
information provided by the LiDAR data to infer UD.
1) Data Preparation: Preprocessing of the WorldView-2

imagery comprises three separate steps: (i) radiometric nor-
malization using ATCOR [44], (ii) pansharpening using the
high-pass lter (HPF) fusion [45], and (iii) co-registration to
the LiDAR data using more than 20 well-distributed ground
control points (GCPs) and the DEM. A normalized digital
surface model (nDSM) is calculated from the LiDAR data by
subtracting the DEM from the DSM. It contains the height of
urban objects relative to the ground. With respect to the LC
classi cation, additional features are derived from the input
data. Amongst those features are the average re ectance of the
blue, green, red, and the rst near-infrared (NIR) WorldView-2
bands, the normalized difference vegetation index (NDVI)
[46] and the slope (in percent) of the nDSM [47]. The latter is
useful for identifying transitions between at areas and elevated
objects (e.g., trees or buildings) [48].
2) Extraction of Land Cover (LC) Information: Six LC

classes are extracted from the data basis: buildings, impervious
surfaces, trees, grass/shrubs, bare soil areas and water bodies.
For this purpose, an object-based image analysis (OBIA)
approach [49]–[51] is employed for its advantages over tra-
ditional, pixel-based classi cation techniques with respect
to feature extraction from VHR multi-source imagery [49],
[52]–[56]. A complete description and evaluation of the method
(implemented in Trimble eCognition), including a discussion
on its robustness with regard to four different multi-spectral
and LiDAR input data sets acquired over three urban areas, is
provided in Berger et al. [57].
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Fig. 3. The land cover mapping scheme applied to the image objects.

As a rst step, a number of segmentation algorithms is ap-
plied to the input data. Subsequently, a rule-based classi cation
of the resulting objects is performed following the scheme in
Fig. 3. The numbers at each node of the decision tree indicate
the features that are used for class separation. As an example,
the tree canopy class is considered. Image segments are rst di-
vided into elevated and non-elevated objects using the LiDAR
nDSM. To this end, an adjustable object height value serves as
threshold for classi cation. Afterwards, elevated objects are re-
classi ed as tree canopy if they feature a relatively high NDVI.
Finally, the resulting tree canopy objects are used as seeds which
are grown into adjacent pixels belonging to the elevated class
if the latter have similar, but not necessarily as distinct, NDVI
and brightness characteristics as the former. In a way similar
to the tree canopy class, these so-called pixel-based object re-
sizing operations [58] are also used to grow and/or shrink ob-
jects of other LC types. After the extraction of the six target
classes, some reshaping algorithms are applied to the thematic
objects for the purpose of border optimization. For instance,
building footprints are generalized by calculating a morpholog-
ical parameter called surface tension [58] and evaluating the re-
sult against a prede ned criterion of compactness. In this way,
the original object primitives are successively transformed into
more meaningful objects of interest that better correspond to
the visual perception of humans [49], [59]–[61]. Finally, all re-
maining shadow objects are reassigned to the class with which
they share the largest relative common border.
To assess mapping accuracy, two data sources are used. The

building class is validated using the building footprints provided
by the City of San Francisco [62], whereas the remaining LC
types are validated using the panchromatic WorldView-2 band.
A random sampling design is chosen for validation comprising
50 sample points per LC class to assess overall accuracy, errors
of commission and omission, as well as the kappa coef cient of
agreement [63], [64].
3) Derivation of Urban Density (UD) Information: UD

values are calculated for each single building (referred to as
active building) in the LC map and within a prede ned radius
(i.e., the AOI) around the centroid of the respective building.
They are the result of a logical combination of four parameters
quantifying (i) vertical development, (ii) urban vegetation,
(iii) soil sealing, and (iv) the clustering of urban structures
within the AOI (Fig. 4). Since each of these input variables

Fig. 4. The four input parameters used to infer urban density.

evaluates a different and distinct aspect of the builtscape [21],
the resulting information layer enables an integrated and more
holistic assessment of local UD patterns.
The parameters used to assess UD are the inverted oor area

ratio (iFAR), VF, ISA and building aggregation (BA):
• iFAR describes the ratio between the footprint and the gross

oor area of an active building [25], [26], [35]. It ranges
between 0 and 1. UD decreases with higher values of iFAR.

• VF describes the urban green area ratio within the AOI
[37]–[40]. It ranges between 0 and 1. UD decreases with
higher values of VF.

• ISA describes the degree of soil sealing within the AOI
[27]–[30], [33]. It ranges between 0 and 1. UD increases
with higher values of ISA.

• BA describes the arrangement and compactness of build-
ings within the AOI. For the calculation of BA, the median
building distances as well as the median iFAR values of all
buildings within the AOI are used. BA is normalized be-
tween 0 and 1 to match its values to the range of other input
parameters. UD increases with higher values of BA.

Finally, UD represents an example for describing the inten-
sity of urban development in its entirety, i.e., with regard to hor-
izontal and vertical settlement characteristics. It is obtained by
linking/integrating the above selected indicators as depicted in
Fig. 4. The index is designed in a way that the individual and
unique contributions coming from its inputs are mutually rein-
forced. That is why UD is formulated as the difference between
two terms. The left term of the expression is proportional to UD
and increases if BA and/or ISA increase, whereas the right term
of the expression is inversely proportional to UD and increases
if VF and/or iFAR increase. Given the dynamic range of its input
parameters, UD ranges between 2 and +2 (from low to high
intensity of urban development).

B. Results and Discussion

The resulting LC map is shown in Fig. 5. An overall area
of about 30 km has been classi ed. Since the study area is
close to downtown San Francisco, the largest areal coverage is
observed for sealed surfaces (43.2%) and buildings (20.6%).
Together with the small coverage of the vegetation classes
(7.9%), this is a rst indicator of the high overall degree of
UD found in the area. The user’s and producer’s accuracies of
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Fig. 5. Land cover map of the study area in San Francisco.

the LC map are consistently above 80.0%, and in many cases
even above 90.0%. Smaller errors of commission and omission
mainly occur because of the rather simple classi cation rules
applied to the image objects (see Fig. 3). Examples are the
misclassi cation of very high bridges as buildings (instead of
impervious) or the confusion between bare soil areas and sealed
surfaces [27], [28], [65]–[69]. Apart from these classi cation
errors, the overall accuracy of the LC map is 88.0% and the
kappa coef cient amounts to 0.86.
The UD map derived for the study area is shown in Fig. 6.

More than 5,000 buildings have been attributed with UD values.
While high UD values are indicated by red color, medium, mod-
erate and low UD values are expressed by orange, yellow and
green tones, respectively. The AOI used for the calculation of
UD corresponds to a radius of 250 m around the centroid of
each building object. To compute the area of individual oors
of a single building (i.e., to calculate iFAR), a mean oor height
of 2.8 m is assumed [25]. The largest patch featuring high to
medium UD values (up to +1.9) is located in the north of the
scene. Three smaller UD hot spots are distributed across the
rest of the area. Moderate to low UD values (as low as 1.0)
are found in the western, southern and south-eastern regions of
the map. In the north, the high degree of horizontal and vertical
development (ISA and iFAR) paired with the large number of
buildings (BA) and the small urban green area ratio (VF) lead
to the largest UD values for the entire scene, whereas these con-
ditions are inverted for the western, southern and south-eastern
regions of the map leading to the smallest UD values.
To further investigate the validity of the UD map, UD box

plots for and locations of six selected land use (LU) types [70]
are presented in Fig. 7. Since the radius of the AOI used is 250
m, LU polygons that are closer than 250 m to the edge of the
study area are excluded from the analysis to obtain error-free
UD statistics. A comparison of the median values (red dashes)
for each LU class suggests that UD is able to consistently re-
produce the increasing degree of urban development that can
be expected in dependence of the LU type considered. While
the median UD is low for the residential classes (RM, RH), UD
steadily rises with actual settlement density in industrial areas
(PDR) until it reaches its peak for the downtown classes in the

Fig. 6. Urban density map of the study area in San Francisco.

north of the scene (DR, SM, DC). Besides these trends of urban
densi cation, Fig. 7 also shows that UD values are generally
high (between 0.2 and 1.9) for all LU classes and no negative
values occur at all. This is in good agreement with the fact that
the study area covers a central part of San Francisco. In conclu-
sion, these ndings underline the validity and suitability of the
proposed UD metric as a useful measure to assess density pat-
terns in urban environments. To increase the transparency of this
contribution to the Data Fusion Contest, a dedicated geoportal
was set up that visualizes all input data, nal results, by-prod-
ucts, as well as additional information layers [71].

III. COMBINATION OF LIDAR AND SAR DATA WITH
SIMULATION TECHNIQUES FOR IMAGE INTERPRETATION

AND CHANGE DETECTION

The visual interpretation of SAR images is dif cult due to
distortion effects related to the SAR imaging concept, whereas
the detection of changes may be hampered by missing pre-event
SAR data, different SAR acquisition con gurations (especially
changes of the incidence angle), and revisit time related to sub-
sequent SAR acquisitions.
For SAR image interpretation, raw data simulators [72] and

imaging simulators [73]–[76] have been developed. Raw data
simulators focus on radiometric correctness and consider dielec-
tric properties and roughness parameters of building materials
for the radiometric interpretation [77]. SAR imaging simulators
concentrate primarily on geometric correctness when using de-
tailed building CAD-models with simpli ed surface material in-
formation as input. A detailed overview of different concepts for
SAR simulation is given in [78]. So far, none of the simulators
reported in the literature enables to provide geocoded simulated
image for direct comparison with real SAR data. First attempts
in the application of simulation techniques for damage assess-
ment using high resolution SAR data are presented in [79] and
are based on building parameters extracted manually from op-
tical images. So far, LiDAR data have not been included in SAR
simulation applications in a practicable and productive way.
The use of multi-temporal medium-high spatial resolution

SAR data has been discussed in [80], [81] for unsupervised
change detection methods. For very high spatial resolution SAR
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Fig. 7. Urban density box plots for the six selected land use types [70].

images, e.g., TerraSAR-X or COSMO-SkyMed, feature based
change detection methods have been proposed in [82], [83]. One
condition of all these multi-temporal analysis is that the im-
ages should be acquired with the same viewing con guration,
in order to avoid high rate of false alarms in the nal change
detection result.

A. Proposed Method

This section provides the details in three major steps: (i) in-
terpret TerraSAR-X images of a dense urban area, (ii) detect
changes between LiDAR data and TerraSAR-X data, and (iii)
support an object-based multi-temporal SAR change analysis
focusing on façade regularities:
1) Automatic Interpretation of SAR Images Based on Simu-

lation Techniques: The TerraSAR-X product is rst projected
to a plane with constant height (frame mean height) on the
WGS84 ellipsoid. The LiDAR image is converted to a DSM
in the WGS-84 coordinate system with ellipsoidal heights.
Finally, a DEM and an nDSM are generated from the DSM
using the method described in [84]. Successfully, the SAR
simulator RaySAR [85] is used to generate a simulated SAR
image of the LiDAR DSM. Thereafter, the geoinformation of
the DSM as well as the orbit and projection parameters of the
real SAR image are used to geocode the simulated image. The
generation and geocoding of the simulated SAR image using
a DSM is detailed in [86]. Finally, the simulated signals of
re ection levels 1 and 2 are combined into one image or are
assigned to separate image layers [85] for the DSM, DEM,
and nDSM, respectively. The simulated images are: image A
(double re ections from DSM) and images B, C, and D (sum of
all re ection levels for DSM, DEM and nDSM, respectively).
Successively, the images are combined to generate ve image
layers:
• double re ection (A > 0)
• layover (D > 0)
• shadow (B = 0 & C> 0)
• background (B = 0 & C = 0)
• ground (B > 0 & A= 0 & D= 0)

The layer generation ow-chart is illustrated in Fig. 8.
2) Change Detection Between LiDAR and SAR Data: as the

simulated images and the real SAR images are geocoded, they
can be directly compared. As the focus of the simulation algo-
rithm is on geometrical correctness, no comparison is carried out

Fig. 8. Simulation of separate layers: from the elevation models (left), four
simulated images are generated (center); the combination of them yields ve
image layers (right).

between simulated and real intensities. Instead, the geometric
information provided by the simulated images is used, espe-
cially in the shadow and ground layers. If there is no change
within the scene between the LiDAR and SAR acquisition dates,
SAR image pixels in the shadow and ground layers should be
mainly characterized by low intensity. Following this assump-
tion, a pixel based algorithm is performed to detect positive
changes of large extent in shadow and ground layers. To this
end, an intensity threshold is determined by a statistical analysis
of the SAR image for each layer. All pixels in the corresponding
layer in the SAR image with intensities higher than the threshold
value are considered as candidates of positive changes and will
form regions in terms of changes of signi cant extent (see [87]
for a detailed description).
3) Object Based Change Detection Between Two SAR Im-

ages With Support of LiDAR Data Simulation: In addition to
the pixel based change detection between LiDAR and SAR data,
simulation techniques that enable an object based change detec-
tion between two SAR images are also investigated.
For the extraction and simulation of single buildings and

single walls, isolated parts in the nDSM exceeding a size
threshold of 1500 pixels are selected as building of interest
(see example in Fig. 9(a)). Similarly to the procedure de-
scribed previously, three image layers can be generated for
each building: layover, double bounce and shadow. As the
analysis aims at individual façades, every building model
is decomposed into separate wall segments. First, gradient
magnitude (Fig. 9(b)) and gradient direction (Fig. 9(c)) maps
are calculated and are convolved with a median lter. Second,
a height threshold value is calculated in the neighborhood of
the pixel with the highest gradient magnitude, using the mean



1330 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 6, NO. 3, JUNE 2013

Fig. 9. Separation of building walls (DSM parts) for an individual building:
(a) building extent in DSM, (b) gradient magnitude map, (c) gradient direc-
tion map, (d) building model after applying the height threshold, (e) separated
building boundary segments, (f) extracted wall segments, different colors indi-
cate different wall masks.

value of the maximal and minimal height. Third, after applying
the height threshold (Fig. 9(d)), the building boundaries (with
width of 1 pixel) are generated and separated according to the
corresponding gradient direction values. Fourth, the separated
boundary segments (Fig. 9(e)) are enlarged using the infor-
mation of the neighborhood geometry and similar gradient
direction, which yields separate wall masks (Fig. 9(f)). Finally,
the simulation of the wall models provides the respective
wall layover masks. A gradient direction difference is used
as a threshold for separating the boundary in the third step.
Low values lead to oversegmentation, for high values several
building wall segments may be considered as one wall segment
in the result. The suggested value is 30 degrees, which works
for most of the rectangular buildings.
Regarding the façade characterization, SAR pixels located

within the wall layover masks are extracted for identifying
signature patterns. Dominant signatures in the layover area
are likely to be related to façade structures, e.g., re ections
at window corners [85]. Point signatures representing façades
with regular structures tend to be distributed in range and wall
direction, indicating the windows arrangement in vertical and
horizontal direction, respectively. The analysis of the pattern
topology may help convert pixel-based to object-based rep-
resentations for identifying changes. Initial attempts in this
direction are indicated as follows. First, the local maxima of
the SAR amplitude image are extracted in the layover area
(set of point signatures). Then, a weighted Hough transform,
which emphasizes pixels identi ed as local maxima, is used
to identify linear organized signatures (along the orientation
direction of the façade and in range direction; see [88] for

Fig. 10. Interpretation of SAR image in dense urban area: (a) individual
building models; (b) simulated layover areas and (c) layover contours imposed
on TerraSAR-X image. Different colors indicate different building models in
the images.

further details). An object based representation of layover areas
may be of great importance, because SAR images captured
from different imaging geometries become comparable by
analyzing differences of the pattern topology (for positive and
negative changes).

B. Results and Discussion
In order to assess the functionality of the proposed approach,

the SAR simulation is combined with the LiDAR data and two
TerraSAR-X images on a dense area with tall buildings in the
northern part of the scene for SAR image interpretation and
façade pattern recognition, and on the harbor area for change
detection between LiDAR and SAR data.
In the rst experiment, 203 building models with more than

1500 pixels are extracted from the DSM. As an example, ve
building models are shown in Fig. 10(a). The contours of the
corresponding simulated layover, overlapped on the geocoded
TerraSAR-X image, are depicted in Fig. 10(c). Different colors
indicate different building models. The red model is the same
building model as shown in Fig. 9. Parts of its layover area are
overlapped with signal responses from the green and blue build-
ings. It is clearly seen which layover parts and, hence, signature
patterns can be assigned exclusively to the red building. This
helps understand why the façade of this red building in the real
SAR image has an abnormal grammar in the overlapped area
(see detailed view in Fig. 13).
For the harbor area, the simulated image, the geocoded Ter-

raSAR-X image, the separate layers, and the detected positive
changes in the shadow and ground layers are shown in Fig. 11.
For a better representation, a rectangular area (visualized by
a yellow frame) is extracted and shown in Fig. 12(a)–(d).
Compared visually to the given LiDAR data (Fig. 12(e)) and
the WorldView-2 image (Fig. 12(f)), the detected positive
change can be con rmed. Due to the speckle effect of the SAR
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Fig. 11. Change detection between LiDAR and TerraSAR-X data:
(a) geocoded simulated image from DSM, (b) geocoded TerraSAR-X
image acquired on October 13, 2011, (c) separate layers (blue: shadow; green:
ground; red: layover; cyan: double bounce; grey: background), (d) detected
positive changes in shadow (blue) and ground (green) layer.

sensor, which is not considered in the simulator, some small
false alarms can be seen in the right upper corner.
As a change detection example, the red building model in

Fig. 10 is chosen in order to analyze the appearance of point
signatures. Among the 11 separated wall parts of the building
model, two are chosen for façade pattern analysis according
to their length and gradient direction (with respect to the SAR
range direction). Fig. 13 shows the TerraSAR-X image and
the imposed set of linearly organized signatures for the two
image acquisition dates. Signature patterns extracted from
layover areas provide the following information: the regularity
of the pattern gives strong hints for the existence of buildings;
distances between point signatures indicate distances between
windows and oor heights; the number of oors and window
columns can be counted in order to characterize the building
topology. Although the signatures in the two TerraSAR-X
images are not exactly the same, the topology of the pertinent
patterns gives a strong hint that no signi cant changes are
present.

IV. RADIOSITY TECHNIQUE FOR REFLECTANCE RETRIEVAL IN
COMPLEX ILLUMINATION ENVIRONMENTS

Remote sensing exploitation using spectral sensors in the vis-
ible through shortwave infrared relies on the ability to determine
the re ectance of surface materials. Atmospheric compensation
methods calculate the solar illumination, both direct from the
sun and indirect from scattered sunlight. However, many targets

Fig. 12. Change detection between LiDAR and TerraSAR-X data (zoom in
to rectangle marked area in Fig. 11), (a)–(d) images corresponding to those of
Fig. 11, (e) LiDAR DSM with marked change, (f) WorldView-2 image showing
a new building (marked in red).

Fig. 13. Extracted signature pattern for the red building model in Fig. 10.
Building layover in SAR image imposed with detected Hough lines. Red
points: local intensity maxima. Acquisition dates: December 16, 2007 (upper
two images), October 13, 2011 (lower two images).

of interest are in complex illumination environments where the
surface is in shadows and, even in sunlit areas, nearby objects
can block some of the downwelling sky radiance. In addition,
the nearby objects such as building walls or trees may re ect
radiation, providing their own source of illumination onto the
target of interest. Current atmospheric compensation algorithms
do not account for these illumination conditions that are more
complex than a clear, hemispherical sky overhead for an object
parallel to at ground.
Many spectral processing techniques require an accurate re-

trieval of the surface re ectance from the measured radiance
data. Somematerial detection techniques, in particular, compare
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the retrieved re ectance to re ectance spectra from a spectral
library [89]. To obtain a better estimate of surface re ectance,
more accurate estimates of the illumination on the surface is
needed. In addition, retrieval of material re ectance in shadow
regions depends solely on the indirect illumination from down-
welling scattered radiance and re ections from nearby surfaces.
This section presents a radiosity-based method to improve

re ectance retrieval under complex illumination conditions by
taking into account surface tilt, solar obscuration, and surface
to surface interaction within the scene. The background and im-
plementation of the radiosity method to solve for surface re-
ectivity is discussed in [90]. Improvements to re ectance re-

trieval are shown through application of the radiosity technique
to multi-spectral WorldView-2 data.

A. Proposed Method
Radiosity was rst used to analyze heat transfer between

surfaces [91]. While computationally intensive, the technique
provided methods for computing radiant interchange between
surfaces for many different applications. Computer graphics
began to use radiosity as a way to calculate realistic looking
scenes under speci ed lighting conditions. As computational
capabilities have increased, radiosity has become a more ca-
pable method to create simulated scenes that are physically
accurate.
The radiosity approach uses the energy balance of the sur-

faces in a scene to create a system of equations to solve for il-
lumination [92]. Radiosity, which is equivalent to the radiant
exitance, is related to the radiance of a surface by:

(1)

where is the outgoing radiance at a point de ned by
the location in the direction de ned by and . For ideal dif-
fuse surfaces, the outgoing radiance is a function of the position
and the radiosity can be simpli ed to:

(2)

The general global illumination equation describes the energy
equilibrium for a set of radiating surfaces where the radiance
leaving point in direction is given by:

(3)

where the rst term, , is the emitted radiance in the direction
at point , and the integral term is the re ected radiance

due to light incident at from all other directions in the hemi-
sphere with the bidirectional re ectance distribution function
of the surface at point given by .
Using the de nition of radiosity and discretizing the problem

leads to the discrete radiosity equation [93]–[95] which is:

(4)

where is the emitted radiance for a small patch (set to zero
for visible through shortwave infrared wavelengths), is the

diffuse re ectance at patch (unknown to be solved for), is
the form factor giving the solid angle subtended by the patch
onto patch (solved for using scene geometry), is the ra-

diosity of patch (retrieved from sensor data), and is the total
number of surfaces in the scene (obtained during scene and sky
facetization).
The discrete radiosity equation solves for radiosity given a

surface’s known re ectivity and illumination. The problem in
remote sensing is to solve the inverse problem: given a scene
with known radiosity of each surface, solve for the surface illu-
mination to estimate re ectivity. This procedure is known as the
inverse global illumination [91]. Equation (4) can be rearranged
to solve for re ectivity. Setting the emitted radiance to zero, we
obtain the radiosity equation for re ective surfaces:

(5)

This is equivalent to the ratio of the outgoing radiance to the
incoming radiance . To use the radiosity equation to
estimate surface re ectance, a 3-dimensional model of the scene
needs to be developed to determine which surfaces see each
other and to calculate the form factors, . This is achieved
by dividing the geometry into discrete facets including both the
objects in the scene as well as the hemispherical skydome. The
discrete facets in the 3-dimensional model are generated using
both the geometry of the scene and the measured radiance to
obtain surface facets with near uniform radiance. In addition, the
geometric model can be used to determine which sections of the
sky illuminate each facet through the form factor calculation.
The illumination on each surface can be calculated using the
radiosity equation taking into account the radiance from other
surface and sky facets that are visible from that surface.
In this research, the process to determine the surface re-
ectance using radiosity combines processing the geometry

data from LiDAR and the spectral data. Fig. 14 shows the
process ow.
The rst step in the processing chain is to estimate the

surface-leaving radiance by removing the atmospheric effects
on the collected imagery. During this step, the data is con-
verted from at-sensor radiance to surface-leaving radiance,
which equate to the terms in the radiosity equation. For
radiometrically calibrated spectral data, such as that from
WorldView-2, atmospheric parameters are retrieved using the
radiative transfer code MODTRAN [96]. During this step, path
radiance is estimated and then subtracted from the sensor radi-
ance. The remaining signal is radiance from the target itself that
reaches the sensor. The sensor-to-ground transmission losses
are accounted for by dividing the at sensor target radiance by
a MODTRAN-derived transmission estimate to produce the
signal that would be observed from placing the sensor at the
ground, which equates to the surface leaving radiance.
During the atmospheric retrieval step, MODTRAN is also

used to estimate downwelling radiance at various azimuth and
elevation angles. This allows for an accurate representation of
the directional spectral radiance contributions from the sky.
Fig. 15 shows a true-color composite of an upward-looking
sheye view of the MODTRAN-created skydome radiance,

generated using uniform sampling across the sky.
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Fig. 14. The Radiosity re ectance retrieval work ow uses a series of opera-
tions to estimate re ectance using a 3-d spatial model and radiance data.

Fig. 15. True-color composite of an upward-looking sheye view of the MOD-
TRAN-created skydome radiance, generated using uniform sampling across the
sky.

The directional sky data is interpolated to create a facetized
skydome consisting of approximately 25,000 facets, which
model changes in brightness across the skydome. The use of
a facetized skydome with directional radiance contributions
allows for more accurate illumination prediction in shadow,
where the brightest portion of the sky (nearby the sun) is
generally blocked by raised surface geometry in the scene and
a Lambertian sky assumption would provide incorrect results.
The facetized skydome is modeled at a suf cient distance such
that, when traversing from one spatial location of a scene to
another, the observer’s perspective of the skydome does not
change.
The next step in the processing chain is to facetize the scene

into discrete patches that have uniform radiance and are on the
same surface. An initial scene facetization is created using the
set of XYZ coordinates from the LiDAR point cloud or other

rasterized elevation data. This surface is registered with the ra-
diance data, and then the facets are iteratively divided until each
facet is radiometrically uniform across its surface. This division
breaks the scene into facets that are sunlit or in shadow and min-
imizes any issues that are caused by nonuniform intensity across
the surface as it interacts with other surfaces within the scene.
The pixel to facet map is generated by using the facetized

elevation data and the registered ground-leaving radiance data.
Then, radiosity values are assigned to each facet equal to the av-
erage surface-leaving radiance of pixels within that facet. Each
facet is also tested to determine if it is shaded or in direct solar
illumination. The sun is treated as a point source using the di-
rect solar MODTRAN output term, retrieved during the initial
atmospheric characterization step as the radiant intensity. The
test examines whether the center (x,y,z) location of each facet
either points away from the sun, or is obscured by other objects
in the scene that block the line of sight between the facet’s center
and the solar location. If either test is true, that facet is agged
as being in shadow.
For facets not seen by the sensor, such as the sides of a

building, radiosity is estimated using either the average scene
radiance or separate averages from the visible sun-lit and
shaded facets. Even though a surface may be hidden from the
sensor, it may have a signi cant impact on the illumination of
objects observed within the scene, such as a potential target
of interest in shadow adjacent to a large building. Therefore,
an accurate representation of the unseen surface’s radiosity is
important to estimate.
The last unknown in the radiosity equation is the form

factor between scene facets and other scene/sky facets, . An
OpenGL implementation of the hemi-cube algorithm [97] has
been integrated into the MATLAB code to ef ciently calculate
the form factors between each facet to all the other facets.
The sensor data can then be converted to re ectance by

dividing the retrieved ground-leaving radiance at the pixel
level by the illumination estimate of the pixel’s assigned facet.
The proposed method is validated using scenes generated from
DIRSIG [98].

B. Results and Discussion
The proposed technique is applied to theWorldView-2 image,

as well as co-located LiDAR data on a 128 by 128 pixel subset
that includes a large shadow area as shown in Fig. 16. The
use of a subset of the full data reduced run-times and memory
requirements.
The digital surface model (DSM) generated from the data or-

thorecti ed to a 0.5 m x-y grid is used to create the geometry
model. Fig. 17 shows the DSM of the area processed.
MODTRAN and the WorldView-2 relative spectral response

functions are used to calculate the transmission and path radi-
ance for each band in order to convert the WorldView-2 data to
surface-leaving radiance. Then, an in-scene correction is used
to further re ne the values. The in-scene techniques rely on
the atmospheric effects’ invariability between nearby pixels and
the presence of two pixels of the same material in sunlight and
shade. Within this step, the user manually selects two back-
ground pixels of the same apparent material, one in sun and the
other in shadow. The path radiance and transmission estimates
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Fig. 16. The image subset used for the calculations has a large shadow cast by
the building in the middle of the image.

Fig. 17. A DSMmodel created from the LiDAR data provides the basis for the
geometry model.

are modi ed until the radiosity retrieval for those two pixels
results in the same re ectance being retrieved for both pixels.
The fundamental basis of this approach is the fact that when
the proper atmosphere and scene geometry is applied, the same
re ectance should be obtained for a given material using the ra-
diosity approach, regardless of whether it is sunlit or in shadow.
Lambertian re ectance is assumed for all in-scene surfaces.
Once the data is converted to surface-leaving radiance, the ra-

diosity technique is applied to the WorldView-2 subset selected
for analysis. The facetization of the chip from the LiDAR data
and surface-leaving radiance resulted in 3001 facets. Fig. 18
shows a wire-frame representation of the facets. A pixel to facet
map is then created, which is used to assign radiosity values to
the various scene surfaces, as well as determine the illumination
on a per-pixel basis for the re ectance retrieval.
A re ectance retrieval using the radiosity equation is then

performed. A true-color (RGB bands 5,3,2) composite of
re ectance output obtained by the radiosity process (Fig. 19)
shows the increased detail revealed in the shaded area. Relative
spectral color and intensity of the road matches well between
sunlit and shaded areas, but issues in re ectance retrieval persist
at the shadow edges where pixels may be partially sunlit.
To further demonstrate the improvements, Figs. 20 and 21

show principal component (PC) transforms of the radiance data
and the retrieved re ectance, respectively. The transform of the

Fig. 18. The facetization process creates a new geometry model that accounts
for surface orientation and the measured radiance differences.

Fig. 19. The image subset after applying the radiosity re ectance retrieval
shows detail in the shaded region with structure similar to the adjacent sunlit
region. Edge effects show up as dark pixels on the transitions between sunlit
and shaded areas.

Fig. 20. A color composite from the rst three principle components of the
radiance transform shows the similar materials in the scene. The shaded region
shows up as a different material than the surrounding surfaces.

radiance data shows little detail in the shaded region and ap-
pears as a different material class than the adjacent roads. After
the radiosity re ectance retrieval, the PC transform shows the
shaded region to more closely match the adjacent roads.

V. CONCLUSION

This paper summarized the outcome of the 2012 IEEE GRSS
Data Fusion Contest, including the contributions of the three
winning teams:
1) In Section II, a newmetric to assess urban density that takes

into account all three spatial dimensions of an urban area
was proposed. Due to the 3-dimensional nature of human
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Fig. 21. A color composite from the rst three principle components of the
retrieved re ectance shows improved detail in the shaded region. The area now
appears similar to the adjacent roads rather than a different material.

settlements, urban planning and decision making should be
based on information sources that account for both the hor-
izontal and vertical dimensions of a city to enable an inte-
grated and more holistic assessment of the builtscape [21].
The derived UD map and statistics highlight the validity
and suitability of the proposed metric as a useful measure
to evaluate human settlement density and its distinct spa-
tial patterns for different types of urban LU.

2) Section III illustrated a simulation based method for
image interpretation and change detection, jointly using
LiDAR and SAR data. To this end, the LiDAR data was
decomposed into DSM, DEM, nDSM as well as indi-
vidual building and wall models. Exploiting the simulated
images of all these models, different layers (double re-
ections, layover, shadow, ground and background) are

generated for the whole scene as well as for single build-
ings. Analyzing the TerraSAR-X image in the shadow and
ground layer, positive changes were detected with respect
to the LiDAR data. Analyzing building wall layover in
TerraSAR-X images, signature patterns were identi ed,
serving an object based description of façades. The results
indicated that simulation techniques can support SAR
image interpretation as well as change detection for local
scenes and individual urban objects.

3) In Section IV, the radiosity technique was applied to re-
trieve re ectance for a subset of the WorldView-2 and
LiDAR data. The results showed an improved capability
to characterize shaded regions, demonstrating the utility of
modeling illumination from nearby objects to improve the
results for shaded regions.

As a nal remark on the Contest, even though several different
research topics were investigated by the various teams, none
of the manuscripts exploited the three provided data sets in
full synergy. In fact, the bulk of contributions either used
multi-spectral and LiDAR or SAR and LiDAR data only.
This may demonstrate the great dif culties encountered when
fusing VHR multi-spectral and SAR data or fusing the three
modalities together.
One possible explanation for this is that the information con-

tent in SAR data is typically characterized by three types of
geometric effects, namely layover, shadow, and foreshortening

[99]. These effects are more evident in VHR SAR imagery cov-
ering urban areas because human settlements are characterized
by distinct and very individual 3-dimensional structures that
comprise regularly and irregularly arranged LC objects of dif-
ferent shape, size and/or orientation [100]–[102]. Only when the
viewing direction of the SAR and optical sensor is orthogonal
[103], the fusion of these two data is possible and reasonable.
However, this con guration is not the usual case. In contrast, the
fusion of SAR and LiDAR does not suffer from such problems
as the geometric projection is already considered in the SAR
simulation procedure.
In the context of urbanmappingwith optical and LiDAR data,

the additional information provided by VHR SAR systems (e.g.,
intensity, texture, coherence, etc.) can actually be of little help if
geometric distortions predominate. This is because these effects
hold the potential to hamper nearly every stage of the analysis
task, including precise coregistration of the different data types,
data fusion at different levels, and most importantly, feature ex-
traction and classi cation.
It is also noteworthy that the fusion of all three data sources

is application driven and may not be of interest for all possible
studies. For instance, for the adjoint radiosity processing, SAR
data was not considered as it does not add any useful informa-
tion to improve surface re ectance retrieval.
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Cities have evolved undermanifold geographical, economical, historical, and cultural criteria, resulting in various
sizes and shapes. Each city exhibits individual features and unique characteristics, despite that structural similar-
ities appear. The separation into individual patterns, commonly named urban structure types (USTs), supports
the characterization of physical, functional, and energetic factors of settlement structures, enabling associated en-
vironmental and socio-economic investigations as well as the comparison between the patterns of different cit-
ies. This study presents an automated approach for the classification of USTs based on remote sensing data in
order to analyze the links between settlement structures and environmental issues, such as air pollution or
urban heat islands, in a later stage of the project. Initially, an object-based classification routine is implemented
to identify the land cover for the city of Berlin, utilizing spatially very high resolution aerial images and object
height information. UST classes are defined based on the occurrence within the study area and are delimited
by block boundaries. Afterwards, indicators for the derivation of USTs are generated based on the previously de-
rived land cover information and themost valuable features are selectedwith the help of RandomForests. Finally,
structural units are classified, involving common and new land cover based parameters. The focus is on the gen-
eration of an automated and transferable routine for a comprehensive UST classification covering the entire city.
Comparing the results with reference data, good classification accuracies for both land cover and USTs indicate
the suitability of the proposed method.

© 2014 Elsevier Inc. All rights reserved.

1. Introduction

Between one-third and one-half of the land surface has already been
affected by humans (Vitousek, Mooney, Lubchenco, & Melillo, 1997).
Hence, various changes in the ecosystem, e.g., modified energy ex-
change, altered hydrological regime, and increasing urban heat island
(UHI) effect occur by replacing natural surface cover with man-made
structures (Bridgman, Warner, & Dodson, 1995). Decision-makers and
city planners need efficient methods for large-scale monitoring of
urban areas in order to achieve sustainable urban growth. Consequently,
it is important to understand the links between settlement structures
and socio-economic as well as environmental issues (Pauleit & Duhme,
2000). The basis for this comprehension can be established by dividing
cities into a variety of urban patterns, commonly named urbanmorphol-
ogy types (UMT) (Gill et al., 2008), urban structural units (USU)
(Osmond, 2011; Pauleit & Duhme, 1998), or urban structure types
(UST) (Banzhaf & Höfer, 2008; Heiden et al., 2012; Wurm, Taubenböck
& Dech, 2010). USTs describe the composition of a city with all its

artificial and natural surfaces based on the assumption that settlements
consist of distinct spatial units with similar building structures, open
spaces, and land use forms composing delimitable patterns (Pauleit &
Burkhardt, 2004). As a consequence, environmentally relevant issues
like stormwater management, landscape planning, and urban heat is-
land mitigation can be addressed holistically, improving the quality of
life of city residents by understanding the link between urban microcli-
mate and city structures (Erell, Pearlmutter, & Williamson, 2010;
Osmond, 2011). Soil sealing and its consequences for the environment
are said to be almost irreversible (Blum, 2013); for that reason a well-
conceived city management on the basis of USTs becomes an important
tool for urban planners. While research has intensively focused on
subdividing distinct urban classes such as infrastructure or building
types, the UST approach presents a comprehensive, consistent,
and transferable classification framework for the total area of cities
(Osmond, 2011).

UST classification for large urban areas is dependent upon remote
sensing data and methods. The use of images acquired by airborne
and spaceborne sensors offers a high degree of objectivity, transferabil-
ity, and automation. Up-to-date consistent and extensive information
about urban land use structures are provided. A few studies have al-
ready addressed the UST classification from remotely sensed data,
showing differences in many respects.
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The classification depth varies between coarse class arrangements
distinguishing only open spaces and three different intensities of
built-up areas (Taubenböck, Esch, & Roth, 2006) and detailed class hier-
archies of 15 or more classes (Banzhaf & Höfer, 2008; Gill et al., 2008;
Hermosilla, Ruiz, Recio, & Balsa-Barreiro, 2012). Additionally, the
boundaries delimiting homogeneous city blocks are either derived
manually based on the evaluation of aerial photographs (Herold, Liu,
& Clarke, 2003) or with the help of auxiliary data provided by munici-
palities or calculated from OpenStreetMap data (Bochow, Taubenböck,
Segl, & Kaufmann, 2010). Likewise, the applied methods range from vi-
sual interpretation of aerial photographs (Gill et al., 2008) to the analy-
sis of spatial metrics, image texture, and neighborhood graphs (Herold
et al., 2003; Walde, Hese, Berger, & Schmullius, 2014). Related to that,
the feature selection, a crucial step for a proper UST classification,
exhibits major differences. On the one hand, features are selected
based on the assumed characteristics of the previously defined typology
of urban structures, underlying a subjective view (Banzhaf & Höfer,
2008; Lindner, Hese, Berger, & Schmullius, 2011; Wurm, Taubenböck,
Roth & Dech, 2009). On the other hand, feature selection is performed
utilizing statistical methods such as Random Forests or Sequential For-
ward Selection (Bochow et al., 2010; Walde et al., 2014). Furthermore,
in most of the studies, the USTs of one city are analyzed whereas only
some projects comprise a comparison of the transferability of the imple-
mented methods to other region (Bochow et al., 2010; Puissant, Zhang,
& Skupinski, 2012).

Examining the mentioned studies, some shortcomings become
apparent. In many cases, the classification of city blocks is restricted to
certain USTs, covering only parts of the city. As a consequence thereof,
the classification depths prove to be insufficient. There is a lack of
systematic extraction, calculation, and selection of suitable descriptive
features for UST delineation. Descriptive features are often treated
isolated, neglecting potential synergies of the combination of two or
more parameters. In contrast, other studies need improvement regard-
ing the achieved classification accuracies as well as strategies ensuring
the transferability of the proposed methods in order to be qualified
for operational applications. Considering the stated deficiencies, this
study comprises an accurate object-based land cover classification,
making use of multispectral data and height information, combined
with an in-depth UST analysis. The detailed classification hierarchy
contains several built-up classes as well as areas of natural surface
cover, involving the entire area of the city. A comprehensive feature cal-
culation of common parameters, landscapemetrics, and rarely used fea-
tures is performed. The most important features are selected
knowledge-based and statisticallywith the help of RandomForests. Em-
phasis is put on an automated data processing in order to ensure the
transferability of the methods, which will be tested for at least two
other test sites in a further stage of the project. Finally, this study aims
at the generation of highly accurate classification results compared to
a reference map.

2. Materials

2.1. Study area

The city of Berlin is located in the north-east of Germany (52°31′ N,
13°24′ E). With more than 3.3 million inhabitants and an area of
891.7 km2 it is the largest city and the capital of Germany (Destatis,
2013). Shaped bymany historical events (e.g. industrialization, destruc-
tion during world war, separation into East and West Berlin) various
structure types have evolved. Very densely developed areas can be
found in the core area, featuring high amounts of impervious surface
areas (ISA), whereas surrounding regions are characterized by large
vegetation fractions. There is also an intensive variation of building
types, even within the same block, and a great number of water bodies
exist all over the city. The terrain features differences of 81 m in height.

2.2. Data basis

Multispectral raster data and height information were provided by
DLR Berlin-Adlershof. The high spatial resolution airborne data was ac-
quired by the UltraCamX sensor featuring 12 bit radiometric resolution
with 1 m2 pixel size. Four channels provide spectral characteristics in
visible range and near infrared (Gruber, Ponticelli, Bernögger, & Leberl,
2008). Acquisition took place on September 23, 2010 during the morn-
ing hours. Thus, the small incidence angle of the sunlight causes major
areas covered by shadows. Additionally, a digital surface model (DSM)
computed by the stereoscopic interpretation of multiple overlapping
UltraCamX sceneswas also delivered byDLR Berlin-Adlershof, featuring
the same high spatial resolution of 1 m pixel size.

Vector data was kindly provided by the Senate Department for
Urban Development and the Environment Berlin (Senate Department
for Urban Development & the Environment Berlin, 2010). Included
block boundaries and information about manually derived urban struc-
ture types provide a basis for an automatedUST delineation and serve as
reference data for validation purposes.

3. Methods

The workflow of this study is subdivided into three parts: normal-
ized digital surface model (nDSM) derivation, land cover mapping,
and UST mapping. After the initial creation of an nDSM, a ruleset for
land cover mapping is created and accuracy is assessed for each
LC-class. Subsequently, land cover information is used to create descrip-
tive features for all blocks within the study area. After designing a UST
class hierarchy, a synergetic approach of knowledge-based and statisti-
cal feature selection is utilized in order to derive the defined urban
structure types. Finally, an accuracy assessment of the generated UST
map with the help of the reference dataset is connected.

3.1. nDSM derivation

Accurate land cover classification and UST mapping require area-
wide height information. In order to generate object heights, an essen-
tial pre-processing step is the calculation of an nDSM. For this purpose,
theDiff2Min approach has been developed using the Trimble eCognition
software and its cognition network language (CNL) (Trimble, 2013). At
first, a layer is created displaying the differences between the central
pixel and the pixel with the lowest value of the DSM data within amov-
ing window. A window size of 99 m edge length is chosen in order to
take reference ground points of larger buildings or forested areas into
account, but simultaneously preserving reasonable processing times.
The resulting layer shows low values for every ground pixel and larger
DSM-differences for elevated objects. A second layer is created contain-
ing only height information of the DSM for pixelswith differences small-
er than 1 m height in the first layer. This leads to a digital terrain model
(DTM)with data gaps for elevated objectswhich are then filled by inter-
polation. Finally, after a slight smoothing of theDTM layer in order to re-
move edge effects, the nDSM is created by subtracting the values of the
computed DTM from the given DSM. Accuracy of the generated nDSM is
assessed for 250 randomly distributed reference points for elevated ob-
jects as well as ground pixels. A ground pixel is treated as correct if the
nDSM value amounts to zero. The reference height of pixels of elevated
objects is calculated by the difference between themeasured DSM value
of the respective pixel and adjacent ground pixels. Afterwards, devia-
tions between heights of the reference points and the created nDSM
are analyzed.

3.2. Land cover mapping

A detailed and accurate land cover mapping provides the basis for
UST classifications. Errors in the derived land cover map are reflected
in the accuracy of the USTs. The methodology presented in this paper
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follows to a great extent the LC classification presented in Berger,
Voltersen, Hese, Walde, and Schmullius (2013), which has proved to
be robust and transferable. Six land cover classes are extracted utilizing
multispectral data and nDSM: bare soil, buildings, grass/shrubs, imper-
vious, trees, and water bodies. An object-based approach (Baatz &
Schäpe, 1999; Blaschke, 2010; Schiewe, 2002) is chosen due to the
known advantages concerning high spatial resolution land cover
classification in contrast to pixel-based methods (Hay & Castilla, 2008;
Lang, 2008; Tzotsos, Iosifidis, & Argialas, 2008) and an area of 18,000 ×
18,000 pixels (324 km2) is selected for classification. Initially, a nor-
malization of the four multispectral input layers is performed. Further-
more, additional layers like the Normalized Difference Vegetation
Index (NDVI) (Tucker, 1979), slope, brightness, and standard deviation
of brightness within a moving window are calculated. Fig. 1 gives an
overview of the LC classification scheme, which consciously avoids high-
ly sophisticated analyses for the purpose of a quick and generic data pro-
cessing. The image is processed using the very fast multi-threshold
segmentation within eCognition, which simultaneously segments and
classifies the image into elevated and non-elevated objects based on a
fixed threshold of the nDSM values. Thereafter, elevated objects are seg-
mented again using only the NDVI layer as input parameter. Tree seed-
objectswith highNDVI values are nowassigned and grown into adjacent
pixels of elevated objects with lower but still distinctive NDVI values.
Hence, remaining unclassified elevated objects represent building seg-
ments. Subsequently, the segmentation of non-elevated objects is per-
formed taking into account the four spectral bands as well as the
brightness layer and the standard deviation of the brightness layer. The
classification of ground objects follows a similar approach like the de-
scribed methodology for elevated objects. First, the NDVI is used to sep-
arate seed-objects of the grass/shrubs class which are then grown into
objects with slightly lower mean NDVI. Afterwards, remaining unclassi-
fied ground objects are allocated to water bodies, bare soil, and impervi-
ous depending on brightness, slope, NDVI, area, and the standard
deviation of the brightness within a moving window. Completing the

land cover classification, some obviousmisclassifications are treated sep-
arately. For example, ships only surrounded by water and classified as
buildings are assigned to the water class. Likewise, incorrect classified
water bodies due to their similarity to shadowed areas are rectified con-
sidering differences in object area and their relative border to building or
impervious. An accuracy assessment is performed applying a random
stratified sampling routine and evaluating 100 pixels per class. Making
use of an error matrix, errors of commission and omission, kappa coeffi-
cient and overall classification accuracy are calculated.

3.3. Urban structure type mapping

An essential task in urban structure typemapping is the definition of
UST classes. As there are no compulsory and consistent urban structure
types, the classification scheme depends on the study area and the ob-
jective of the respective analysis (Banzhaf & Höfer, 2008). Based on
class hierarchies of several studies (Breuste, Wächter, & Bauer, 2001;
Heiden et al., 2012; Pauleit & Duhme, 2000) and visual interpretation
of the remote sensing data of the city of Berlin, a classification scheme
is designed covering 15USTswhich can be summarized to sixmain clas-
ses. The defined USTs are shown in Fig. 2. Residential and office blocks
are subdivided into seven classes depending on thedominating building
type. Different combinations of development intensity and vegetation
fraction are significant. Commercial and industrial areas are often char-
acterized by different building types, ranging from small structures to
huge industrial halls within one block, and exhibit only little or no veg-
etation. Unvegetated open spaces cover sealed areas like transport in-
frastructures, airports, parking lots, and town squares, but also areas of
bare soil whereas the green spaces class comprises blockswith predom-
inant recreational purposes and large fractions of vegetation. Addition-
ally, classes relating to agricultural areas andwater bodies complete the
observed urban land uses. The level of detail of the presented UST class
hierarchy is selected to cover the requirements of a holistic description
of the city's structure but being transferable as well.

Fig. 1.Mapping scheme of the implemented land cover classification.
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USTs are derived in relation to a reference area which varies in size
and shape with regard to the objective of the analysis. Some studies
are based on a regular grid, others use block boundaries or administra-
tive borders. Region-based strategies, which are commonly based on
blocks or districts delineated by major road networks, are capable of
representing the physical land cover structures. Furthermore, the mor-
phological properties of regions (such as size, shape, and spatial rela-
tions) provide additional information for the designation of USTs
(Barnsley & Barr, 2000). In this study, the block boundaries of the refer-
ence data provided by the Senate Department for Urban Development
and the Environment Berlin are used for delimitation. Like the nDSM
derivation and land covermapping, USTmapping is performed utilizing
the Trimble eCognition software. For this purpose, a subset of the study
area has been selected covering 111.82 km2. This is done in order to test
the transferability of the developed methods for the entire image in a
later stage of the project. A ruleset is developed looping through every
block within the study area, applying a sequence of loops and if/else
queries, making use of a number of object and scene variables for differ-
ent levels and maps. More precisely, a unique object ID is allocated to
every block. Thereafter, a region variable containing the coordinates of
the particular block is used to create a secondmap, comprising the pre-
viously derived objects and land cover information only for the extent of
this block. Descriptive parameters based on the land cover information
are then calculated within the second map, thus the computing speed
increases in contrast to computation on the entire image. The set of pa-
rameters includes building and vegetation features as well as landscape
metrics (Herold, Scepan, & Clarke, 2002; McGarigal & Marks, 1995;
Spellerberg & Fedor, 2003), 3D density metrics like urban density
(UD) (Berger, Voltersen, Eckardt, et al., 2013) or urban vegetation

index (UVI) (Tompalski &Wezyk, 2012) and additional block character-
istics, shown in Table 1. Furthermore, mean, median, minimum,
maximum, standard deviation, and sum (where meaningful) of the pa-
rameters are computed, resulting in overall 163 features. Finally, the
second map is synchronized to an empty third map with the extent of
the entire subset, including all the calculated parameters as object vari-
ables. This is done sequentially for every block. Using this approach, a
large number of blocks can be processed and troubles related to compu-
tational costs can be circumvented.

Fig. 2. The designed urban structure type class hierarchy.

Table 1
The derived block parameters.

Building

• Volume
• Footprint
• Height
• Gross floor area
• Inverted floor area ratio
• Distance between
buildings

• Number of buildings
• Roof type
• Building coverage ratio
• Building aggregation
• Length/width ratio of
buildings

• Frequency of building
direction deviations

Vegetation

• Vegetation fraction
• Tree height
• Tree volume

3D density metrics

• Urban density
• Vegetation volume
to Built-up volume

• Urban vegetation index
Landscape metrics

• Fractal dimension
• Relative patch richness
• Patch density
• Landscape shape index
• Shannon diversity
index

Other

• Impervious surface area
• Relative area of land
cover per block

• Block perimeter
• Block area
• Common border index
• Common border of class
and block

• Brightness
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In order to handle the challenge of an optimal feature selection, a
synergetic two-stage mapping approach is developed. First, UST proto-
types for the six main UST classes are assigned by knowledge based as-
sessment of the most suitable parameters. Beginning with the
apparently more simple classes, prototypes for agricultural blocks are,
for example, classified based on huge block areas, large amounts of
bare soil or grass/shrubs, and non-existent building coverage ratios.
Followed by the classification of water blocks (more than 60% of a
block covered bywater), green spaces (thresholds regarding vegetation
fraction), unvegetated open spaces (only sparse vegetation fraction and
building coverage ratio combined with a brightness threshold), com-
mercial and industrial areas (huge blocks with high amounts of ISA
and flat roofs as dominating roof type), and residential and office blocks
(blocks with either more than 60% building coverage ratio or 10% build-
ing coverage ratio in combinationwith pitched roofs as dominating roof
type) prototypes for every main UST class are assigned. Subsequently, a
file is exported containing a list of the values of all 163 calculated pa-
rameters for each classified prototype-block. Utilizing the R software
for statistical computing (R Core Team, 2014), use is made of Random
Forests (Breiman, 2001), a combination of several classification and re-
gression trees, to extract the most important variables for UST discrim-
ination. For the generation of 200 decision trees, a certain number of
variables are selected for the split decision at each node, which in this
case refers to the square root of the number of all parameters, as it is
recommended by Breiman (2002). The 30 most crucial features of
the Random Forests analysis in R are then used within eCognition to
train a second Random Forests classifier with regard to the objects clas-
sified as prototypes. After applying this classifier to the still unclassified
blocks of the study area, the total area of the selected subset is classified
into the six main USTs. Afterwards, the same processing sequence
is individually applied to the sub-classes of residential and office
blocks, unvegetated open spaces, and green spaces consisting again
of (a) knowledge based prototype classification, (b) feature selection
via RandomForests in R based on the knowledge based classified blocks,
(c) training of a Random Forests classifier in eCognition utilizing
the most important features derived in the previous step, and
(d) applying the trained classifier to the unclassified block objects. As
blocks of the mixed development class actually consist of several other
UST classes, its classification causes difficulties and affects the proper
separation of all other classes. Therefore, this class is assigned on the
basis of the reference data and will be in the focus of future analyses.
Like for the accuracy assessment of the land cover classification, the
USTs are evaluated with the help of an error matrix which is derived
assessing all blocks by the comparison of the produced classification
map and the reference UST map provided by the Senate Department
for Urban Development and the Environment Berlin.

4. Results

4.1. nDSM derivation

The applied Diff2Min approach was able to rapidly produce a nor-
malized digital surface model for the large dataset of the entire study
area. Assessing the accuracy of 250 manually selected ground samples
based on the high resolution airborne UltraCamX DSM, 96.4% have the
correct height of 0 m. For seven sample points of the assessed ground
pixels, the interpolated nDSM height ranges between 1 and 3 m. In
two cases, the calculation reveals major errors with 8.73 m and
47.17m, respectively. Additionally, 250 sampleswithin elevated objects
have been assessed showing reasonable resultswith amedian deviation
of 0.3mbetween reference data and calculated heights. As it is shown in
Fig. 3, for most of the samples the deviation of calculated and actual
height is less than 1 m (90.4%), almost 50% of the calculated heights
are derived with an error of 0.3 m or lower. Only a small amount
(3.6%) of the selected samples show discrepancies of more than 2 m,

whereby in one case theDiff2Min approach failed to calculate theheight
with a deviation of 49.6 m.

4.2. Land cover mapping

The classified area of 324 km2 covers the city center of Berlin as well
as surrounding regions. All six land cover classes occur frequently in the
selected study area. However, only 1.5% of the region is covered by
water bodies and bare soil, respectively. Large amounts of the classified
land cover belong to buildings (21%) and ISA (24.6%), but with more
than half of the area, vegetated regions represent the largest parts of
the classified image (17.5% for grass/shrubs and 33.9% for trees). An
overview of the generated land cover classification is presented in
Fig. 4, revealing a lot of ISA in the central districts whereas forests,
grass, and shrubs are located mainly in the outer areas. Overall,
104,582 objects are classified as buildings.

The accuracy of the classified land cover is assessed via error matrix
evaluating 100 randomly arranged samples per class (Congalton &
Green, 2009). An overall accuracy (OA) of 92.2% and a kappa coefficient
(Cohen, 1960) of 0.91 demonstrate very good classification results and
prove the suitability of the proposed methods. In Table 2 the accuracy
is assessed for each class, illustrating producer's accuracy (PA) for the
columns (inversely correlated to commission error) and user's accuracy
(UA) for the rows (inversely correlated to omission error) (Paine& Kiser,
2003). Table 2 demonstrates that, in most cases, the accuracies amount
to 90% or higher. Water bodies (96.1%/98%) and trees (97.9%/93%)
feature highest agreements between classification and reference data.
By contrast, the classification of impervious areas succeeded with the
lowest producer's (83%) anduser's (88%) accuracies due tomisclassifica-
tions regarding bare soil, buildings and grass/shrubs. Good classification
results for buildings and trees indicate the benefit of implementing
height information into land cover analyses.

4.3. Urban structure type mapping

As it is described in Section 3, the urban structure type mapping is
based on a synergetic two-stagemapping approach, where theUST pro-
totypes are initially separated knowledge-driven. Afterwards, the best
features for UST delineation are calculated based on the classified proto-
types using R and finally the classification of the overall study area is
performed. At first, the results of the feature selection via Random

Fig. 3. Calculated heights of the nDSM versus manually derived heights.
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Forests are illustrated, focusing exemplarily on the sub-classes of resi-
dential and office blocks. Table 3 shows the parameter importance of
the five most valuable features for separating the six residential classes

(skipping mixed development) based on the Mean Decrease Accuracy
information given by the analysis in R. This indicator measures the de-
crease of accuracy when the values for a specific feature are randomly

Fig. 4. The derived land cover classification for the city of Berlin.

Table 2
Accuracy assessment of the generated land cover map (bold values signify the amount of correctly classified samples).

Reference

BA BU GR IM TR WA Total UA [%]

Classification Bare soil 91 0 5 3 0 1 100 91
Buildings 2 89 0 8 0 1 100 89
Grass/shrubs 0 1 94 4 1 0 100 94
Impervious 3 1 5 88 1 2 100 88
Trees 1 3 1 2 93 0 100 93
Water bodies 0 0 1 1 0 98 100 98

Total 97 94 106 106 95 102 600
PA [%] 93.81 94.68 88.68 83.02 97.89 96.08 OA [%] 92.17
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permuted. The higher theMean Decrease Accuracy values themore im-
portant are the features.

In respect of the calculated feature importance, block developments
are optimally separated from other USTs utilizing ISA and UD. In con-
trast to the simple ISA ratio, the UD index describes the intensity of
urban development linking horizontal and vertical settlement charac-
teristics (Berger, Voltersen, Eckardt, et al., 2013). The UD calculation in
this study is slightly adapted concerning the area of interest, which re-
lates to the city blocks instead of circles around the buildings. As expect-
ed, the commonly very densely developed block development class
features very high UD values in contrast to other USTs, which is similar
to thefindings by Berger, Voltersen, Hese, et al. (2013). Themost impor-
tant feature for the description of perimeter block developments is the
novel common border of class and block index, which in this case refers
to the common border of buildings and block boundaries. Additionally,
the landscape shape index (LSI) (McGarigal & Marks, 1995), belonging
to the group of landscape metrics, plays a prominent role, indicating
the degree of aggregation of buildings within a block. Table 3 also illus-
trates the feature importance for row developments. In addition to the
established length to width ratio of buildings, especially the innovative
measure of the frequency of building direction deviations is suitable to
characterize this UST. It represents the deviation of the main direction
of two buildings, calculated for all unique building pairs within a
block, categorized into 5° intervals. Values of 0° to 5° indicate parallel
buildings whereas 85° to 90° indicate orthogonal structures. Values in
between signify a random arrangement of buildings. Apartment blocks
are optimally separated using a set of different features like building
height, vegetation fraction, inverted floor area ratio, and roof type.
With the help of this combination, the complex structures of these
USTs are described best as they vary regarding the appearance of build-
ings (height, number) and the composition of buildings and vegetation.
The inverted floor area ratio (IFAR) dominates the feature importance
for high rise buildings. By means of this indicator, the ratio between
the footprint and the gross floor area (GFA) of a building is described
(Berger, Voltersen, Eckardt, et al., 2013). It ranges between 0 (huge
multi-level buildings) and 1 (single-level buildings) and is capable to
characterize USTs featuring very tall buildings. Likewise, detached and
semi-detached houses exhibit high values of IFAR associated with
small building footprints and UD values. Thus, these parameters are
used to separate the corresponding urban structure type.

Themost valuable features are utilized to perform theUST classifica-
tion of the entire subset. The resulting map of the UST analysis for the
city of Berlin is shown in Fig. 5, where white areas imply excluded re-
gions like roads, small traffic islands, andblocks cut by the image border,
representing 23.8% of the image. Most of the USTs belong to mixed de-
velopmentswhichwill be treated separately in further analyses. Among
the more homogeneous USTs, parks account for the largest amount

covering 14.2 km2 (12.7%) of the image, followed by block develop-
ments (12%) and commercial and industrial areas (11.5%). In contrast,
only 0.5 km2 is composed of high rise buildings blocks and woodland,
respectively. Similar to this, 0.4% (0.44 km2) of the image is covered
by agricultural areas. Among the residential areas, in addition to the
block development class, major regions are classified as perimeter
block development (7%) and apartment blocks (5.2%). Only smaller re-
gions belong to detached and semi-detached houses (3.1%), row devel-
opments (2.7%), and blocks with high rise buildings. The resulting UST
map reveals some obvious patterns composed by clusters of the same
UST, whereby surrounding regions are dominated by parks and loose
built-up blocks and the city center features small-scaled UST variations.

The UST classification resulted in an overall accuracy of 82.1% and a
kappa index of 0.79, signifying reasonable mapping results, whereby
classification errors in the first level (main USTs) propagate to the
sub-classes. As stated before, the mixed development class and areas
outside the regions of interest are excluded from the accuracy assess-
ment. Looking at Table 4, significant accuracy differences occur, ranging
from 60.6% producers accuracy for unvegetated open spaces to 100%
producer's accuracy forwoodland and agriculture aswell as 58.4% user's
accuracy for high rise buildings to 100% user's accuracy forwater bodies.
Table 4 illustrates that especially the USTs dominated by natural surface
cover feature greater similarities between classification result and refer-
ence data than USTs characterized by major building coverage ratios.
However, the differentiation between residential/office blocks and
commercial/industrial areas succeeded properly for most of the blocks.
The results of the UST classification will be discussed in the following
section and reasons for misclassifications are adduced.

5. Discussion

In this section, the implemented methods, the classification results,
and major sources of errors are discussed. Initially, the derivation
of the nDSM is addressed. The constructed Diff2Min approach
generated plausible results within a very short processing time with
regard to the huge number of pixels which had to be processed
(457,599,488 pixels). However, in some situations the approach fails
to perform correctly. For huge buildings or forested areas with no
ground pixelswithin the size of themovingwindow (99medge length)
a height of 0 m is assigned to the central pixel because no pixel with a
lower DSM height is located in the area of the moving window. On the
other hand, small-scaled changes in the terrain without building or
tree coverage, such as hills situated completely within the moving win-
dow, receive nDSM heights larger than 0 m although the pixels belong
to ground pixels. Therefore, the Diff2Min approach is suitable to calcu-
late the height of urban objects precisely, but it is not qualified for
nDSM creation over large woodlands or areas with very small-scaled

Table 3
Parameter importance of the fivemost valuable features indicated by theMean Decrease Accuracy (MDA) index for the characterization of the sub classes of residential and office blocks.

Block development Perimeter block development Row development

Feature MDA Feature MDA Feature MDA

Impervious surface area 32.6 Common border of class and block 140.3 Frequency of building direction deviations 85°–90° 23.9
Urban density mean 32.5 Landscape shape index 64.3 Frequency of building direction deviations 0°–5° 21.2
Urban density median 11.4 Relative area of buildings per block 15.8 Length/width ratio of buildings mean 14.8
Vegetation fraction 10.4 Building coverage ratio 13.9 Length/width ratio of buildings median 7.5
Building aggregation 10.3 Common border index bare soil/impervious 3.7 Length/width ratio of buildings maximum 6.5

Apartment blocks High rise buildings Detached and semi-detached houses

Feature MDA Feature MDA Feature MDA

Building height mean 20.9 Inverted floor area ratio minimum 10.1 Inverted floor area ratio mean 26.6
Vegetation fraction 17.4 Inverted floor area ratio median 10.1 Building footprint mean 18.5
Inverted floor area ratio median 9.6 Inverted floor area ratio mean 8.5 Urban density maximum 9.8
Dominant roof type 7.8 Building height median 6.9 Gross floor area mean 9.3
Roof type percentage of pitched 7.7 Tree height median 5.3 Landscape shape index of trees 7.9
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Fig. 5. The derived urban structure type classification for the city of Berlin.

Table 4
Accuracy assessment of the generated urban structure type map (areas in square kilometer, bold values signify the amount of correctly classified areas).

Reference

11 12 13 14 15 16 2 3 41 42 43 5 6 Total UA [%]

Classification 11 12.35 0.44 0 0.01 0.02 0 0.67 0.04 0 0 0 0 0 13.52 91.37
12 2.33 4.33 0.12 0.23 0.02 0.07 0.03 0 0 0.01 0 0 0 7.14 60.72
13 0.09 0.22 2.55 0.18 0.01 0.03 0.11 0.09 0 0.06 0 0 0 3.34 76.20
14 0.51 0.59 0.28 3.97 0.02 0.01 0.03 0 0 0.51 0 0 0 5.93 67.01
15 0.04 0.03 0 0.16 0.33 0 0.01 0 0 0.01 0 0 0 0.57 58.44
16 0.03 0 0.04 0.04 0.02 2.65 0.17 0.05 0.01 0.29 0 0 0 3.29 80.38
2 0.65 0.05 0.04 0.26 0.02 0.10 10.75 0.69 0 0.11 0 0 0.04 12.69 84.68
3 0 0 0.01 0 0.04 0.01 0.17 1.60 0 0.34 0 0 0.03 2.20 72.80

41 0.02 0.01 0 0.00 0 0.10 0.02 0.04 2.24 0.98 0 0 0 3.41 65.81
42 0.01 0.01 0.11 0.12 0.02 0.30 0.11 0.11 0.25 13.29 0 0 0 14.32 92.81
43 0 0 0 0.06 0 0.02 0 0 0.04 0.02 0.44 0 0 0.58 75.88
5 0 0 0 0 0 0 0 0.03 0 0.02 0 0.44 0 0.49 89.61
6 0 0 0 0 0 0 0 0 0 0 0 0 2.57 2.57 100

Total 16.03 5.68 3.14 5.02 0.49 3.28 12.05 2.64 2.54 15.66 0.44 0.44 2.63 70.05
PA [%] 77.05 76.29 81.14 79.13 68.88 80.63 89.18 60.65 88.18 84.87 100 100 97.42 OA [%] 82.11
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changes in terrain heights. An automated adaptation of thewindow size
with respect to the landform configurationwould increase the precision
of the approach.

Using anobject-based approach for land covermapping, the require-
ments of the processing of high spatial resolution remote sensing data
are met. The achieved accuracies for all classes indicate the quality of
the methodology. Misclassifications are mainly caused by known diffi-
culties associated with urban land cover analysis. Due to an acquisition
time in the morning hours, the small incidence angle of the sunlight
causes major areas covered by shadows, which can especially impede
the proper classification of dark surfaces like water bodies, but also
affect the classification of other areas within the city located adjacent
to buildings. In addition, narrow river segments separated by bridges
within the city center are often confused with impervious surface
areas. Likewise, the correct separation of impervious surfaces and bare
soil proves difficult for data with low spectral resolution as both land
cover types are characterized by manifold surface materials and
overlapping spectral and spatial properties. The described errors of the
land cover classification negatively affect the urban structure type
mapping, especially for USTs which are characterized mainly based on
the existence of one land cover class such as water bodies. However,
the errors in classification represent only a small amount of the created
land cover map. Hence, the land cover mapping approach produced
reasonable results very efficiently, especiallywith respect to the relation
of processing time and accuracy. Emphasis is put on fast image segmen-
tation, simple class descriptions, and preceded layer normalization. In
combination with the detection and growing of seed-objects based on
relative thresholds, the created sequence aims at being robust and
transferable. As the transferability has not been tested yet, further anal-
yses will focus on this issue, but due to the similarity of the methods
proposed by Berger, Voltersen, Hese, et al. (2013), equivalent classifica-
tion results are to be expected for other study areas.

In order to create a transferable UST mapping approach, the combi-
nation of knowledge-based prototype assignment and Random Forests
classification enables the automated execution of the ruleset for differ-
ent study areas. However, a drawback concerning transferability is
caused by the inclusion of block boundary data which is not available
for every city. This issue has to be addressed either by the attempt to de-
rive block boundaries based on homogeneous building clusters and ad-
ditional land cover information or by utilizing the major road network
of freely accessible data like OpenStreetMap.

Considering the most important features calculated by the Random
Forests analysis, very plausible results have been generated. Block de-
velopments are commonly very densely developed and typically feature
a lotmore sealed areas than natural surface covers. This is proved by the
two most important features for this UST, namely ISA and UD. Both in-
dicators are able to characterize very compact city structures such as
the city center, which exhibits the highest ISA and UD values. The char-
acterization of perimeter block developments by utilizing the common
border of buildings and block index seems comprehensible as these
blocks are constituted by buildings adjacent to roads, which in turn
shape the block edges. Likewise, the LSI is very useful for the delineation
of this UST. It is calculated by the ratio of the total edge length of all
building objects and the perimeter of a maximally aggregated object
with the same area of all buildings. As the buildings of this UST are locat-
ed on the outermost regions of the block, they are maximally disaggre-
gated and therefore feature high LSIs. Similar to this, the features
important for row developments fit very well to the assumptions
made for these USTs as they are composed of elongated buildings in par-
allel or rectangular to each other. Therefore, optimal UST description is
achieved by taking account of the buildings' main directions in combi-
nation with the length to width ratio. With an increasing building
height, and thus an increasing number of floors, the inverted floor
area ratio tends to zero. Therefore, it is capable to characterize blocks
with single high rise buildings, given that no small misclassified build-
ing objects occur in the block area. The mentioned examples of the

feature selection prove the suitability of the implemented methods. In
particular, Random Forests analysis generates adequate results regard-
ing feature importance.

The accuracy assessment demonstrates benefits and limitations of
the UST classification.While the overall accuracy reveals good mapping
results, particular classes are derived inadequately. Sports areas covered
by artificial turf, e.g., are often misclassified as unvegetated open
spaces due to missing significant NDVI values in contrast to natural
lawns. By removing artificial turf sports grounds, the user's accuracy of
unvegetated open spaces would increase from 72.8% to 80%. On the
other hand, bare soil areas, slightly overgrown with grass, feature char-
acteristics close to parks. Additionally, traffic areas are similar to small
industrial areas, causing further errors in classification. For that reason,
the planned subdivision of unvegetated open spaces into sealed areas
and bare soil is postponed. Although this UST represents only 1.5% of
the study area, the separation of both classes is considered to be impor-
tant since an accurate derivation of bare soil areas might be helpful to
identify regions for settlement densification in order to counteract
urban sprawl. Most of the errors regarding the derivation of residential
and office blocks are caused by two central issues: errors in land cover
classification (like incorrect building objects or the confusion of imper-
vious and bare soil) and the frequent occurrence of several building
types within one block. Especially for the city of Berlin, the abundance
of mixed developments (not only in the eponymous UST) impedes a
proper classification. A possible approach to address this problem is to
automatically derive block boundaries; thus blocks featuring only ho-
mogeneous structures would appear.

In summary, it can be stated that the accuracy strongly depends on
the quality of the land cover classification and the reference data. In
this case, the adaptation of the UST class hierarchy of the Senate Depart-
ment for Urban Development and the Environment Berlin to the de-
fined classes of this study proved to be difficult due to divergent
classification depths. An accuracy assessment based on unmistakable
attributed manually selected samples would very likely produce better
results. Nevertheless, an overall accuracy of 82.1% for 15 different
USTs verifies the suitability of the methodology.

6. Conclusion

The separation of cities into areas with homogeneous urban struc-
tures and similar land use provides the basis for an effective city man-
agement. For that reason, the urban structure type approach has been
established, enabling holistic descriptions of a city and its interactions.
Remote sensing data and methods offer objectivity, transferability and
automation regarding the widespread analysis of USTs. However,
previous studies lack comprehensive feature calculation, systematic
extraction of the most suitable parameters, appropriate classification
accuracy, and transferability. The known issues are addressed by
implementing a sequence of processes which can be executed automat-
ically on different data sets and regions. With 163 generated parame-
ters, a comprehensive characterization of urban blocks is performed.
As themanual evaluation of themost suitable features underlies subjec-
tive assumptions and possibly ignores valuable parameters, the feature
selection via Random Forests based on prototypes presents an automat-
ed approach for selecting the best parameters. Satisfying UST classifica-
tion results have been produced through a precise nDSM generation,
land cover mapping, and feature extraction, resulting in 82.1% overall
accuracy for the defined USTs. Analyzing the individual classes, distinct
accuracy differences are apparent, mainly caused by difficulties in land
cover classification and the existence of different structures within
one block. The separation of unvegetated open spaces as well as the au-
tomated processing of mixed development blocks has to be addressed
in further analyses. Furthermore, transferability of the approach will
be tested for the complete city region of Berlin and for additional
study areas located in Germany.

200 M. Voltersen et al. / Remote Sensing of Environment 154 (2014) 192–201



Acknowledgments

The authorswould like to thank theDLR Berlin-Adlershof for provid-
ingmultispectral data and the DSM of the UltraCamX sensor for the city
of Berlin.We also want to express our thanks to the Senate Department
for Urban Development and the Environment Berlin for the provision of
auxiliary data including block boundaries and the UST reference map.
This research is funded by the Graduate Academy of the Friedrich
Schiller University Jena.

References

Baatz, M., & Schäpe, A. (1999). Object-oriented and multi-scale image analysis in seman-
tic networks. Proc. of the 2nd International Symposium on Operationalization of Remote
Sensing. Enschede: ITC.

Banzhaf, E., & Höfer, R. (2008). Monitoring urban structure types as spatial indicators with
CIR aerial photographs for a more effective urban environmental management. IEEE
Journal of Selected Topics in Applied Earth Observations and Remote Sensing, 1(2),
129–138.

Barnsley, M. J., & Barr, S. L. (2000). Monitoring urban land use by earth observation.
Surveys in Geophysics, 21(2), 269–289, http://dx.doi.org/10.1023/A:1006798328429.

Berger, C., Voltersen, M., Eckardt, R., Eberle, J., Heyer, T., Salepci, N., et al. (2013). Multi-
modal and multi-temporal data fusion: Outcome of the 2012 GRSS data fusion con-
test. IEEE Journal of Selected Topics in Applied Earth Observations and Remote Sensing,
6(3), 1324–1340.

Berger, C., Voltersen, M., Hese, S., Walde, I., & Schmullius, C. (2013). Robust extraction of
urban land cover information from HSRmulti-spectral and LiDAR data. IEEE Journal of
Selected Topics in Applied Earth Observations and Remote Sensing, 6(5), 2196–2211,
http://dx.doi.org/10.1109/JSTARS.2013.2252329.

Blaschke, T. (2010). Object-based image analysis for remote sensing. ISPRS Journal of
Photogrammetry and Remote Sensing, 65(1), 2–16.

Blum, W. E. H. (2013). Land use planning and policy implication: Bridging between sci-
ence, politics and decision making. In S. A. Shahid, F. K. Taha, & M.A. Abdelfattah
(Eds.), Developments in soil classification, land use planning and policy implications
(pp. 469–481). Springer Netherlands, http://dx.doi.org/10.1007/978-94-007-5332-
7_25.

Bochow, M., Taubenböck, H., Segl, K., & Kaufmann, H. (2010). An automated and adapt-
able approach for characterizing and partitioning cities into urban structure types.
Geoscience and Remote Sensing Symposium (IGARSS) 2010 IEEE International
(pp. 1796–1799). Honolulu: IEEE, http://dx.doi.org/10.1109/IGARSS.2010.5652972.

Breiman, L. (2001). Random forests. Machine Learning, 45(1), 5–32, http://dx.doi.org/10.
1023/A:1010933404324.

Breiman, L. (2002). Manual on setting up, using, and understanding random forests v3.1.
Retrieved from. http://www.stat.berkeley.edu/~breiman/Using_random_forests_V3.
1.pdf

Breuste, J., Wächter, M., & Bauer, B. (2001). Beiträge zur umwelt-und sozialverträglichen
Entwicklung von Stadtregionen. Leipzig: Umweltforschungszentrum Leipzig-Halle.

Bridgman, H. A., Warner, R. F., & Dodson, J. R. (1995). Urban biophysical environments.
Meridian Australian geographical perspectives. Oxford University Press, 152.

Cohen, J. (1960). A coefficient of agreement of nominal scales. Educational and Psychological
Measurement, 20(1), 37–46, http://dx.doi.org/10.1177/001316446002000104.

Congalton, R. G., & Green, K. (2009). Assessing the accuracy of remotely sensed data—
Principles and practices (2nd ed.). Boca Raton: CRC Press, 183.

Destatis (2013). German cities sorted by area, population, and population density
(31.12.2012). Retrieved November 04, 2013, from. https://www.destatis.de/DE/
ZahlenFakten/LaenderRegionen/Regionales/Gemeindeverzeichnis/Administrativ/
Aktuell/05Staedte.html

Erell, E., Pearlmutter, D., & Williamson, T. (2010). Urban microclimate—Designing the
spaces between buildings. London: Earthscan.

Gill, S. E., Handley, J. F., Ennos, A.R., Pauleit, S., Theuray, N., & Lindley, S. J. (2008).
Characterising the urban environment of UK cities and towns: A template for land-
scape planning. Landscape and Urban Planning, 87(3), 210–222, http://dx.doi.org/10.
1016/j.landurbplan.2008.06.008.

Gruber, M., Ponticelli, M., Bernögger, S., & Leberl, F. (2008). UltraCamX, the large format
digital aerial camera system by Vexcel Imaging/Microsoft. International Archives of
the Photogrammetry, Remote Sensing and Spatial Information Sciences, 37, 665–670.

Hay, G., & Castilla, G. (2008). Geographic object-based image analysis (GEOBIA): A new
name for a new discipline. In T. Blaschke, S. Lang, & G. Hay (Eds.), Object-based
image analysis. Spatial concepts for knowledge-driven remote sensing applications
(pp. 75–89). Berlin: Springer.

Heiden, U., Heldens, W., Roessner, S., Segl, K., Esch, T., & Mueller, A. (2012). Urban struc-
ture type characterization using hyperspectral remote sensing and height informa-
tion. Landscape and Urban Planning, 105(4), 361–375, http://dx.doi.org/10.1016/j.
landurbplan.2012.01.001.

Hermosilla, T., Ruiz, L. A., Recio, J. A., & Balsa-Barreiro, J. (2012). Land-use mapping of
Valencia City area from aerial images and LiDAR data. GEOProcessing 2012: The Fourth
International Conference on Advanced Geographic Information Systems, Applications,
and Services (pp. 232–237). Valencia: IARIA.

Herold, M., Liu, X., & Clarke, K. C. (2003). Spatial metrics and image texture for mapping
urban land use. Photogrammetric Engineering Remote Sensing, 69(9), 991–1001.

Herold, M., Scepan, J., & Clarke, K. C. (2002). The use of remote sensing and landscape
metrics to describe structures and changes in urban land uses. Environment and
Planning - Part A, 34(8), 1443–1458, http://dx.doi.org/10.1068/a3496.

Lang, S. (2008). Object-based image analysis for remote sensing applications: modeling
reality—Dealing with complexity. In T. Blaschke, S. Lang, & G. Hay (Eds.), Object-
based image analysis (pp. 3–27). Springer Berlin Heidelberg, http://dx.doi.org/10.
1007/978-3-540-77058-9_1.

Lindner, M., Hese, S., Berger, C., & Schmullius, C. (2011). An object-basedmultisensoral ap-
proach for the derivation of urban land use structures in the city of Rostock, Germany.
Earth Resources and Environmental Remote Sensing/gis Applications II, Vol. 8181, http://
dx.doi.org/10.1117/12.898134.

McGarigal, K., & Marks, B. J. (1995). FRAGSTATS: Spatial pattern analysis program for
quantifying landscape structure. General Technical Report PNW-GTR-351.

Osmond, P. (2011). Application of the urban structural unit method to inform post-
carbon planning and design. International Seminar on Urban Form: Urban Morphology
and the Post-Carbon City. Montreal: ISUF.

Paine, D. P., & Kiser, J.D. (2003). Aerial photography and image interpretation (2nd ed.).
Hoboken: John Wiley & Sons.

Pauleit, S., & Burkhardt, I. (2004). Umweltqualität und Stadtentwicklung.
Landschaftsökologische Projekte von Friedrich Duhme für die Landeshauptstadt
München. Landschaftsökologie in Forschung, Planung und Anwendung (pp. 89–116).

Pauleit, S., & Duhme, F. (1998). Assessing the metabolism of urban systems for urban
planning. In J. Breuste, H. Feldmann, & O. Uhlmann (Eds.), Urban ecology (pp. 65–69).

Pauleit, S., & Duhme, F. (2000). Assessing the environmental performance of land cover
types for urban planning. Landscape and Urban Planning, 52(1), 1–20, http://dx.doi.
org/10.1016/S0169-2046(00)00109-2.

Puissant, A., Zhang, W., & Skupinski, G. (2012). Urban morphology analysis by high and
very high spatial resolution remote sensing. 4th GEOBIA (pp. 524–529). Rio de
Janeiro: INPE.

R Core Team (2014). R: A language and environment for statistical computing. Vienna: R
Foundation for Statistical Computing (Retrieved from http://www.r-project.org/).

Schiewe, J. (2002). Segmentation of high-resolution remotely sensed data—Concepts,
applications and problems. International Archives of Photogrammetry and Remote
Sensing, 34(4), 380–385.

Senate Department for Urban Development and the Environment Berlin. (2010).
Geoportal-Berlin.

Spellerberg, I. F., & Fedor, P. J. (2003). A tribute to Claude Shannon (1916-2001) and a plea
for more rigorous use of species richness, species diversity and the “Shannon–
Wiener” Index. Global Ecology and Biogeography, 12(3), 177–179, http://dx.doi.org/
10.1046/j.1466-822X.2003.00015.x.

Taubenböck, H., Esch, T., & Roth, A. (2006). An urban classification approach based on an
object-oriented analysis of high resolution satellite imagery for a spatial structuring
within urban areas. 1st EARSeL Workshop of the SIG Urban Remote Sensing (pp. 8). Ber-
lin: EARSel.

Tompalski, P., & Wezyk, P. (2012). LiDAR and VHRS data for assessing living quality
in cities—An approach based on 3D indices. ISPRS International Archives of the
Photogrammetry, Remote Sensing and Spatial Information Sciences, XXXIX-B6.
(pp. 173–176).

Trimble (2013). eCognition Developer 8.9 reference book. Munich: Trimble Germany
GmbH.

Tucker, C. (1979). Red and photographic infrared linear combinations for monitoring
vegetation. Remote Sensing of Environment, 8(2), 127–150.

Tzotsos, A., Iosifidis, C., & Argialas, D. (2008). A hybrid texture-based and region-based
multi-scale image segmentation algorithm. In T. Blaschke, S. Lang, & G. Hay (Eds.),
Object-based image analysis (pp. 221–236). Springer Berlin Heidelberg, http://dx.
doi.org/10.1007/978-3-540-77058-9_12.

Vitousek, P.M., Mooney, H. A., Lubchenco, J., & Melillo, J. M. (1997). Human domination of
Earth's ecosystems. Science, 277(5325), 494–499, http://dx.doi.org/10.1126/science.
277.5325.494.

Walde, I., Hese, S., Berger, C., & Schmullius, C. (2014). From land cover-graphs to urban
structure types. International Journal of Geographical Information Science, 28(3),
584–609, http://dx.doi.org/10.1080/13658816.2013.865189.

Wurm, M., Taubenböck, H., & Dech, S. (2010). Quantification of urban structure on build-
ing block level utilizing multisensoral remote sensing data. Earth, 7831(1), 1–12,
http://dx.doi.org/10.1117/12.864930.

Wurm, M., Taubenböck, H., Roth, A., & Dech, S. (2009). Urban structuring using
multisensoral remote sensing data: By the example of the German cities Cologne
and Dresden. 2009 Joint Urban Remote Sensing Event (pp. 1–8). IEEE, http://dx.doi.
org/10.1109/URS.2009.5137555.

201M. Voltersen et al. / Remote Sensing of Environment 154 (2014) 192–201







Remote Sensing of Environment 193 (2017) 225–243

Contents lists available at ScienceDirect

Remote Sensing of Environment

j ourna l homepage: www.e lsev ie r .com/ locate / rse

Spatio-temporal analysis of the relationship between 2D/3D urban site
characteristics and land surface temperature

C. Bergera,*, J. Rosentreterb, M. Voltersenc, C. Baumgartd, C. Schmulliusa, S. Hesea

aDepartment of Earth Observation, Friedrich-Schiller-Universität Jena, Löbdergraben 32, 07743 Jena, Germany
bInstitute of Geographical Sciences, Freie Universität Berlin, Malteserstraße 74–100, 12249 Berlin, Germany
cTama Group GmbH, Fraunhofer Straße 22, 82152 Martinsried, Germany
dInstitut für Landes- und Stadtentwicklungsforschung, Brüderweg 22–24, 44135 Dortmund, Germany

A R T I C L E I N F O

Article history:
Received 2 December 2014
Received in revised form 2 February 2017
Accepted 25 February 2017

Keywords:
Human settlements
Urban site characteristics
Land surface temperature
Urban heat island
Correlation analysis
Landsat
ETM+

A B S T R A C T

This paper focuses on the relationship between remotely-sensed urban site characteristics (USCs) and land
surface temperature (LST). Particular emphasis is put on an extensive comparison of two-dimensional (2D)
and three-dimensional (3D) USCs as potential indicators of the surface urban heat island (UHI) effect and
as potential predictors for thermal sharpening applications. Both widely-used as well as more recently pro-
posed metrics of the urban remote sensing literature are investigated within a single experiment. While
some of these USCs have already been used earlier, others have never been analyzed before in the context
of urban temperature studies. In addition to the comparison of 2D and 3D USCs, the spatio-temporal depen-
dencies of their relation to LST are examined. To this end, the experimental setup of this work includes two
study areas, 26 USCs, and 16 LST scenes covering four seasons. Use is made of a comprehensive database
compiled for the cities of Berlin and Cologne, Germany. After data preparation, very high resolution (VHR)
multi-spectral and height data are employed to map fine-scale urban land cover (LC). The resulting LC
maps are then used in conjunction with the height information to compute 2D and 3D USCs. Subsequently,
multi-temporal LST images are retrieved from Landsat Enhanced Thematic Mapper Plus (ETM+) scenes. The
spatio-temporal investigation of the USC–LST connection constitutes the final stage of the workflow and is
achieved in the framework of a dedicated correlation analysis. The results of this study highlight that the
linkage between USCs and LST sensed at small scan angles is not stronger when 3D parameters are con-
sidered. Even though they may offer more holistic representations of the urban landscape, 3D USCs are
consistently outperformed by some of the most widely-used 2D metrics. The analysis of spatial dependen-
cies reveals that the USC–LST interplay does not only differ between, but also within the two test sites. This
is due to their distinct geographies, with urban form and compactness, green spaces and street trees, and
the structural composition of LC elements being some of the determining factors. The examination of tem-
poral dependencies yielded that the association between USCs and LST is fairly stable over time but can be
subject to larger inter- and intra-season variations for different reasons, including the season of acquisition,
vegetation phenology, and meteorological conditions. Since previous research was based on the analysis of
a single study area, a limited number of (mainly 2D) USCs, and/or only a few LST scenes acquired in specific
seasons, it is concluded that the findings of this study provide researchers and practitioners with a more
complete picture of the USC–LST relationship.

© 2017 Elsevier Inc. All rights reserved.

1. Introduction

It has long been recognized that urbanization can have a pro-
found impact on the Earth’s climate at the local and regional
scale (Landsberg, 1981; Grimmond, 2007). One of the most well-
documented examples of this human-induced climate modification

* Corresponding author.
E-mail address: christian.berger@uni-jena.de (C. Berger).

is a phenomenon called the urbanheat island (UHI) (Oke, 1973, 1982).
It refers to the observation that cities often feature higher air and sur-
face temperatures than their surroundings. The first scientific record
of an UHI dates back to Howard (1833) and, since their discovery,
UHIs have been studied extensively (Arnfield, 2003; Gago et al., 2013;
Rizwan et al., 2008; Stewart, 2010). The environmental and socio-
economic implications of the UHI effect are diverse and range from
changes in precipitation patterns (Changnon, 1992; Lowry, 1998)
to increases in air pollution (Sarrat et al., 2006; Weng and Yang,
2006), water use (Gober et al., 2009; Guhathakurta and Gober, 2007),

http://dx.doi.org/10.1016/j.rse.2017.02.020
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energy consumption (Ewing and Rong, 2008; Ko, 2013), and mortal-
ity rates (Basu and Samet, 2002; Curriero et al., 2002). Considering
that the magnitude of UHIs is expected to increase in many places
(Grimmond, 2007; McCarthy et al., 2010; Rizwan et al., 2008) while,
at the same time, more andmore people will be exposed to the living
conditions in the cities of tomorrow (United Nations, 2008), there is
an urgent need for information on urban site characteristics (USCs)
enabling scientists and city planners to gain a better understanding
of the driving forces behind the UHI phenomenon and, thus, to make
more informed decisions about the future of urban environments.

Satellite and airborne remote sensing technology is capable of
providing up-to-date, spatially explicit, and area-wide information
that are well-suited to study UHIs (Ngie et al., 2014; Tomlinson
et al., 2011; Voogt and Oke, 2003; Weng, 2009). By capturing the
reflectance and height of urban elements, optical and light detection
and ranging (LiDAR) remote sensing allows for the extraction of var-
ious USCs. These include, but are not limited to, biophysical descrip-
tors (Ridd, 1995; Deng and Wu, 2012), land cover (LC) types (Berger
et al., 2013b; O’Neil-Dunne et al., 2013), surface materials (Franke
et al., 2009; Heiden et al., 2007), land use (LU) structures (Heiden
et al., 2012; Voltersen et al., 2014), landscape patterns (Herold
et al., 2003; Huang et al., 2007), and settlement density (Berger et al.,
2013a; Yu et al., 2010). Through measuring the upwelling longwave
radiation emitted by an urban area, thermal infrared remote sens-
ing can be used to retrieve land surface temperature (LST) (Kuenzer
and Dech, 2013; Li et al., 2013), an indicator of the so-called sur-
face UHI (Roth et al., 1989). Once USCs and LST have been derived,
it is straightforward to compare these sets of information as part of
subsequent analyses (Voogt and Oke, 2003).

Given itshighversatility,numerousstudieshaveemployedremote
sensing to investigate the linkage between USCs and LST. In gen-
eral, the scientific literature can be grouped into several categories
according to the USCs considered. Biophysical descriptors of human
settlements, like surface albedo, vegetation fraction (VF), and imper-
vious surface area (ISA), are among the most frequently used USCs.
They are usually obtained from spectral indices (Chen et al., 2006;
Liu and Zhang, 2011; Ogashawara and da Silva Brum Bastos, 2012;
Xian, 2008), spectral unmixing (Small, 2006; Weng et al., 2004; Yuan
and Bauer, 2007), or subpixel classification techniques (Lazzarini
et al., 2013;Xian andCrane, 2006; Zhang et al., 2009b). Discrete repre-
sentations of urban LC and LU are of similar popularity as biophysical
descriptors. They are often utilized to study intra-urban tempera-
ture differences, the magnitude of surface UHIs, and their changes
over space and time (Chen et al., 2006; Lazzarini et al., 2013; Li et
al., 2011; Mallick et al., 2013; Weng, 2001, 2003; Xiao et al., 2008). A
special form of LC representations are urban surface material maps,
which have been compared to LST patterns as part of some studies
(Ben-DorandSaaroni, 1997;Heldenset al., 2013;Quattrochi andRidd,
1994). On the basis of LC and LU products, it is possible to extract
further USCs, including landscape and settlement density metrics.
Respective research has demonstrated that the composition and con-
figurationofLCelementsaswellas the intensityofurbandevelopment
can be closely connected to the thermal characteristics within cities
(Lietal., 2011;LiuandWeng,2008;Maimaitiyimingetal., 2014;Myint
et al., 2013; Ren et al., 2013; Weng et al., 2008; Xiao et al., 2008; Yue
et al., 2012; Zhang et al., 2009a; Zhou et al., 2011). Besides remotely-
sensed USCs, ancillary geospatial data are sometimes used to analyze
the origins of surface UHI formation. Typical layers of information are
socioeconomic attributes,with population density being a quite com-
mon one (Buyantuyev andWu, 2010; Huang et al., 2011; Weng et al.,
2008; Xiao et al., 2008; Yue et al., 2012).

Theabovecompilationofpapersshowsthataconsiderableamount
ofresearchhasalreadybeendirectedtowardsunderstandingtheinter-
actions between USCs and LST by means of Earth observation. Most
notably, a lot of emphasis has been placed on the two-dimensional
(2D) featuresofacity. Incontrast to that, three-dimensional (3D)USCs,

such as the height or volume of buildings, still remain largely unex-
plored although their impact on the urban climate is unquestioned
(Oke, 1981; Unger, 2004) and their area-wide calculation has become
feasible thanks to the increased availability of appropriate remote
sensingdata(Bergeretal.,2013b;Cooketal.,2013;O’Neil-Dunneetal.,
2013; Ehlers, 2009; Gamba et al., 2005; LiDAR Online, 2014; OpenTo-
pography, 2014). Exceptions to this observation are rare. For instance,
ChunandGuldmann(2014)examinethemaindeterminantsoftheUHI
of Columbus, OH, by feeding a set of remotely-sensed urban parame-
ters (2D and 3D) into spatial regressionmodels. They find that, among
others, 3DUSCs strongly impact urban LST. After evaluating 12 differ-
ent indicators of urban composition (2D) and geometry (3D), Srivanit
and Kazunori (2011) come to a similar conclusion. They report that
the 3D characteristics of Bangkok, Thailand, are able to explain most
of the variations in measurements of LST and air temperature. Apart
from these exceptions, there is still a lack of studies relating 2D and
3D USCs to LST (Chun and Guldmann, 2014; Mallick et al., 2013; Ngie
et al., 2014; Voogt and Oke, 2003). Moreover, previous research
findings are based on the analysis of a single study area, a limited
number of (mainly 2D) USCs, and/or only a few LST scenes acquired
in specific seasons (e.g., Huang et al., 2011; Liu and Zhang, 2011;
Maimaitiyiming et al., 2014; Myint et al., 2013; Ogashawara and da
Silva Brum Bastos, 2012; Ren et al., 2013; Xiao et al., 2008; Weng
et al., 2004; Yue et al., 2012; Zhang et al., 2009a,b). In order to obtain
a more complete picture of the connection between USCs and LST,
more comprehensive investigations still need to be undertaken. The
present study aims to address this need.

This paper focuses on the relationship between USCs and LST.
Particular emphasis is put on an extensive comparison of 2D and 3D
USCs as potential indicators of the surface UHI effect and as potential
predictors for thermal sharpening applications (cf. Zhan et al., 2013).
Both widely-used as well as more recently proposed metrics of the
urban remote sensing literature are investigated within a single
experiment. While some of these USCs have already been used ear-
lier (e.g., ISA and VF), others, like the vegetation volume to built-up
volume (VV2BV) and urban density (UD), have never been analyzed
before in the context of urban temperature studies. In addition to the
comparison of 2D and 3D USCs, the spatio-temporal dependencies
of their relation to LST are examined. To this end, the experimen-
tal setup of this work includes two study areas, 26 USCs, and 16 LST
scenes covering four seasons. The remainder of this paper is struc-
tured as follows. In Sections 2 and 3, the data and methods used to
achieve the above goal are presented. Sections 4 and 5 follow with
the description and discussion of the study results. Section 6 con-
cludes the findings of this investigation and provides an outlook on
future research needs.

2. Materials

The analyses described in this paper are based on very high reso-
lution (VHR) multi-spectral and height data, multi-temporal Landsat
Enhanced Thematic Mapper Plus (ETM+) imagery, as well as addi-
tional geospatial information. The data sets used were acquired over
the cities of Berlin and Cologne, Germany. An overview of the study
areas and database is provided in the following.

2.1. Study areas

The federal city state of Berlin is located in north-eastern Ger-
many (52◦ 31′ 06′ ′

N, 13◦ 24′ 30′ ′
E). It has more than 3.3 million

residents and comprises an administrative area of about 892 km2,
making it the largest city of the country in terms of both popula-
tion and size (Destatis, 2014). Berlin features a gentle topography.
Elevation values range from 34 m a.s.l. in the valley of the HavelRiver
to 115 m a.s.l. on the plateaus and hills surrounding the Spree river
valley (Meng, 2014). According to the Köppen-Geiger classification
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scheme (Köppen, 1936; Peel et al., 2007), the city is characterized
by a humid continental climate (Dfb). Its mean annual temperature
is 9.9 ◦C, with the coldest month being January (average: 0.8 ◦C)
and the warmest month being July (average: 19.8 ◦C). On aver-
age, Berlin experiences 576 mm of precipitation per year (Deutscher
Wetterdienst, 2014).

The City of Cologne is situated in western Germany (50◦ 56′ 33′ ′
N,

06◦ 57′ 32′ ′
E) and belongs to the federal state of North Rhine-

Westphalia. With 1.02 million people living on an official area of
roughly 405 km2, it is the fourth most populous and seventh largest
city of Germany (Destatis, 2014). Cologne lies about 49 m a.s.l. and,
due to its location on both sides of the Rhine river, it does not fea-
ture significant topography (Müllenberg, 2010). The city’s climate
can be described as temperate oceanic (Cfb) (Köppen, 1936; Peel et
al., 2007). Mild winters (average: 3.6 ◦C in January) and relatively
warm summers (average: 20.1 ◦C in July) all contribute to a mean
annual temperature that is higher than for Berlin (11.5 ◦C). Precipi-
tation is evenly spread throughout the year and adds up to an annual
average of 817 mm (Deutscher Wetterdienst, 2014).

2.2. Data

The data for this study consist of VHR multi-spectral and height
data, multi-temporal Landsat ETM+ imagery, as well as additional
geospatial information for both test sites. In total, the data sets cover
360 and 144 km2 of Berlin and Cologne, respectively. The VHR data
are employed tomap urban LC and to compute 2D and 3DUSCs. Some
basic information about them are compiled in Table 1. The multi-
spectral imagery comprises airborne UltraCamX and satellite-borne
Ikonos-2 scenes acquired at different dates and spatial resolutions
(denoted as ground sampling distance (GSD) in Table 1), but with
the same spectral resolution. For each study area, the multi-spectral
imagery is complemented by terrain and/or object height informa-
tion. These are available in the form of digital elevation models
(DEMs) and digital surface models (DSMs) derived from either Ultra-
CamXstereopairsor airborneLiDARdata (i.e., Riegl LMS-Q560).While
DEMs represent the elevation of the bare ground surface without
any objects like buildings or vegetation, DSMs contain information
on both the Earth’s surface as well as all objects on it (Maune, 2007).

The Landsat scenes are used to retrieve multi-temporal LST maps.
As shown in Table 2, an overall number of 16 ETM+ images is consid-
ered. Each image was visually inspected to exclude scenes affected
by clouds, cloud shadows, noise, or other unwanted artifacts. All data
were recorded between July 1999 and April 2003, i.e., prior to the
failure of the scan line corrector (SLC). Apart from a few exceptions,
the acquisitions took place under largely favorable environmental
conditions with clear skies, light winds, and only few precipitation
events several days earlier (Table 2). The data were processed to
Level 1T (precision and terrain corrected) by the United States Geo-
logical Survey (USGS) and both, the reflectance and thermal bands of
each image acquisition take were provided at 30 m spatial resolution
(USGS, 2014). To study the temporal dependencies of the relation-
ship between USCs and LST, the time series covers all meteorological
seasons. Moreover, five summer scenes per study area are selected to
analyzepotential intra-seasondifferences in theUSC–LST connection.

The ancillary data can be grouped into climatological and LU
information. Climate records are needed to atmospherically correct
the thermal bands of the Landsat scenes. They include hourly val-
ues of near-surface air temperature measured at the climate stations
Berlin-Tempelhof and Köln-Bonn (Deutscher Wetterdienst, 2014) as
well as atmospheric soundings of total precipitable water (TPW) cap-
tured within a 6-hour interval by the stations Lindenberg and Essen
(University of Wyoming, 2014). LU information are required to iden-
tify potential intra-urban dependencies of the linkage between USCs
and LST. They were made available as vector files by the cities of
Berlin and Cologne. Each LU map contains a number of functional
classes and the area of reference for both maps is the building block,
i.e., the smallest inner-urban area surrounded by public streets.

3. Methods

The overall workflow of this study is displayed in Fig. 1. It consists
of five consecutive steps, including (1) data preprocessing, (2) LC
mapping, (3) USC calculation, (4) LST retrieval, and (5) correlation
analysis. After data preparation, the VHR multi-spectral and height
data are employed to map fine-scale urban LC. The resulting LC maps
are then used in conjunction with the height information to compute
2D and 3D USCs. In a subsequent step, multi-temporal LST images
are retrieved from the available Landsat ETM+ scenes. The spatio-
temporal investigation of the USC–LST relationship constitutes the
final stage of the workflow. It is achieved in the framework of a
dedicated correlation analysis and by incorporating the LU maps of
Berlin and Cologne. In the following paragraphs, the five steps are
described in more detail.

3.1. Data preprocessing

An almost uniform sequence of preprocessing steps is applied
to the database, with an exception being the VHR data. While
the multi-spectral UltraCamX imagery of Berlin requires no further
preprocessing, the Ikonos-2 scene over Cologne is atmospherically
corrected using ATCOR (Richter and Schläpfer, 2014), panfused using
the high-pass filter (HPF) resolution merge (Gangkofner et al., 2008),
and coregistered to the LiDAR data using manually selected ground
control points (GCPs). VHR height information for Berlin are only
available in the form of a DSM. However, to obtain a normalized dig-
ital surface model (nDSM), a DEM is needed. The latter is created by
applying the Diff2Min approach to the DSM (Voltersen et al., 2014).
Subtraction of the generated DEM from the givenDSMyields the final
nDSM. It contains the height of urban objects relative to the ground.
In contrast to Berlin, a DSM and DEM were provided by the city
of Cologne. Accordingly, it is straightforward to compute the nDSM
from the available data sources (Fig. 2).

In preparation for the subsequent LC classification, additional
features are derived from the VHR inputs. Those are brightness, com-
puted as the average reflectance of the blue, green, red, and near
infrared (NIR) bands within a multi-spectral data set, the standard
deviation of brightness, the normalized difference vegetation index
(NDVI) (Tucker, 1979), and the slope (in percent) of the nDSMs
(Zevenbergen and Thorne, 1987). The latter is useful for identifying

Table 1
The VHR data used to extract urban LC and to calculate USCs (date format: DDMonYY; time format: UTC ).

Multi-spectral imagery Height information

City Sensor Date/Time Spectral bands GSD Sensor Period Products GSD

Berlin UltraCamX 23Sep10, Blue, green, red, 1.0 m UltraCamX Sep10 DSM 1.0 m
07:45Z NIR (stereo)

Cologne Ikonos-2 20Sep05, Blue, green, red, 4.0 m (MS), Riegl Mar10 DSM, 1.0 m
11:07Z NIR, pan 1.0 m (pan) LMS-Q560 DEM
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Table 2
The Landsat ETM+ scenes used to retrieve LST and accompanying meteorological observations (date format: DDMonYY; time format: UTC). Except for precipitation and solar
elevation, all values represent daily means measured at the climate stations of Berlin-Tempelhof and Köln-Bonn (Deutscher Wetterdienst, 2014). Precipitation is reported as sum
that has accumulated three days prior to the acquisitions. Solar elevation information is taken from the metadata of the corresponding Landsat scenes.

Meteorological observationsa

City Season Date Time AT ST RH PR WS WD SD CC SE

Berlin Spring 17Apr03 09:51Z 12.7 11.5 46 0.0 3.5 71 12.7 0.8 44
Summer 20Jun00 09:48Z 28.6 27.2 32 0.0 2.2 187 15.2 1.0 58

11Jul99 09:55Z 24.3 24.3 49 0.0 4.5 78 8.9 5.7 55
28Jul02 09:45Z 23.3 22.6 60 2.2 3.2 105 14.5 0.2 53
14Aug00 09:53Z 24.0 22.5 47 0.1 1.8 119 13.4 0.3 48
20Aug02 09:50Z 22.4 21.8 54 0.0 3.4 88 12.9 0.0 46

Fall 24Sep00 09:47Z 10.5 9.5 69 0.0 4.1 90 11.3 0.0 35
Winter 15Feb01 09:47Z 3.3 2.6 79 0.6 3.0 263 8.0 2.7 22

Cologne Spring 03Apr02 10:10Z 14.9 14.3 41 1.4 6.0 91 11.8 0.9 41
Summer 26Jun01 10:17Z 21.6 22.7 60 0.0 2.8 278 14.7 2.3 57

05Jul01 10:11Z 24.1 24.7 52 0.0 4.4 90 13.4 3.0 58
16Aug02 10:15Z 22.0 22.6 62 0.0 1.8 294 13.1 1.0 48
22Aug01 10:10Z 22.8 23.7 58 0.9 2.7 90 11.8 1.7 47
29Aug01 10:16Z 15.7 16.4 63 1.0 2.3 238 12.1 4.1 44

Fall 22Oct00 10:12Z 14.5 13.0 78 1.3 3.2 155 9.5 1.7 27
Winter 17Feb03 10:10Z −2.6 −4.5 60 0.0 2.5 250 9.5 1.7 24

a AT = Air temperature [◦C]; ST = Surface temperature [◦C]; RH = Relative humidity [%]; PR = Precipitation [mm]; WS = Wind speed [m/s]; WD = Wind direction [degree];
SD = Sunshine duration [hours]; CC = Cloud cover [oktas]; SE = Solar elevation [◦].

transitions between flat areas and elevated objects, such as buildings
and trees (Priestnall et al., 2000).

Preprocessing of the ETM+ scenes involves two steps. First, to
spatially match the imagery to the VHR data, coregistration is per-
formed using GCPs and the DEMs. Second, the time series is clipped
to the spatial extent of the VHR data. The climate records are
prepared in a way that they correspond to the exact time of each
Landsat acquisition. This is realized by means of linear interpolation
between the individual measurements of both air temperature and
TPW.

Since the LU maps of Berlin and Cologne comprise a different
number of similar classes, it is necessary to harmonize them. Map
harmonization is based on visual interpretation, expert knowledge,

and experiences from previous studies (Heiden et al., 2012; Meinel
et al., 2008; Pauleit and Duhme, 2000; Voltersen et al., 2014; Walde
et al., 2014). Two of the major criteria applied are representative-
ness and simplicity. While the former means that the harmonized
map classes should be typical for both study areas, the latter implies
that they ought to be easily comprehensible. For this purpose, only
those LU blocks with distinct physical and functional characteris-
tics are selected to avoid the incorporation of mixed classes. The
described aggregation procedure results in five final LU categories
that are common to each map. These are block development, indus-
trial/commercial areas, row development, detached housing, and
allotment gardens (Fig. 2). The harmonized map categories are very
close to the classification systemproposed by Stewart andOke (2012)

(5) Correlation analysis

Study results

(3) USC calculation

USC maps

(4) LST retrieval

LST maps

(1) Data preprocessing

(2) LC mapping

LC maps

Object 

heights

VHR   

data

ETM+ 

scenes

LU 

blocks

Fig. 1. The conceptual workflow of this study.
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and correspond to the local climate zones (LCZs) of ‘compact midrise’
(block development), ‘heavy industry’ and ‘large low-rise’ (indus-
trial/commercial areas), ‘open midrise’ (row development), ‘open
lowrise’ (detached housing), and ‘sparsely built’ (allotment gardens).
A visual impression of the classes in the final LU maps of Berlin and
Cologne can be obtained in Voltersen et al. (2014).

3.2. LC mapping

Detailed LC maps provide the basis for the later computation of
USCs. Since errors in these maps also determine the quality of the
USCs to be derived, accurate classifications of urban LC are an impor-
tant prerequisite for all further analyses. The methodology applied
here is mainly based on the transferable classification scheme devel-
oped by Berger et al. (2013b) and refined by Voltersen et al. (2014).
Six urban LC classes are extracted from the VHR data sets: Buildings,
impervious surfaces, bare soil areas, tree canopy, grass/shrubs, and
water bodies. To this end, a geographic object-based image analy-
sis (GEOBIA) approach is chosen (Blaschke et al., 2008,2014) because
of its distinct advantages over traditional, pixel-based classification
techniques with respect to feature extraction from VHRmulti-source
imagery (Kim et al., 2010; Myint et al., 2011; Platt and Rapoza, 2008;
Salehi et al., 2012; Yan et al., 2006; Zhou and Troy, 2008; Zhou
et al., 2009). The mapping procedure is implemented as a single
ruleset in Trimble eCognition Developer and its cognition network
language (CNL) (Trimble Ltd., 2014).

In a first step, the input data are processed using the multi-
threshold segmentation. This routine simultaneously segments and
classifies the image into elevated and non-elevated objects accord-
ing to a fixed nDSM threshold. Next, elevated objects are segmented
again based on the NDVI. Tree seed objects with high NDVI val-
ues are now assigned and grown into adjacent pixels of elevated
objects with a lower, but still distinctive NDVI. After the completion
of the tree canopy class, the remaining elevated objects are labeled
as buildings. The segmentation of non-elevated objects is performed
by taking into account all spectral bands, image brightness, and the
standard deviation of the brightness layer. The differentiation of
ground objects is similar to the scheme outlined for elevated ones.
Initially, the NDVI is employed to isolate seed objects belonging to
the class grass/shrubs. These seeds are then grown into objects with
a slightly lower NDVI. Subsequently, the remaining ground objects
are ascribed to impervious surfaces, bare soil areas, or water bod-
ies depending on their brightness, NDVI, slope, size, and standard
deviation of brightness. In the last stage, some obvious misclassi-
fications are corrected and a few reshaping algorithms are applied
to the thematic objects for the purpose of border optimization. In
this way, the original object primitives are successively transformed
into more meaningful objects of interest that better correspond
to the visual perception of humans (Baatz et al., 2008; Benz et
al., 2004; Burnett and Blaschke, 2003). For an illustration of the
described workflow, the reader is referred to Fig. 1 in Voltersen et al.
(2014).

The final LC maps of Berlin and Cologne are displayed in Fig. 3. To
assess mapping accuracy, VHR ortho imagery and Google products
(Google Inc., 2014a,b) are used. A random sampling design is selected
for validation comprising 100 sample points per class and map.
The actual LC at each sample point location is then extracted from
the reference data and compared to the maps. Finally, the numeric
results of the comparison are transferred to an error matrix to deter-
mine classification accuracies and the kappa coefficient of agreement
(Congalton and Green, 2009). Apart from some minor classification
errors, the assessment confirms the high quality of the generated
LC maps. While their overall accuracy is 92.2% for Berlin and 91.3%
for Cologne, the kappa coefficient amounts to 0.91 and 0.89, respec-
tively. Hence, the mapping results can be considered as very good
and suitable for the calculation of USCs.

3.3. USC calculation

The obtained LC maps and the preprocessed nDSMs enable the
calculation of various USCs. For the sake of brevity, an overview of
the indicators featured in this study is compiled in Tables 3 and 4.
As can be seen, 26 absolute and relative 2D/3D USCs are extracted
from the VHR input data and products. Unlike absolute USCs, relative
USCs represent normalized quantities and are therefore dimension-
less. Note that all metrics are summarized at the Landsat pixel level
(i.e., 30 m spatial resolution) as the basis for later comparisons with
LST. For instance, the relative area of buildings (i.e., RA (B)) within
each Landsat pixel is defined as the ratio of building area (taken
from the VHR LC maps) and the total area of the respective resolu-
tion cell (i.e., 900 m2). The effort of processing an overall number of
15,540,060 ETM+ pixels is rather high and takes about1000 working
hours using a Windows desktop PC equipped with a 3.4 GHz quad-
core processor and 8 GB of RAM. To provide an example of the USCs
under consideration, the widely-used ISA (Lazzarini et al., 2013; Li
et al., 2011; Myint et al., 2013; Weng et al., 2008; Xian, 2008; Xian
and Crane, 2006; Yuan and Bauer, 2007; Yue et al., 2012; Zhang et al.,
2009b) is illustrated in Fig. 3.

The selection of USCs is not based on any specific hypotheses. This
means that, even though assumptions could be made on the basis
of earlier works, there are no particular expectations with regard to
the linkage between the chosen USCs and LST. Instead of hypotheses,
the USC selection stems from existing research needs (cf. Section 1).
There is a lack of comprehensive investigations relating 2D and 3D
USCs to LST. The present study addresses this need by incorporat-
ing an extensive set of USCs as potential indicators of the surface
UHI effect and as potential predictors for thermal sharpening appli-
cations. To this end, focus is put on both widely-used as well as
more recently proposed metrics of the urban remote sensing liter-
ature (e.g., McGarigal, 2014; Meinel et al., 2008; Pan et al., 2008;
Salomons and Berghauser Pont, 2012; Shannon and Weaver, 1949;
Tompalski and Wezyk, 2012; Yu et al., 2010; Yuan and Bauer, 2007).
While some of these USCs have already been used (e.g., ISA and VF),
others, like VV2BV and UD, have never been analyzed before in the
context of surface UHI studies. Accordingly, and in contrast to pre-
vious publications, the selection based on research needs enables
novel, comprehensive, and consistent comparisons between 2D and
3D USCs within a single experiment.

3.4. LST retrieval

The retrieval of LST from the selected Landsat ETM+ scenes is
accomplished by applying the mono-window algorithm (Qin et al.,
2001) to the high gain thermal band of each image. The method is
available as a C++program (Zhang et al., 2006) and consists of three
essential steps. First, the quantized calibrated pixel values (Qcal in
digital numbers, DNs) of the thermal band are converted to at-sensor
spectral radiance (Lk in W/(m2 sr lm)) using

Lk =

(
LMAXk − LMINk

Qcalmax − Qcalmin

)
(Qcal − Qcalmin) + LMINk (1)

where Qcalmin and Qcalmax are the minimum and maximum quantized
calibrated pixel values in DN, and LMINk and LMAXk are the at-sensor
spectral radiances that are scaled to Qcalmin (=0) and Qcalmax (=255)
in W/(m2 sr lm) (Chander et al., 2009). Second, Lk is converted to
at-sensor brightness temperature (Tb in K) by

Tb =
K2

ln
(
K1
Lk

+1
) (2)
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Table 3
Summary of the 2D USCs considered in this study.

Short form Description Range Unit

2D (absolute)a

BF Mean area covered by buildings ±0 . . .+ ∞ m2

D2B Mean distance between buildings and their nearest neighbor ±0 . . .+ ∞ m

2D (relative)b

FD (B) Mean complexity of buildings as expressed by a perimeter–area ratio +1 . . .+2 –
ISA Ratio of area covered by buildings/impervious surfaces and total block area ±0 . . .+1 –
LW (B) Mean ratio of length and width of buildings +1 . . .+ ∞ –
RA (B) Ratio of area covered by buildings and total block area ±0 . . .+1 –
RA (I) Ratio of area covered by impervious surfaces and total block area ±0 . . .+1 –
#B/A Normalized number of buildings per block area −∞ . . .+1 –
RA (G) Ratio of area covered by grass/shrubs and total block area ±0 . . .+1 –
RA (T) Ratio of area covered by trees and total block area ±0 . . .+1 –
VF Ratio of area covered by trees and grass/shrubs and total block area ±0 . . .+1 –
RA (S) Ratio of area covered by bare soil and total block area ±0 . . .+1 –
SDI Measure quantifying the proportional abundance of each LC class ±0 . . .+ ∞ –

a BF = Building footprint; D2B = Distance to buildings.
b FD (B) = Fractal dimension of buildings (McGarigal, 2014) ; ISA = Impervious surface area; LW (B) = Length to width ratio of buildings; RA (B) = Relative area of buildings;

RA (I) = Relative area of impervious surfaces; #B/A= Number of buildings per block (Meinel et al., 2008) ; RA (G) = Relative area of grass/shrubs; RA (T) = Relative area of trees;
VF = Vegetation fraction; RA (S) = Relative area of bare soil areas; SDI = Shannon’s diversity (Shannon and Weaver, 1949) .

where K2 and K1 are calibration constants in K and W/(m2 sr lm),
respectively (Chander et al., 2009). Third, Tb is corrected for land
surface emissivity and atmospheric effects to finally retrieve LST (Ts
in K):

Ts =
a(1 − C − D) + Tb (b(1 − C − D) + C + D) − DTa

C
(3)

where a and b are dimensionless calibration constants and Ta is the
effective mean atmospheric temperature in K (Qin et al., 2001). The
parameters C and D are obtained from

C = et (4)

D = (1 − t)(1 + (1 − e)t) (5)

where e is the emissivity of the ground and t is the atmospheric
transmittance. Hence, the three unknowns needed to compute Ts
from Tb are Ta, e, and t. Ta is approximated by a pair of linear

equations corresponding to the two standard atmospheric profiles
mid-latitude summer and mid-latitude winter (Cole et al., 1965;
Qin et al., 2001). Its calculation only requires knowledge about the
near-surface air temperature during the satellite overpass. This infor-
mation is taken from the climate records available to this study
(Deutscher Wetterdienst, 2014). Another set of empirical functions
allows for the derivation of t from the TPW observations at hand
(Qin et al., 2001; University of Wyoming, 2014). Finally, e is esti-
mated using the ratio method proposed by Valor and Caselles (1996).
This technique adaptively assigns emissivity values depending on
the percentage of vegetation within each Landsat pixel and some
user-defined thresholds. To quantify vegetation abundance, the NDVI
(Tucker, 1979) is employed (Zhang et al., 2006). The ratio method is
chosen because it is well-established and straightforward to imple-
ment. Moreover, it is able to estimate e and its spatial variability
not only for vegetated, but also for non-vegetated surfaces. This is
because the abundance of impervious surfaces is inversely related
to the abundance of vegetation within a city (Gluch and Ridd, 2010;
Weng, 2012). Accordingly, the NDVI-based approach is suitable to
map the spatial variability of e in the context of this study because it
enables a differentiation between vegetated and urban areas on the
basis of continuous values of vegetation abundance.

Table 4
Summary of the 3D USCs considered in this study.

Short form Description Range Unit

3D (absolute)a

BH Mean height of buildings ±0 . . .+ ∞ m
BV Mean volume of buildings ±0 . . .+ ∞ m3

BV/F Mean volume of buildings per floor ±0 . . .+ ∞ m3

GFA Mean area of all floors of a building ±0 . . .+ ∞ m2

TH Mean height of trees ±0 . . .+ ∞ m
TV Mean volume of trees ±0 . . .+ ∞ m3

3D (relative)b

BA Aggregation of buildings as expressed by a combination of two ratios ±0 . . .+1 –
CI Ratio of building volume and total block area ±0 . . .+ ∞ –
FAR Ratio of sum of gross floor area and total block area ±0 . . .+ ∞ –
UD Intensity of urban development as expressed by a combination of four USCs −2 . . .+2 –
SVF Ratio of the radiation received (or emitted) by a planar surface to the radiation emitted (or received) by the entire sky hemisphere ±0 . . .+1 –
UVI Combined ratio quantifying the relation between vegetation and buildings ±0 . . .+1 –
VV2BV Ratio of tree volume and building volume ±0 . . .+1 –

a BH = Building height; BV = Building volume; BV/F = Building volume per floor; GFA = Gross floor area; TH = Tree height; TV = Tree volume.
b BA = Building aggregation (Berger et al., 2013a); CI = Cubic index; FAR = Floor area ratio; UD = Urban density (Berger et al., 2013a); SVF = Sky view factor (Zakšek et al.,

2011); UVI = Universal vegetation index (Tompalski and Wezyk, 2012); VV2BV = Vegetation volume to built-up volume (Tompalski and Wezyk, 2012).
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Two examples of the resulting LST maps are shown in Fig. 3. The
validation of these maps is a challenging task because the scales
probed by satellite and field sensors are very different from each
other. Moreover, LST is highly dynamic over space and time (Li et al.,
2013), which makes it difficult to collect appropriate reference data
for this study. In order to provide a rough estimate of the retrieval
errors to be expected, the scientific literature can be consulted. Qin
et al. (2001) assess the accuracy of the mono-window algorithm by
means of the radiance-based method (Li et al., 2013). They find that
the differences between retrieved and simulated Landsat LST range
from 0.02 to 0.52 K under varying conditions. Sobrino et al. (2004)
evaluate three methods to retrieve LST from Landsat Thematic Map-
per (TM) imagery. With a root mean square error (RMSE) of 0.9
K, their results suggest that the mono-window algorithm performs
best when atmospheric sounding data are available. Drawing from
the experiences of the above studies, it is estimated that the LST
maps considered in this paper feature uncertainties not higher than
1–2 K.

3.5. Correlation analysis

In the final stage of the presented workflow, the calculated USC
maps are compared to the retrieved LST images to assess their spatio-
temporal relationship. This is achieved by the use of Spearman’s rank
correlation coefficient, also known as Spearman’s rho or simply q
(Spearman, 1904, 1907). Other than the product–moment correla-
tion after Pearson (1896, 1920), q is a nonparametric measure of
statistical dependence between two given streams of data. It esti-
mates how well the connection between these variables can be
described by a monotonic function without making any assumptions
about their frequency distribution (Hauke and Kossowski, 2011).
Therefore, it is a suitable estimator when the distributions of the
input data are non-Gaussian (Kowalski, 1972), as is the case for the
USCs selected in this study. Furthermore, q does not require a lin-
ear relationship between the statistical series of interest (Hauke and
Kossowski, 2011). The strength of association is quantified by corre-
lating the ranks of observations, which has the additional advantage
of being more robust against outliers (Croux and Dehon, 2010).

In principle, Spearman’s q is a special form of the Pearson
coefficient. For a sample size of n, it is formulated as

q =
∑n

i=1(xi − x̄)(yi − ȳ)√∑n
i=1 (xi − x̄)2

∑n
i=1 (yi − ȳ)2

=
cov(x, y)
sxsy

(6)

where xi and yi are the ranks of the variables Xi and Yi, x̄ and ȳ are the
mean ranks of X and Y, cov(x, y) is the covariance of x and y, and sxsy is
the product of their standard deviations, respectively. It is a dimen-
sionless quantity that ranges between −1 and+1, thereby indicating
either a perfect negative or positive correlation. When q becomes
0, no statistical dependence exists. The significance of the resulting
q-values can be determined via

t = q

√
n − 2
1 − q2

(7)

which corresponds to an asymptotic approximation of the Stu-
dent’s t-distribution with n−2 degrees of freedom under the null
hypothesis (Press et al., 1992).

It is worth noting that the mutual relationship between USCs and
LST is assessed at the spatial resolution of the Landsat data (i.e., 30
m). To facilitate the comparisons, image pixels covering water bodies
are masked out (cf. Xian and Crane, 2006; Yuan and Bauer, 2007).
Moreover, NoData values occurring in the north-western parts of two
ETM+ scenes over Berlin are excluded from any calculation. As part

of the correlation analyses, the LUmaps of both study areas (Table 2)
are employed to identify potential intra-urban dependencies of the
USC–LST connection. In this context, only those Landsat pixels that
completely fall within a single LU block are regarded.

4. Results

The main result of this study is presented in Table 5. It quantifies
the relationship between the selected USCs and the LST scenes under
consideration. The observed relations are expressed by means of
Spearman’s rank correlation coefficient (q). All displayed correlation
values are significant at the 0.01 level. To facilitate data interpreta-
tion, a color coding scheme is applied to the figures. While lower
correlations are indicated by white color, tones of blue and orange
suggest higher negative and positive correlations, respectively. There
are two ways to comprehend the table. When read from top to bot-
tom, the correlation differences between the individual USCs become
obvious. When read from left to right, the spatio-temporal depen-
dencies of the USC–LST connection are revealed. In particular, any
potential effects of the study area as well as both the season and date
of the Landsat acquisitions are emphasized. Based on these results,
some general observations of the linkage between USCs and LST can
be made.

First, no matter which city, season or acquisition date is regarded,
the performances of the USCs are, relative to each other, fairly con-
sistent. With values of up to ±0.79, VF and ISA yield the highest
correlations within the comparison. Stronger positive and negative
relationships are also found for UVI, VV2BV, RA (T), and UD. Depend-
ing on the framework conditions, the maximum scores obtained
from these indicators range between −0.77 (UVI) and 0.65 (UD). In
contrast to the aforementioned observations, most of the USCs per-
form only moderately. Typical representatives of the top end, the
mid-range, and the bottom end of this group of parameters are BF,
SVF, LW (B), and RA (G), reaching q-values of up to 0.62, −0.58, 0.52,
and −0.39, respectively. There are only two USCs that show almost
no statistical connection to LST. Under favorable conditions, these
metrics produce correlation scores as high as 0.29 (SDI) and 0.22
(RA (S)).

Second, the relationship between USCs and LST varies over space
and remains about the same over time. From a spatial viewpoint, the
strength of correlation differs in dependence of the test site. On aver-
age, the Spearman coefficients reported for Cologne are about ±0.16
higher than those measured in Berlin. From a temporal viewpoint,
the observed rank correlations do not change much when thermal
data from different seasons and dates are used to retrieve LST. This
is supported by the mean standard deviations of the q-values, which
are comparatively low for both Berlin (0.06) and Cologne (0.07). Nev-
ertheless, there are a few exceptions suggesting that at least some
larger inter- and intra-season fluctuations exist. For example, the
winter scene acquired over Berlin (15Feb01) and one of the summer
scenes of Cologne (29Aug01) feature correlation coefficients that are
on average 0.1 lower than those listed for the other ETM+ images.

In addition to the above differences in correlation between Berlin
and Cologne, Fig. 4 deals with the intra-urban dependencies of the
linkage between USCs and LST. More specifically, it displays the rela-
tionship between four selected USCs and themulti-temporal average
of LST as a function of the predominant type of LU in both cities.
Each USC belongs to one of the subcategories defined in Table 5
(i.e., absolute/relative, 2D/3D) and, at the same time, represents
the best performing indicator of this particular group. The spider
charts make clear that the USC–LST connection does not only dif-
fer between, but also within the two study areas, no matter which
of the four USCs is examined. In Berlin, the highest absolute val-
ues of Spearman’s q are reported for detached housing. On average,
they amount to 0.42. Row development, allotment gardens, and
block development form a group of use types with similar mean
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Table 5
Spatio-temporal relationship between the selected USCs and LST as expressed by Spearman’s rank correlation coefficient (date format: DDMonYY).

Berlin Cologne

Spr Sum Sum Sum Sum Sum Fall Win Spr Sum Sum Sum Sum Sum Fall Win

USC 17Apr03 20Jun00 11Jul99 28Jul02 14Aug00 20Aug02 24Sep00 15Feb01 03Apr02 26Jun01 05Jul01 16Aug02 22Aug01 29Aug01 22Oct00 17Feb03

2D (absolute)

BF +0.35 +0.38 +0.35 +0.47 +0.37 +0.43 +0.44 +0.31 +0.55 +0.60 +0.62 +0.59 +0.51 +0.39 +0.61 +0.52

D2B +0.20 +0.22 +0.19 +0.31 +0.22 +0.28 +0.29 +0.22 +0.48 +0.53 +0.54 +0.51 +0.43 +0.33 +0.53 +0.43

2D (relative)

FD (B) +0.11 +0.12 +0.09 +0.20 +0.12 +0.18 +0.18 +0.13 +0.45 +0.48 +0.50 +0.47 +0.38 +0.29 +0.49 +0.38

ISA +0.57 +0.56 +0.62 +0.66 +0.58 +0.66 +0.62 +0.40 +0.73 +0.77 +0.79 +0.75 +0.67 +0.57 +0.72 +0.66

LW (B) +0.17 +0.20 +0.16 +0.28 +0.19 +0.26 +0.26 +0.21 +0.47 +0.51 +0.52 +0.49 +0.41 +0.31 +0.52 +0.41

RA (B) +0.35 +0.38 +0.36 +0.48 +0.38 +0.45 +0.45 +0.31 +0.56 +0.61 +0.63 +0.60 +0.52 +0.40 +0.62 +0.53

RA (I) +0.40 +0.39 +0.44 +0.45 +0.40 +0.47 +0.42 +0.29 +0.59 +0.62 +0.64 +0.59 +0.52 +0.46 +0.56 +0.50

#B/A −0.19 −0.22 −0.19 −0.32 −0.22 −0.29 −0.29 −0.20 −0.52 −0.56 −0.57 −0.54 −0.46 −0.35 −0.57 −0.46

RA (G) −0.30 −0.21 −0.27 −0.34 −0.24 −0.33 −0.31 −0.18 −0.36 −0.32 −0.33 −0.39 −0.29 −0.21 −0.37 −0.34

RA (T) −0.48 −0.52 −0.58 −0.51 −0.56 −0.52 −0.50 −0.28 −0.42 −0.55 −0.53 −0.60 −0.65 −0.67 −0.49 −0.54

VF −0.59 −0.57 −0.64 −0.67 −0.62 −0.68 −0.65 −0.40 −0.65 −0.72 −0.72 −0.79 −0.72 −0.66 −0.70 −0.67

RA (S) +0.14 +0.12 +0.15 +0.09 +0.18 +0.13 +0.14 +0.07 −0.01 +0.04 +0.01 +0.15 +0.17 +0.22 +0.04 +0.09

SDI +0.06 +0.13 +0.04 +0.16 +0.10 +0.15 +0.17 +0.18 +0.26 +0.26 +0.29 +0.22 +0.16 +0.09 +0.25 +0.15

3D (absolute)

BH +0.27 +0.31 +0.28 +0.41 +0.30 +0.38 +0.39 +0.28 +0.50 +0.55 +0.57 +0.54 +0.45 +0.33 +0.57 +0.49

BV +0.33 +0.37 +0.34 +0.46 +0.36 +0.43 +0.43 +0.31 +0.54 +0.59 +0.61 +0.58 +0.50 +0.38 +0.60 +0.52

BV/F +0.35 +0.37 +0.35 +0.47 +0.37 +0.43 +0.44 +0.31 +0.55 +0.60 +0.61 +0.59 +0.51 +0.39 +0.61 +0.52

GFA +0.33 +0.37 +0.34 +0.46 +0.36 +0.43 +0.43 +0.31 +0.55 +0.59 +0.61 +0.58 +0.50 +0.38 +0.60 +0.52

TH −0.27 −0.30 −0.35 −0.26 −0.34 −0.28 −0.26 −0.13 −0.34 −0.46 −0.43 −0.51 −0.56 −0.59 −0.39 −0.42

TV −0.37 −0.42 −0.47 −0.40 −0.46 −0.41 −0.39 −0.21 −0.40 −0.53 −0.50 −0.58 −0.62 −0.65 −0.46 −0.50

3D (relative)

BA +0.31 +0.35 +0.32 +0.45 +0.35 +0.42 +0.42 +0.29 +0.55 +0.60 +0.62 +0.59 +0.50 +0.38 +0.61 +0.53

CI +0.34 +0.37 +0.34 +0.47 +0.36 +0.43 +0.44 +0.31 +0.55 +0.60 +0.61 +0.59 +0.50 +0.38 +0.61 +0.53

FAR +0.34 +0.37 +0.34 +0.47 +0.36 +0.43 +0.44 +0.31 +0.55 +0.60 +0.62 +0.59 +0.50 +0.38 +0.61 +0.53

UD +0.40 +0.43 +0.43 +0.53 +0.43 +0.50 +0.49 +0.32 +0.58 +0.64 +0.65 +0.63 +0.54 +0.43 +0.64 +0.56

SVF −0.32 −0.36 −0.33 −0.43 −0.34 −0.41 −0.41 −0.31 −0.52 −0.56 −0.58 −0.55 −0.48 −0.41 −0.56 −0.49

UVI −0.44 −0.49 −0.50 −0.56 −0.51 −0.54 −0.53 −0.34 −0.67 −0.75 −0.75 −0.77 −0.71 −0.62 −0.72 −0.66

VV2BV −0.43 −0.48 −0.49 −0.55 −0.50 −0.53 −0.52 −0.33 −0.66 −0.74 −0.74 −0.76 −0.71 −0.62 −0.71 −0.64

Spearman’s ρ −1 0 +1

scores ranging from 0.31 to 0.28. The lowest mean rank correlation
(0.24) is found in areas characterized by industrial and commercial
LU. For Cologne, the numbers obtained are quite different. Judged
by the mean absolute values of Spearman’s q in descending order,
block development (0.52) leads the ranking. In between lie the per-
formances of row development, detached housing (both 0.41), and
industrial/commercial areas (0.35). Allotment gardens (0.07) provide
the lowest correlations.

Another prominent feature of the spider charts is that the high-
est overall rank correlations are always achieved when all LU blocks
or even all Landsat pixels enter the calculations. The corresponding
correlation coefficients are significantly higher than those of the indi-
vidual LU classes. For Berlin and Cologne, they reach mean values of
0.54 and 0.65 in case all LU blocks are investigated as well as 0.46
and 0.63 in case all Landsat pixels are analyzed.

5. Discussion

In the following paragraphs, the performances of 2D and 3D
USCs are compared and the spatio-temporal dependencies of the
USC–LST connection are debated on the basis of the obtained corre-
lation statistics. A discussion of some methodological considerations
concludes the section.

5.1. Comparison of 2D and 3D USCs

From the numbers in Table 5, it becomes clear that ISA and
VF, some of the most widely-used 2D metrics (Chen et al., 2006;
Lazzarini et al., 2013; Liu and Zhang, 2011; Ogashawara and da Silva
Brum Bastos, 2012; Small, 2006; Weng et al., 2004; Xian, 2008; Xian
and Crane, 2006; Yuan and Bauer, 2007; Zhang et al., 2009b), are

most strongly correlatedwith LST. The only 3DUSCs showing similar,
but not as high overall performances are UVI and VV2BV. Apart from
this, the general tendency is that ISA and VF outperform all other
USCs, including 2D and 3D indicators. Considering that the presence
of buildings and trees adds a third spatial dimension to the urban
landscape, one might not expect the 3D USCs to have a lower dis-
criminative power than simple 2D measures like ISA and VF. The
explanation for this observation is linked to the way LST is deter-
mined with remote sensing technology (Roth et al., 1989; Voogt and
Oke, 1997).

In this study, thermal data provided by the Landsat-7 satellite
mission are employed to retrieve LST. Since the onboard ETM+
sensor has a nadir-pointing viewing geometry, cities are observed
from a bird’s eye view with maximum “off-nadir” angles of 7.4◦
towards the edges of a scene (Hodgson and Kar, 2008). This means
that horizontal urban surfaces (e.g., roofs, tree tops, and roads) are
oversampled while vertical urban surfaces (e.g., building walls) are
underrepresented in ETM+ based retrievals of LST. The inherent
oversampling of plane areas is likely to be the reason why certain
2D USCs are more closely related to LST than 3D ones. It follows
that the correlation statistics presented above are only valid for LST
measurements derived from satellite remote sensing with nadir-
pointing imaging systems. A more objective comparison between 2D
and 3D USCs would only be possible if the temperature of the true
active surface, i.e., the entire 3D urban surface with which the atmo-
sphere is in contact (Roth et al., 1989; Voogt and Oke, 1997), was
known.

Subject to data availability, an alternative approach could be
to link 2D and 3D USCs to city-wide maps of both LST as well
as (near-surface or rooftop level) air temperature and to compare
the obtained correlation statistics. In the framework of such an
experiment, it is expected that 2DUSCs (e.g., ISA) will have a stronger
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Fig. 4. Correlation between four selected USCs and the multi-temporal average of LST as a function of urban LU. The strength of association is quantified by absolute values of
Spearman’s q. BD = Block development; IC = Industrial/commercial areas; RD = Row development; DH = Detached housing; AG = Allotment gardens; LU = All LU blocks;
LA = All Landsat pixels.

relationship to surface UHIs (i.e., the LST maps) while 3D USCs (e.g.,
the SVF) will be more closely connected to the canopy layer UHI (i.e.,
the air temperature maps). This assumption would be supported by
UHI theory (e.g., Oke, 1981, 1982) and would be in line with the
results of this study as well as the findings of related works (e.g.,
Srivanit and Kazunori, 2011).

5.2. Spatial dependencies of the USC–LST relationship

The study results enable the identification of inter- and intra-
urban differences in the USC–LST connection. With respect to the
former, Table 5 suggests that the statistical dependence between
USCs and LST is much higher for Cologne than it is for Berlin. There
are several factors causing this phenomenon, and all of them are
related to the geography of the cities. To facilitate the comparison,
Fig. 2 can be consulted. When compared to each other, the most
noticeable differences between Cologne and Berlin are their spatial
forms and structures. Over the centuries, Cologne has grown radially
around its historic center. It therefore features a very compact struc-
ture that can be described by the concentric ring model (Burgess,
1925). In contrast, Berlin represents a consolidation of early settle-
ments that has spread extensively throughout the years. Accordingly,
it is a decentralized city spanning a much larger area and resembling
the multiple nuclei model (Harris and Ullman, 1945).

The less compact structure of Berlin can be quantified by the
ratio of mean building height (i.e., BH) to the mean distance between
buildings (i.e., D2B). This geometric measure provides an estimate of
the canyon aspect ratio (CAR) (Oke, 1988) for an entire city. While
CAR amounts to 1.53 for Cologne, it only reaches a score of 0.84
for Berlin. Considering that regular and deep street canyons gener-
ally feature CAR values of around 1 and 2, respectively (Vardoulakis
et al., 2003), this comparison shows that Berlin is structurally much
less compact than Cologne. The above observation is also reflected
by a higher number of evenly distributed and variably sized parks
and other urban green spaces in Berlin (cf. Fig. 2). As a result, the
average ratio of vegetation volume to building volume (i.e., VV2BV)
is 21% higher for the capital city. Moreover, the LC maps extracted
from the VHR data indicate a 5 and 7% higher share of grass (i.e.,
RA (G)) and tree canopy cover (i.e., RA (T)) in Berlin. The latter esti-
mation seems reasonable given that alone more than 400,000 trees
line its streets while Cologne only hosts 76,000 street trees (Berlin
Senate Department for Urban Development and the Environment,
2013; Stadt Köln, 2013). When normalized by the administrative
area of the cities, these numbers correspond to 448 (Berlin) and 188
(Cologne) street trees per km2. Another important characteristic of

Berlin is its more regular arrangement of building blocks as well as
the occasionally grid-like network of streets (cf. Fig. 2).

Individually and in their entirety, these factors, be it urban form
and compactness, urban green spaces and street trees, or the con-
figuration of LC elements (cf. Arnfield, 2003; Gago et al., 2013;
Grimmond, 2007; Li et al., 2011; Loughner et al., 2012; Ngie et al.,
2014; Ren et al., 2013; Rizwan et al., 2008; Unger, 2004; Zhang
et al., 2009a; Zhou et al., 2011), essentially contribute to a much less
pronounced surface UHI of Berlin and a much more pronounced sur-
face UHI of Cologne (cf. Fig. 3). Fig. 5 supports this statement by
quantifying the intensity of the surface UHIs for the ETM+ scenes
investigated. After Xian (2008), surface UHI intensity can be defined
as the mean temperature difference (DLST in K) between four classes
of urban land and the rural background (ISA<10%). As can be seen,
the surface UHI intensity of Berlin is often significantly smaller than
the one of Cologne, especially in the warm season. It is deduced that
the distinct geographies of Berlin and Cologne do not only affect their
thermal properties, but that they also determine the differences in
correlation found for both test sites.

With respect to intra-urban differences, Fig. 4 highlights that the
linkage between USCs and LST varies within the boundaries of a
city. In particular, the spider charts contain two striking features.
First, the observed relationships depend on the inner-urban region
that is analyzed. Second, the LU-specific correlation statistics are dif-
ferent for Berlin and Cologne. A closer examination of these issues
reveals that the strength of association is often driven by intra-class
variability. That is, for a given type of urban LU, Spearman’s q gen-
erally increases when both the USC and LST scene considered span
a broader range of values. This is typically the case for LU classes
composed of thermally distinct LC elements. For example, blocks
dominated by detached housing usually feature a mixture of build-
ings, impervious surfaces, trees, short vegetation, and sometimes
even water bodies. All of these LC types exhibit individual radiative
properties and thus contribute to a strong within-class variability of
the LST signal. At the same time, the composition of these LC units
is different from block to block, leading to a simultaneous spread
of USC values found for detached housing. To illustrate this causal-
ity, Fig. 6 compares the ISA–LST scatterplots for detached housing
and allotment gardens. It is demonstrated that higher q scores are
achieved for larger ranges of the two variables, especially in the case
of Cologne. This tendency is substantiated by the fact that the highest
overall performances of any USC are obtained when all LU blocks or
even all Landsat pixels enter the calculations (Fig. 4). Hence, it seems
reasonable to assume that, within a particular LU category, wider
ranges of USC and LST are frequently accompanied by higher rank
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Fig. 5. Surface UHI intensities (DLST) of Berlin and Cologne.

correlation coefficients. The implications of these findings are three-
fold. First, LU-dependent correlation analyses allow for the detection
of areas within a city that are more or less connected to LST. Second,
they provide a means to better understand the higher overall corre-
lations reported for an entire test site. And finally, they emphasize
that a single correlation value only represents an integrated estimate
of the USC–LST relationship which might not be sufficient for certain
types of studies.

5.3. Temporal dependencies of the USC–LST relationship

Table 5 indicates that the linkage between USCs and LST is fairly
consistent over time. In fact, many USCs, including ISA and VF,
exhibit a quite stable behavior across all LST images. Nevertheless,
there are a few exceptions suggesting that at least some larger inter-
and intra-season variations exist. The most prominent examples are
provided by thewinter scene acquired over Berlin (15Feb01) and one
of the summer scenes of Cologne (29Aug01). On average, the abso-
lute q scores yielded for these LST measurements are 0.1 lower than
those gained for the remaining ETM+ acquisitions. Closer inspection
reveals that the observations are not the result of an individual cause.
The above tendencies rather stem from an interplay of factors known
to affect LST and its relation to USCs, including the season of acquisi-
tion, vegetation phenology, meteorological settings, and others (e.g.,
Chen et al., 2006; Li et al., 2011; Liu andWeng, 2008; Ren et al., 2013;
Roth et al., 1989; Weng et al., 2008; Yuan and Bauer, 2007; Zhang
et al., 2009b).

In the case of Berlin, the winter scene (15Feb01) was acquired
at a much smaller, season-specific solar altitude (22.9◦) than the
other images (average: 48.9◦). This circumstance is accompanied by
a significant decrease in solar radiation and a substantial increase in
surface shadowing before and during the time of acquisition. Due to
the lack of area-wide insolation, the heating of the urban landscape
is partly halted (e.g., Theeuwes et al., 2014). While being closely
linked to the season of acquisition, vegetation phenology constitutes
another important aspect. Since the rate of plant transpiration is
greatly reduced during the cold (leaf-off) season, the effect of vegeta-
tion cooling is barely evident inwinter LST imagery. Another reason is
that temperatures of the surroundingman-made surfaces are already
low due to the decreased insolation and/or increased shading.

By comparing the correlation values obtained for the winter
images of Berlin (15Feb01) and Cologne (17Feb03), it can be derived
that further factors need to be considered. Otherwise, it would not

be possible to explain the observed differences in correlation. In this
regard, a number of climate variables come into question (Table 2).
The most notable disparity between the winter acquisitions is cloud
cover, which is known to mitigate surface UHI intensity (Oke et al.,
1991). It amounts to 2.7 and 0 oktas for Berlin and Cologne, respec-
tively. Other causes for the weaker relationship between USCs and
winter LST in Berlin (i.e., as compared to Cologne) are indicated by
a lower sunshine duration (8 h) and solar elevation (22.9◦) as well
as higher values of wind speed (3 m/s) and precipitation (0.6 mm)
for Berlin (Table 2). Besides these meteorological differences, and as
detailed in Section 5.2, the distinct geographies of both cities have to
be taken into account.

For understanding the USC–LST relationships found in Cologne
(29Aug01), themeteorological context of the respective ETM+ scene
has to considered. The normalized graphs and statistics in Table 6
show that climatic conditions have changed significantly over the
three days prior to the acquisition (i.e., starting at t (−3d)). More
specifically, an increase in cloud cover (by 3.1 oktas), wind speed (by
2.1 m/s), and peak wind speed (by 5.6 m/s) as well as a decrease in
sunshine duration (by 6.1 h) were recorded at the observing station
of Köln-Bonn at t (−2d). These atmospheric changes were associ-
ated with a smaller precipitation event (1 mm) and led to a sudden
and steep drop in near-surface air temperature of 12 ◦ C by t (−1d).
On the date of acquisition (t (−0d)), the air temperature was 1.4
K lower than the long-term mean for the international reference
period (1981–2010). This is in stark contrast to the other four sum-
mer scenes, which were on average 5.3 K warmer than the 30-year
mean (Deutscher Wetterdienst, 2014). Moreover, cloud cover was
comparably high and amounted to 4.1 oktas (cf. Table 2). This indi-
cates that the weather on that day was characterized by a mix of sun
and clouds, even though the exact timing and spatial distribution of
cloud cover remains unknown. Given these meteorological circum-
stances, it can be expected that Cologne’s ability to generate a surface
UHI was considerably reduced on 29Aug01.

Taken together, all of the above factors contribute to the per-
ceptibly weaker correlations for scenes 15Feb01 and 29Aug01 when
compared to the other thermal images used within the experiment.
In other words, the temperature gradients between rural and urban
areas as well as between individual urban LC/LU structures are less
pronounced under certain conditions. This is also reflected by the
relatively low surface UHI intensities reported for the acquisitions
in question (Fig. 5). The provided examples demonstrate that the
association between USCs and LST can be subject to larger inter-
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Fig. 6. Scatterplots of ISA versus the multi-temporal average of LST for two selected LU types.

and intra-season fluctuations for different reasons. This highlights
the importance of and need for careful data selection and interpre-
tation when studying surface UHIs and their determining factors
with mono-temporal remote sensing. At the same time, it is empha-
sized that the increased empirical evidence gained from LST time
series allows for the deduction of general data trends at higher lev-
els of confidence. Thus, investigating thermal infraredmeasurements
from multiple dates represents an adequate means to obtain a more
complete picture of the USC–LST connection.

5.4. Methodological considerations

For a better interpretation of the study results, it is impor-
tant to highlight potential issues and errors resulting from the
workflow presented (Section 3). Therefore, the main sources of
uncertainties related to the data and methods used in this work
are summarized and discussed in the following. In general, they
can be grouped according to the individual stages of the overall
methodology (Fig. 1).
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Table 6
Meteorological context of the ETM+ scene acquired over Cologne on 29Aug01. The reported climate parameters were measured at the observing station of Köln-Bonn
(Deutscher Wetterdienst, 2014). The statistics provided for each parameter (avg, min, max) are based on daily mean values and refer to the time period 14 days prior to
the Landsat acquisition. The graphs show the normalized signal of each parameter for this time period, with the blue line representing the temporal mean and the red dots
corresponding to the minimum and maximum values observed.

Climate parameter Unit Avg Min Max Normalized temporal signal

Air temperature °C 20.9 14.4 25.7
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Precipitation mm 0.4 0.0 2.3

Wind speed m/s 2.7 1.6 4.4

Peak wind speed m/s 8.3 5.4 12.9

Cloud cover Oktas 3.9 0.7 7.1

Sunshine duration Hours 8.9 1.8 12.4

5.4.1. Data preprocessing
The thermal bands of all ETM+ scenes were not provided at

their original spatial resolution of 60 m. Upon delivery, the data had
already been oversampled to a pixel size of 30 m using the cubic
convolution interpolation method (USGS, 2014). Since this process
creates artificial and redundant image information, it also introduces
a bias to the observed correlations.

5.4.2. LC mapping and USC calculation
Even though the LC maps were found to be suitable for the

calculation of USCs, there are two issues to be considered. First, map-
ping assessment revealed that the LC classifications of Berlin and
Cologne have an overall accuracy of 92.2% and 91.3%, respectively.
Hence, they feature some misclassifications. Given that these map-
ping errors are passed to the USCs computed, it is inferred that they
also have an impact on the study results.

Second, while the LC maps and USCs are extracted from more
recent VHR input data, LST is retrieved from Landsat-7 SLC-on

imagery acquired between July 1999 and April 2003 (cf. Tables 1
and 2). It follows that the temporal mismatch between these types
of data causes further uncertainties as cities in general (Angel
et al., 2011; Taubenböck et al., 2012; United Nations, 2008) and
the two test sites in particular (Diermayer and Hostert, 2007;
Taubenböck and Thiel, 2010) are subject to continuous LC change.
However, the impact of LC change on the study results should not
be overrated. This is because, according to the German monitor of
settlement and open space development, Berlin and Cologne have
experienced a change in built-up settlement area and transport
space of only −1.2 and 2.9% for the years 2000–2010 and 2000–
2006, respectively (Leibniz Institute of Ecological Urban and Regional
Development, 2016). The effect of urban LC change on the statistics
presented in this paper can therefore be considered as negligible.
Apart from this, it has to be kept in mind that a time series of VHR
multi-spectral and object height data is not available for the two
study areas. Such data would enable the computation of 2D and 3D
USCs for each of the ETM+acquisitions employed and help removing
the statistical uncertainties related to urban LC change.
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5.4.3. LST retrieval
The uncertainties of the derived LST maps are expected to be not

higher than 1–2 K (cf. Section 3.4). However, this number should be
regarded as a rough estimate only since it is purely based on expe-
riences from the scientific literature (Qin et al., 2001; Sobrino et al.,
2004). For this reason, a direct and more reliable assessment of the
actual retrieval errors and their effects on the USC–LST relationship
deserves further investigation.

Another point to consider is that the correlation statistics pre-
sented in Table 5 are likely to be biased in favor of 2D USCs. This
is because of the nadir-pointing viewing geometry of the Landsat-7
satellite and the resulting oversampling of horizontal urban surfaces
in ETM+ based retrievals of LST. While these sensor characteristics
are not optimal for comparing 2D and 3D USCs as well as their rela-
tion to LST, there is a lack of alternative and more suitable thermal
infrared data or LST data products that could be used instead. For
example, the thermal infrared subsystem of the Advanced Space-
borne Thermal Emission and Reflection Radiometer (ASTER) instru-
ment has a scan angle (±8.54◦) that is comparable to that of Landsat
ETM+ (Abrams et al., 2002; Hodgson and Kar, 2008). Accordingly,
the usage of ASTER imagery would not help overcoming the above-
described limitation. In contrast to ASTER, theMODIS sensor features
enhanced off-nadir viewing capabilities (±55◦). However, it pro-
vides LST data products at a much coarser spatial resolution (1 km)
than ETM+ (30 m) and ASTER (90 m) (Abrams et al., 2002; Wan,
1999). The list of potential thermal infrared imaging systems could
be extended here (cf. Tomlinson et al., 2011). But none of the data
these sensors deliver would enable making more objective compar-
isons between 2D and 3D USCs. The latter would only be possible if
the temperature of the complete urban surface area (cf. Voogt and
Oke, 1997) as well as its dynamics over time were known — city-
wide and spatially-explicit. As such an exercise is beyond the scope
of this paper, there is no appropriate alternative to the use of ETM+
data for producing detailed, multi-temporal LST maps of Berlin and
Cologne.

5.4.4. Correlation analysis
In the study at hand, comparisons between USCs and LST are

made at the Landsat pixel level (i.e., 30 m spatial resolution). But
under certain conditions, the individual pixel constitutes a less
appropriate area of reference for computing USCs. This is frequently
the case when urban objects extracted from VHR data are too large
to be represented by a single resolution cell. For example, if an indus-
trial building consists of five pixels, it enters the calculation of each
USC five separate times. Thus, the statistics obtained for those indi-
cators quantifying the number or form of urban LC elements (cf.
Tables 3 and 4) are likely to be impacted by this effect.

Drawing from the above considerations, it is without doubt that
at least some of the obtained correlation statistics are affected by
single or multiple components of the applied processing chain. Nev-
ertheless, bearing in mind the efforts made to ensure a sound data
analysis, it is reasonable to assume the results of this study to be
valid.

6. Conclusions

Over the past decades, a considerable amount of remote sensing
research has been directed towards a better understanding of the
relationship between USCs and LST. However, while a lot of empha-
sis has been placed on the 2D characteristics of a city, 3D USCs
have remained largely unexplored. In addition, previous findings are
based on the analysis of a single study area, a limited number of
(mainly 2D) USCs, and/or only a few LST scenes acquired in spe-
cific seasons. The present study aimed at addressing these deficits.
It made extensive comparisons between 2D and 3D USCs to iden-
tify potential indicators of LST and the surface UHI effect as well

as potential predictors for thermal sharpening applications (cf. Zhan
et al., 2013). Both widely-used as well as more recently proposed
metrics of the urban remote sensing literature were investigated
within a single experiment. While some of these USCs have already
been used earlier (e.g., ISA and VF), others, like VV2BV and UD, have
never been analyzed before in the context of urban temperature
studies. In addition to the comparison of 2D and 3D USCs, the spatio-
temporal dependencies of their relation to LST were examined. To
this end, the experimental setup of this work included two study
areas, 26 USCs, and 16 LST scenes covering four meteorological sea-
sons. Use was made of a comprehensive database compiled for the
cities of Berlin and Cologne, Germany.

The results of this study highlight that the linkage between USCs
and LST is not stronger when 3D parameters are considered instead
of 2D ones. Even though they may offer more holistic representa-
tions of the urban landscape, correlation statistics suggest that 3D
USCs are consistently outperformed by ISA and/or VF, i.e., some of the
most widely-used 2D metrics. The analysis of spatial dependencies
reveals that the USC–LST connection is different for the two study
areas. This is due to their specific geographies, with urban form and
compactness, urban green spaces and street trees, and the configu-
ration of urban LC elements being some of the determining factors.
Moreover, the USC–LST connection varies within the boundaries of a
city, whereas the strength of association is often driven by structural
composition. That is, urban LU structures composed of thermally
distinct LC objects and patches are in general more closely related
to LST. The existing intra-urban differences emphasize that a single
correlation value reported for an entire test site only represents an
integrated estimate whichmight not be sufficient for certain types of
investigation.

The examination of temporal dependencies yielded that the
relationship between USCs and LST is fairly consistent over time.
Nonetheless, there are a few exceptions indicating some larger inter-
and intra-season variations. Closer inspection shows that the obser-
vations arise from an interplay of drivers known to impact LST and
its relation to USCs, including the season of acquisition, vegetation
phenology, and meteorology. This underscores the importance of
careful data selection and interpretation when studying surface UHIs
and their driving forces with mono-temporal remote sensing. At the
same time, it is stressed that the increased empirical evidence gained
from LST time series allows for the deduction of general data trends
at higher levels of confidence.

Despite the comprehensive experimental setup of this study,
there are some open research aspects that should be addressed in
the future. First, it would be worth extending the presented corre-
lation analyses to other thermal infrared data or LST data products.
This is because the present work exclusively focuses on Landsat
ETM+ imagery and its findings therefore only apply to medium
spatial resolution, small scan angle, and daytime thermal infrared
measurements. For this reason, the inclusion of additional thermal
data that have been acquired at different sensing schemes (i.e., in
terms of spatial resolution, scan angle, and/or overpass time) would
be a logical next step. These data could stem from airborne cam-
paigns (if available), satellite sensors (e.g., ASTER andMODIS) or even
modeling (cf. Voogt and Oke, 1997). They would enable the further
characterization of the USC–LST relationship and its dependencies on
spatial scale, sensor viewing geometry, and the diurnal cycle of urban
surface temperatures.

Second, and as the presented workflow contains a number of
variable components, future research should concentrate on the
methodological dependencies of the reported correlations. Among
others, the effect of different pixel sampling strategies, i.e., the
procedure of selecting those pixels that enter the calculations, has to
be addressed. For example, it could be worth exploring whether or
not a random or a systematic sampling of pixels leads to the same
results as those obtained when all pixels are considered (as is the
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case in this study). In- or exclusions of water bodies, areas of LC
change, and statistical outliers might also make a notable difference.
Finally, it would be interesting to see if changes in the scales of com-
parison (e.g., pixels versus blocks) or the spatial extent of a study area
have a significant impact. The identification of crucial components
within the applied processing chain would be a sensible complement
to the findings of this study andwould further advance the search for
the big picture of the USC–LST relationship.

7. List of abbreviations

2D two-dimensional
3D three-dimensional
#B/A number of buildings per block
a.s.l. above sea level
ASTER Advanced Spaceborne Thermal Emission and Reflection

Radiometer
BA building aggregation
BF building footprint
BH building height
BV building volume
BV/F building volume per floor
CAR canyon aspect ratio
Cfb temperate oceanic climate
CI cubic index
CNL cognition network language
D2B distance to buildings
DEM digital elevation model
Dfb humid continental climate
DLM digital landscape model
DN digital number
DSM digital surface model
ETM+ Enhanced Thematic Mapper Plus
FAR floor area ratio
FD (B) fractal dimension of buildings
GCP ground control point
GEOBIA geographic object-based image analysis
GFA gross floor area
GSD ground sampling distance
HPF high-pass filter
ISA impervious surface area
LC land cover
LCZ local climate zone
LiDAR light detection and ranging
LMS laser measurement system
LSE land surface emissivity
LST land surface temperature
LU land use
LW (B) length to width ratio of buildings
MODIS Moderate Resolution Imaging Spectroradiometer
NDVI normalized difference vegetation index
NIR near infrared
nDSM normalized digital surface model
PC personal computer
RA (B) relative area of buildings
RA (G) relative area of grass/shrubs
RA (I) relative area of impervious surfaces
RA (S) relative area of bare soil areas
RA (T) relative area of trees
RAM random access memory
RMSE root mean square error
SDI Shannon’s diversity index
SLC scan line corrector
SVF sky view factor
TH tree height

TM Thematic Mapper
TV tree volume
TPW total precipitable water
UD urban density
UHI urban heat island
USC urban site characteristic
USGS United States Geological Survey
UST urban structure type
UTC coordinated universal time
UVI universal vegetation index
VF vegetation fraction
VHR very high resolution
VV2BV vegetation volume to built-up volume
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