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Paolo Gamba, Gianni Lisini, Gianni Cristian Iannelli, 
Inmaculada Dopido, and Antonio Plaza

3.1 INTRODUCTION

The need for increasingly accurate models of the complex interactions between man-
kind and the environment calls for more precise monitoring of many different areas, 
from forests to oceans, from inland waters to urban areas. Specifically, human settle-
ments appear to be the focus of a number of issues such as desertification and pollu-
tion as well as water, energy, and waste management. Since most of the population 
nowadays lives in urban areas, threats to human lives, such as diseases and man-made 
and natural disasters, are increasingly perceived as the causes of social and economic 
losses in urban areas. Using urban areas and some of their specific features as essen-
tial input information, scientists and researchers have developed models for climate 
change [1], earthquake risk [2], disease spread [3], and many others. To achieve this 
aim, global analyses, including more information than just the knowledge of urban 
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area locations, are mandatory. And yet the latest global data sets on urban areas 
are still incomplete or limited to the aforementioned sources of information. These 
involve spatial scales that are not completely useful to address intra-urban activities.

The task of extracting and managing urban datasets at different scales by using 
Earth Observation (EO) data is one of the great challenges of remote sensing data 
interpretation. However, many of the most promising techniques that have been pro-
posed have been applied to small or limited data sets so far; this was originally due 
to the limited amount of available data, but currently it is related more to the com-
plexity of designing data analysis procedures for multiple sensors at multiple spatial 
and spectral resolutions. Moreover, the finest spatial resolution available from EO 
sensors does not fit the requirements of all urban studies, and VHR data, with all 
their details, may be less suited to tasks like urban land use mapping. Finally, from 
a global perspective, issues come from the huge amount of data available as well as 
the need for an efficient methodology to extract useful information with a consistent 
approach in different geographical areas.

This chapter initially provides an overview of existing methodologies to address 
some of these issues as well as the challenges related to the implementation/ realization 
of these methodologies. To explain the sort of “high-level” message included in these 
pages, a few examples from existing research by the authors are included.

The remainder of the chapter is organized as follows. Section 3.2 describes a 
general procedure to derive scalable models from EO data and urban features. 
Section 3.3 discusses several challenges still open for research in the aforementioned 
procedure. Section 3.4 concludes with some remarks.

3.2 EO DATA AND URBAN AREAS

This section provides an overview of available mechanisms to derive relevant, 
 scalable models from EO data using features collected in urban environments. 
This includes a description of success cases and processing chains under different 
application scenarios. Remaining challenges are outlined in Section 3.3.

3.2.1 From Eo Data to Urban FEatUrEs

The standard approach to EO data exploitation in urban area characterization is to extract 
man-made features and use them as basic elements. By exploiting and combining these 
elements, more detailed analyses can be obtained. This is the case, for instance, in urban 
extent delineation—starting from elementary spatial patterns [4], road network extrac-
tion, grouping road candidates [5], or building two-dimensional and three-dimensional 
“builtscape” characterization to clustering 3D primitives [6]. The challenge in this type 
of approach is to design a sufficiently flexible algorithm, able to adapt to the multiple 
and different ways that these features may appear in EO data (particularly, in different 
geographical areas), and to recognize significant clusters as hints or proxies to urban 
elements. However, once the information is available, it may be exploited for a number 
of different applications, thus providing inputs to multiple models.

The main limitation of this processing framework is that the basic urban/artificial 
features are extracted at a given scale so that their use for multiple scale models is 
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not always immediate. For example, after 2D building information is extracted, a 
thermal model for each building may be considered, but a thermal model for a whole 
city would require some sort of reprocessing and clustering of the extracted data. 
Similarly, and as another example, road network extraction may be used for traffic 
modeling, mobility management, or noise pollution monitoring and prevention. To 
be useful, however, a road network extraction approach should be fast, efficient, and 
precise enough in addition to providing an output as scalable as possible.

To improve over existing approaches and propose a unitary framework, the meth-
odology discussed in [7] may be considered. Specifically, the idea is to include in the 
information extraction from an urban scene many different features corresponding 
to multiple scales. These features can be used either to logically and spatially cluster 
them into elements at a lower (coarser) scale or to infer other features at a higher 
(finer) scale. If each feature extraction algorithm is designed within such a framework, 
it can incorporate enough flexibility to combine different features at different scales 
and thus simultaneously obtain more information. Similarly, this framework may be 
used to design techniques that can be tailored to work in multiple geographical areas.

3.2.2 From Eo Data to scalablE moDEls

A different and recently considered way to exploit EO data is related to the direct 
extraction of model-related features, less generic and more connected to the local/
regional (and, eventually, global) models required by current studies. With respect to 
climate change, for instance, the thermal behavior of urban areas has been actively 
investigated [8] but without a strong link to global climate models. Similarly, risk 
analysis is a very important topic related to the impact of natural disasters that 
may occur in and around human settlements [9]. As shown in the aforementioned 
examples, on a city level (or more detailed scale), atmospheric circulation analyses, 
involving urban meteorological models as well as risk computations including physi-
cal and social vulnerability, have already been considered for one or more cities. 
They still need to be tuned and validated on a global scale as opposed to a case by 
case approach. As a preliminary step in this direction, there is a need to character-
ize every urban area at a global scale, according to land use/land cover typologies, 
which are peculiar to different environmental or risk models. This is the case of 
“urban climate zones” (areas with the same microclimatic behavior) for urban mete-
orology [10] or “uniformly built dwellings” (areas with buildings that have the same 
structural typology) for earthquake vulnerability [23].

Specifically, urban climate zones represent a comprehensive classification sys-
tem for characterizing the urban environment with respect to urban meteorology, 
as reported in [10,11]. The same classification scheme was applied to a different 
environment in [12]. These works introduced the concept of “thermal climate zones” 
or “local climate zones,” defined as regions with relatively uniform surface–air tem-
perature distribution across different horizontal scales [10]. These climate zones can 
be differentiated by means of multiple characteristics from the urban 2D and 3D 
landscapes such as the built surface fraction, the building height-to-width ratio, the 
sky view factor (percentage of sky visible from the ground), the height of rough-
ness elements, the anthropogenic heat flux, and the surface thermal admittance. 
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Most of these characteristics, ultimately connected to physical characteristics of the 
urban objects, can be extracted from remote sensing data.

The methodology reported here is based on two different processing chains. The 
first one is devoted to the extraction of spatially homogeneous urban areas within the 
scene, which may be labeled as “block.” The idea is that these blocks may be then 
assigned, using the second part of the procedure, to one of the urban climate zone 
classes by considering a suitable combination of spatial and spectral indexes.

The first processing chain can be subdivided into two subsequent steps. The first 
one is the identification of the human settlement (as opposed to all the other land 
use classes in the area). To achieve this, we use the PanTex index proposed in [13], 
which proved to be effective to extract human settlement extents starting from pan-
chromatic images at 2.5 m spatial resolution. The area identified as human settle-
ment is further segmented into a homogenous zone using a spanning tree reduction 
scheme  [14]. Alternatively, a more complex approach based on a combination of 
geometrical features into closed boundaries can also be used [15].

The employed processing chain, aiming at classifying each homogenous area into 
an urban climate zone class, is based on the joint analysis of a few indexes that, we 
feel, may capture most of the features listed in the introduction. We assume that a 
multiscale version of the same index used for urban area detection may be useful as it 
helps in enhancing spatial patterns at multiple geographical scales. To obtain a mul-
tiscale PanTex, the same textural feature (contrast) used to build the original index is 
now computed with different lag distances (which is equivalent to assuming a differ-
ent spatial resolution of the data). Additionally, the original image and the results of 
an edge extraction technique (implemented using a Sobel filter) are included to insert 
spectral and edge density information, respectively.

Using these indexes, a decision tree classifier is designed using training data and 
is eventually applied to the whole data set. The decision tree structure used to label 
the segmented blocks and assign them to the different climate zones is obtained by a 
detailed analysis of a small sample of the blocks in the first test case described in the 
next section. Although this approach is apparently biased by a specific city structure 
and location, the same rules apparently work in different locations, as also discussed in 
the following paragraphs. The main rationale is that these rules refer to spatial indexes, 
which in turn describe quantitatively the spatial structure of the different parts of a town.

The decision tree, tuned with empirical tests, accepts as inputs three images:

1. The original image (OR)
2. The PanTex filter output with a kernel of 5 × 5 pixels applied at the full scale

data (P1)
3. The PanTex filter output applied to a subsampled data set at 5 m/pixel (P5)

Experimental results were obtained on August 12, 2008 from a scene by the ALOS 
PRISM sensor with a spatial resolution of 2.5 m and depicting a portion of the town of 
Xuzhou in the Jiangsu province, People’s Republic of China. The challenge, as high-
lighted in the previous section, was to use 2D data without spectral information to 
obtain spatial indexes allowing an analysis of different zones and their classification 
into thermal climate zones. Results depended on both segmentation and accuracy. 
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An  incorrect segmentation may result in less precise classification of the urban 
blocks as the spatial indexes used by the decision tree are averaged for each block. 
However, the rules defined for the decision tree are more important because they 
allow assigning each block to a climate zone, once its spatial boundaries have been 
individuated by the segmentation step. For this reason and because the segmented 
urban image can be obtained by various means—for instance, by using available geo-
graphic information system (GIS) layers for a town—the evaluation described in the 
following paragraph will focus mostly on the second step of the procedure, without 
paying much attention to the approach used to achieve a correct segmentation.

For the test area, only five urban climate zones were considered, that is, those that 
were present in the scene settlements: “open set mid rise,” “compact low rise,” “open set 
low rise,” “dispersed low rise,” and “extensive low rise.” By applying the aforementioned 
procedure to a first set of urban blocks, shown in Figure 3.1 together with the correspond-
ing color legend, a relatively high overall accuracy at the object level is achieved (81%).

(a) (b)

(c)

Typology Color

Red

Blue

Green

Yellow

Purple

Open set mid rise

Open set low rise

Dispersed low rise

Extensive low rise

Compact low rise

FIGURE 3.1 (See color insert.) Experimental results for the urban climate zone extraction 
in a small subsample of the Xuzhou (People’s Republic of China) scene: (a) the urban climate 
zone map to be compared with (b) a ground truth obtained by visual classification and super-
imposed on the original data set. Classes are identified by colors, according to the legends 
displayed in (c).
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In the previous example, the blocks were obtained manually as our focus was 
on the definition of the decision rules to be applied for block labeling. The same 
approach was however applied to the whole urban area, after performing an auto-
matic segmentation, and the results are depicted in Figure 3.2a. These results 
should be compared with the detailed ground truth in Figure 3.2b. Although the 
color patterns appear visually similar, the overall accuracy at the block level is 
about 51% if computed regardless of the block size. Overall accuracy at the pixel 
level instead reaches 63%. The worst discrimination is achieved between the “open 
set low rise” and “dispersed low rise” classes. This may be due to the fact that 
the two typologies are very similar considering only two texture scales. Another 
option considering multiple spatial scales would consist of using differential attri-
bute profiles [16].

One important consideration on these numbers is that the ground truth maps were 
not obtained by a meteorologist but by a remote sensing specialist using the panchro-
matic band only. Accordingly, we do not expect that the ground truth would be 100% 
accurate. In other words, a better validation procedure (including feedback from 
local experts) may be required.

To further illustrate the aforementioned observations, Figure 3.3 shows a pan-
chromatic and the corresponding pansharpened images of a small portion of the 
area. The two additional images in this figure correspond to two different visual 
assessments of the urban climate zones made by two different experts and using the 
same color legend as in Figure 3.1. It is clear that the panchromatic image does not 
allow an easy discrimination between the classes, “open set mid rise” and “open 
set low rise.” The color image may provide hints for discrimination, but these are 
connected to an a priori knowledge of building typologies and, thus not easily 
generalizable.

(a) (b)

FIGURE 3.2 (See color insert.) Climate zone extraction for the town of Xuzhou, People’s 
Republic of China: (a) final results of the proposed segmentation and classification procedure 
and (b) detailed ground truth obtained by manually delineating and labeling individual blocks.
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3.3 OPEN GLOBAL CHALLENGES

The few examples discussed in the previous section show that there are plenty of chal-
lenges still open for research. With the huge amount of EO data sets available and the 
need to consider existing information, many of these challenges can be grouped under 
two separate needs (1) to select and (2) to fuse the more relevant bits of information. 
Accordingly, and following the usual sequence of steps, feature extraction–feature 

(a) (b)

(c) (d)

FIGURE 3.3 (See color insert.) Example of problematic assignment of urban blocks to 
urban climate zones: (a, b) two different visual interpretations by remote sensing experts, to 
be compared with the block borders superimposed on (c) the panchromatic and (d) the color 
image of the same area.
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selection–feature fusion (but considering the need for multiple scales and a model-
based output), urban remote sensing currently faces very interesting challenges.

3.3.1 FinDing thE right bit

Feature extraction and selection is a very important part of EO data exploitation to 
globally characterize urban areas. As mentioned in [7], a very promising methodol-
ogy for the selection of urban scene features is the use of active learning approaches, 
which allow exploiting both the spectral and the spatial information in urban areas, 
thus enabling determination of the context that better characterizes a specific location.

Following the methodology introduced in [17], for instance, it is possible to 
develop a novel approach to perform semisupervised classification of urban hyper-
spectral images by exploiting the information retrieved with spectral unmixing. This 
is because many pixels in remotely sensed images are “mixed,” that is, given by a 
combination of different substances that reside at the subpixel level. Within this frame-
work, active learning techniques can be used for automatically selecting unlabeled 
samples in a semisupervised fashion. Specifically, the active learning approach in [17] 
selects highly informative unlabeled training samples in order to enlarge the initial 
(possibly very limited) set of labeled samples and perform semisupervised classifica-
tion based on the information provided by well-established discriminative classifiers.

The proposed approach consists, therefore, of three main ingredients: semisuper-
vised learning, spectral unmixing, and active learning.

1. For the semisupervised part of our approach, the multinomial logistic
regression (MLR) classifier [18] provides probabilistic outputs, which play
an essential role in our active learning process. Furthermore, a sparsity- 
inducing prior is added to the regressors to obtain sparse estimates. As a
result, most of the components of the regressors are zero. This allows con-
trolling the complexity of the proposed techniques and their generalization
capacity. Finally, we use LORSAL algorithm [19] to learn the MLR classi-
fier as it is able to learn the posterior class distributions directly and deal with 
the high dimensionality of hyperspectral data in a very effective way. This is
very important for semisupervised learning since, ultimately, we would like
to include as many unlabeled samples as possible, a task which is difficult
for normal algorithms from the viewpoint of computational complexity.

2. The unmixing strategies considered in the second step include those
attempting to consider spatial information within the extraction procedure.
The first one is the fully constrained linear spectral unmixing (FCLSU),
which first assumes that labeled samples are made up of spectrally pure
constituents (endmembers) and then calculates their abundances and pro-
vides a set of fractional abundance maps (one per labeled class). An alter-
native approach is mixture tuned matched filtering (MTMF), which also
assumes that the labeled samples are made up of spectrally pure constitu-
ents (endmembers) but then calculates their abundances by means of the
MTMF method, which is a hybrid between target detection and unmixing,
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thus providing a set of fractional abundance maps (one per labeled class) 
without the need to know the full set of endmembers in the data.

3. The third ingredient of our proposed method consists of using active learning
to improve the selection of unlabeled samples for semisupervised learning. 
In our proposed strategy, the candidate set for the active learning process 
(based on the available labeled and unlabeled samples) is inferred using spa-
tial information (specifically, by applying a first-order spatial neighborhood 
on available samples) so that high confidence can be expected in the class 
labels of the obtained candidate set. This is similar to human interaction 
in supervised active learning, where the class labels are known and given 
by an expert. In a second step, we run active learning to select the most 
informative samples from the candidate set. This is similar to the machine 
interaction level in supervised active learning, where in both cases the goal 
is to find the samples with higher uncertainty. Due to the fact that we use 
a discriminative classifier (MLR) and spectral unmixing techniques, active 
learning algorithms, which focus on the boundaries between the classes 
(which are often dominated by mixed pixels), are preferred. This way, we 
can combine the properties of the probabilistic MLR classifier and spectral 
unmixing concepts to find the most suitable (complex) unlabeled samples 
for improving the classification results through the selected active learning 
strategy. It should be noted that many active learning techniques are avail-
able in the literature [20]. In this work, we use the well-known breaking ties 
(BT) [21] to evaluate the proposed approach. This algorithm finds the sam-
ples minimizing the distance between the first two most probable classes.

Results for the hyperspectral ROSIS Pavia dataset (13 m spatial resolution, 610 × 
340 pixels, 103 spectral bands, 9 ground-truth classes [22]) are shown in Figure 3.4. 
The use of BT alone leads to a mapping result (see Figure 3.4b) with an overall accu-
racy of 75.5%, definitely larger than the one achievable considering a standard super-
vised approach (63.6%). The joint use of unmixing information further improves this 
result, reaching an accuracy value of 79.3% in case FCLSU is used (see Figure 3.4c) 
while MTMF has a slightly worse performance (79.1%).

3.3.2 FUsing spacEbornE, airbornE, anD groUnD Data

The process of using EO data to characterize urban areas cannot avoid the fact 
that, in urban areas, much information will increasingly be collected and stored. 
Accordingly, the challenge is to include and combine the relevant existing informa-
tion with the EO extracted features to obtain the multiscale model input mandatory 
for global models. In doing so, spaceborne remotely sensed data should somehow be 
“fused” with available spaceborne data, GIS layers, as well as ancillary information 
collected on the ground (e.g., by means of sensors or sensor networks). As an exam-
ple of this procedure, we provide here a quick introduction to the approach developed 
to map exposure within the Global Exposure Database for the Global Earthquake 
Model (GED4GEM) project [23].



44 Global Urban Monitoring and Assessment through Earth Observation

Obtaining building exposure is typically a problem related to the combination of 
information from multiple spatial scales. Indeed, a map of all buildings is currently out 
of reach using EO data only, either because we do not have a full geographical cover-
age or because the methods to extract building features (useful for identifying vulner-
ability) from EO data require inputs from multiple sensors, and this is not feasible for 
wide areas [9]. One possible solution for a globally suitable and manageable approach 
is to combine available EO information with ancillary data at different scales.

The idea is graphically represented in Figure 3.5, and includes the use of globally 
available EO data at coarse-resolution or existing maps to select the built-up areas 
to focus on, VHR EO data to extract building counts, GIS and census/survey data 
available from local/international databases to extract dwelling/building fractions 
according to building typologies, and a good deal of a priori knowledge to logically 
connect all these features.

The part of the methodology relying on EO data can be implemented according to a 
procedure for urban spatial pattern recognition. Specifically, the artificial composition 
of built-up structures and gaps among them (mostly, but not only, roads) is a general 
and globally valid assumption in all urban areas and usually results in a higher local 
contrast within these areas than in any natural environments. Accordingly, an option to 

(a) (b) (c)

Bitumen

Asphalt Meadows Gravel

Metal sheets Bare soil

Self-blocking brick Shadow

Trees

FIGURE 3.4 (See color insert.) Urban land use mapping results in Pavia, Italy: (a) ground 
truth for the hyperspectral ROSIS data sets, (b) mapping results using semisupervised 
 classification but no unmixing information, and (c) mapping results jointly considering 
a semisupervised technique and unmixing information.
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detect urban areas, widely used on EO analysis and already proved reliable at the global 
level for both optical (panchromatic) and SAR data, is the use of the textural features 
[13,24,25]. Here, we specifically refer to the range textural feature [26], computed start-
ing from the occurrence matrix and defined as the difference between the maximum and 
the minimum value of the reflectance in a 5 × 5 pixel kernel moving over the image. 
After range extraction, a few postprocessing steps are performed, as shown in Figure 3.6.

As shown in Figure 3.5, another step in the exposure mapping procedure 
proposed in GED4GEM is building count extraction from VHR data, either for 
the whole area or for some samples. This step can be then performed in many 

Use GIS and existing land
use maps to characterize

urban land use classes
Select small sample
areas for these land

use classes

Join building counts with dwelling
distributions

Compute total number of buildings
of  each type in each land use class

Use EO data to extract and
count the buildings in the 

sample areas

W ####
####
####
####
####
####
####
####
####

A
RS
UCB
UFB
UFB1
C1
C2
C3

FIGURE 3.5 Graphical representation of the proposed procedure to obtain building expo-
sure data and earthquake risk vulnerability data exploiting EO images, ancillary (GIS/map) 
information, and available ancillary data.

CBERS 2B

Data range
index
image

Smooth
built-up

indexLow-pass
filter Thresholding

Urban area
Holes fillingUrban area within

non-built-up area

Data range

FIGURE 3.6 Data processing chain aimed at urban extent extraction from VHR panchromatic/
SAR data.
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different ways, according to the trade-off between accuracy and adaptivity to dif-
ferent  geographical areas and building styles. A first option, as suggested in [24], is 
to classify the multispectral image available for the area of interest as delineated by 
the previous step and then segment the classification map into significant elements 
with the areas assigned into building classes. A second (less precise) option is to 
have a very rough estimate of the building counts by means of the same approach 
described in Figure 3.6 but this time, looking for the peaks of the range index [25]. 
The choice between these two options depends on the accuracy of the ancillary 
data (e.g., the dwelling distributions into building typologies) and their statistical 
significance. For instance, if the dwelling distribution is available at the country 
level, there is no point in precisely extracting building counts at a spatial resolution 
of a few meters.

3.4 CONCLUSIONS

This chapter briefly touches the huge range of challenges and opportunities brought 
by the use of EO data to monitor urban areas all around the world. These challenges 
are both in the data processing domain as well as in the domain of theoretical infor-
mation extraction. Specifically, it has been made clear by a few examples that the 
use of data from satellites may improve our knowledge of urban areas and provide 
invaluable inputs to models that attempt to capture the interaction between artifi-
cial and natural environments. In many situations, these inputs must be at multiple 
scales, and EO-related information must be combined with data from other sources, 
according to the final application under study.

Moreover, the need to design algorithms and information extraction procedures 
that are valid at the global scale includes the necessity to address settlements and 
artificial elements of the landscape with very different spatial and spectral properties 
in different parts of the world. Distilling what is common to all these properties is 
one of the most serious issues to be considered.

Notwithstanding the many open issues highlighted by this work, this chapter 
includes a few examples of successful application of the multiple scale and mul-
tiple feature framework recently proposed in [7] for EO data information extrac-
tion in urban areas. Moreover, the efforts currently channeled through the Global 
Earth Observation working plan for 2011–2015 and, especially, the task related to the 
design and management of a Global Urban Observatory will help to provide some 
answers to the burning questions that are still open.
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