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SPATIO-TEMPORAL ANALYSIS OF INFORMAL SETTLEMENTS 
DEVELOPMENT. A CASE STUDY IN ISTANBUL, TURKEY 

Olena Dubovyk, Richard Sliuzas, Johannes Flacke 
 

University of Twente, Faculty of Geo-Information Science and Earth Observation (ITC), 
Department of Urban and Regional Planning and Geo-information Management, Enschede, The 
Netherlands; dubovyk22131@itc.nl, sliuzas@itc.nl, flacke@itc.nl 

ABSTRACT 

In Istanbul informal development has created uncoordinated urban expansion and in some 
cases risky living conditions and environmental problems. The provision of new planning policies 
based on enhanced understanding of informal development is therefore a key for future success 
in efficient management of informal settlements and mitigation of related impacts. This study 
aimed to improve understanding of where informal settlements develop and why by modelling 
informal settlement development applying logistic regression. The list of spatial factors 
determining informal settlement growth was compiled based on expert knowledge and literature 
review. The identified predictors were incorporated to build two logistic regression models for the 
years 1990-2005. Then the probability maps of informal settlement growth showing the likelihood 
for each location to be informally developed were generated. The derived coefficients from the 
models were used to explain how the defined factors influenced informal development between 
1990 and 2005. Population density and slope were found to be the main predictors influencing 
spatial development of informal settlements during the study period. Finally, spatial changes in 
the environmentally sensitive areas due to informal development were analyzed revealing that 
protected zones of the rivers and lakes are more at risk for informal invasion. The results of the 
study provide additional information for decision-making tool by urban planners and policy-
makers to initiate preventive actions for informal settlement development in the whole Istanbul 
and perhaps elsewhere.   

INTRODUCTION 

Uncontrolled urban growth often causes changes of urban form and structure, exaggerating 
social and environmental problems. In less developed countries urban expansion is often 
associated with emergence of informal development patterns, such as slums and informal 
settlements (IS). About one-third of urban and suburban population worldwide live in slums, 
while every four out of ten city dwellers are informal (i). Today the term ‘slums’ incorporates the 
vast ISs. Informal refer to those settlements which are built on the land without legal tenure and 
without following established building and planning regulations (i, ii). Location of ISs on the 
fringes of the cities and edges of central business districts (CBD) may create obstacles for the 
implementation of spatial development plans, while informal expansion over environmentally 
sensitive areas (ESAs) decreases quality of urban environment.  
Conventional responses, such as upgrading or demolishing of ISs, used to address the problem 
of informal development, are based on reactive actions on existing informal patterns (i, iii). To be 
able to forestall proliferation of ISs and, ultimately, mitigate the most severe associated 
environmental and social problems, a new approach oriented on preventative measures is 
required. A priori knowledge of spatial and temporal changes in informal development and its 
driven factors might therefore be a basis for improved practices for dealing with this issue. 

mailto:dubovyk22131@itc.nl
mailto:sliuzas@itc.nl
mailto:flacke@itc.nl
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In the megacity Istanbul uncontrolled urban development due to rapid population growth has 
created unsecure living conditions for many residents and caused environmental problems. 
Moreover, it has put obstacles for implementation of master plans slowing down the process of 
sustainable development of the city. ISs have tended to appear in ESAs, preservation of which is 
critical to the normal functioning of the city (iv, v). For example, much of the natural drainage 
lines which once served as the city’s green areas are now occupied by ISs (vi).  

To date, studies conducted about ISs in Istanbul have concentrated on 2 aspects: (i) analyzing 
political and socioeconomic drivers of the informal development (vii) and (ii) monitoring of urban 
growth (iv, viii, ix, x, xi). However useful, these studies fall short of explaining different factors of 
informal development. Spatial changes that occurred in ESAs due to IS growth were also out of 
scope of the mentioned research.  

In urban science the most common technique for investigation of urban development refers to 
the modelling of urban land use changes applying, for example, agent-based models (ABM; xii, 
xiii), artificial neural networks (xiv, xv), cellular automata (CA; xvi), logistic regression (LR; xvii, 
xviii, xix, xx), and support vector machines (xxi). Due to spatial explicitness and explanatory 
power, LR is affirmed to be effective for urban growth research, as described in xvii, xviii, xxi, 
xxii, xxiii. In the related studies no attempt, however, has been made neither to apply LR to 
model IS development, nor to identify/analyze its causative factors. 

This research attempts to improve knowledge of ISs in Istanbul through analysis of their spatial 
development process between 1990 and 2005. It intends to fill the research gap related to the 
modelling of ISs by applying LR and knowledge of spatial factors determining IS development. A 
special focus was made on analyzing spatial changes in ESAs due to IS growth, as this 
information can be further incorporated in new planning policies able to incorporate proactive 
measures, oriented to address informal growth before its appearance.  Such a strategic 
approach could be a key for future success in efficient management of ISs and mitigation of 
related environmental impacts. 

Study area and Data  

STUDY AREA 
The study area, Sancaktepe district, located in the Asian part of Istanbul, is a typical example of 
a new informally developed area that appeared due to the city expansion over ESAs in the late 
1980s (Figure 1; xxv). It covers an area of ≈ 62 km2 and has population of about 230,000 people 
(xxvi). In the district there are ESAs, protected by Turkish legislation: forest areas, water basins 
of rivers and lakes, and special environmental protection areas (SIT areas)1. Most of the forest 
areas are located in the northern and southern part of Sancaktepe. There are two main lakes in 
the district, i.e. Omerli lake in the north-east and Siniri lake in the south (Figure 1). Omerli lake 
belongs to the water drinking reservoirs of Istanbul. The water from Siniri lake is used for local 
water supply. The responsible authority for protection of the water basins is the Water and 

                                                           

 

1
 SIT areas which are characterized by the integrity of historical, natural and cultural values and ecological 

importance in both countrywide and worldwide scales (xxviii).  
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Sewage Administration of Istanbul (ISKI). The current ISKI regulation No 2560 approved in 
August 2009 establishes protection zones around water basins to regulate activities in these 
zones. The following protection zones are distinguished for lakes: I. absolute protection zone (0- 
300 m), II. short distance protection zone (300-1000 m), III. medium distance protection zone 
(1000-2000 m), and IV. long distance protection zone (from 2000 m till the border of water basin) 
(xxvii). 

 

Figure 1: The study area is located in the Asian part of Istanbul.  

 

DATA SOURCES 
Interviews were conducted with 26 key informants in September 2009 to obtain deeper insights 
and expert opinions on the issue of informal growth in Istanbul. The prerequisite for the experts’ 
selection was their expertise on the topic through professional activities or research. The 
secondary datasets, used in the study, were provided by the Istanbul Metropolitan Municipality 
Mayor’s Office (IMP) and include land cover maps for years 1990 and 2005, a map of ISs, 
transport and environmental data, population data on neighbourhood level for 2000 and 2005, 
and a Digital Elevation Model (DEM) derived from SPOT images with a spatial resolution of 20 
m. The vector data had a scale equivalent to a map scale of 1:25000. All datasets were 
georeferenced to be in ED 1950 UTM Zone 35N coordinate system based on Transverse 
Mercator projection. 

Land cover maps of 1990 and 2005, used as a basis for the study, were produced from a mosaic 
of Landsat TM images with the ground resolution of 30 m by MDA Federal Inc. and IMP 
correspondingly. The images were processed in ERDAS IMAGINE software package applying 
semi-automated approach. These maps were prepared using standard 13-class land cover 
legend (in the area of Istanbul only 9 land cover classes are identified).  The Kappa index, used 
to assess accuracy of the produced map, had values of 0.80 (1990) and 0.76 (2005) indicating 
that these maps were 80% and 76% above random agreement.  
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Methods 

DATA PREPARATION 
In the modelling of land use changes the most important task is to define the main drivers of land 
use transformation and to explore the relationships between them and land use changes. 
Previous studies have shown that there is no universal set of factors which can explain the 
process of urban expansion, as every case is unique (e.g. xx). It is always necessary to define 
variables which are relevant for the specific case (xvii, xxix). In this study factors of IS 
development were first preselected based on literature review and consultations with local 
experts. The final set of factors involved in the modelling stage was however defined considering 
data availability. The factors fell in three categories: (i) site specific characteristics (population 
density, forest, ESAs, slope), (ii) proximity characteristics (distance to roads, distance to 
industrial sites, and distance to CBD), and (iii) neighbourhood development characteristics 
(proportion of urban/agricultural/undeveloped land and ISs in the 14-cell neighbourhood). They 
were represented in the form of binary or continuous raster-based factor maps (30x30m cell 
size) for the years 1990 and 2005.  

 

SPATIAL MODELLING OF IS DEVELOPMENT USING LOGISTIC REGRESSION 
Two LR models were created based on the selected list of factors an ‘all-inclusive model’ 
containing all factors and an ‘expert model’ containing only factors identified by key informants 
as being important. The intention was to be able to evaluate the knowledge of local experts. The 
presence of a high degree of multicollinearity between spatial factors results in 
disproportionately big values of standard deviations of regression coefficients in LR, leading to 
false acceptance of the null hypothesis or biased estimation of model parameters (xxx). 
Variance Inflation Factors (VIF) were therefore used to test multicollinearity among model 
predictors (xxxi) and remove inappropriate variables one by one. The final LR models were built 
based on the remaining significant variables. Chi-square statistics were used to evaluate the 
goodness of fit of each model, while the significance of the coefficients of explanatory variables 
was assessed with the T-Wald test (xxxii).  

Model evaluation was implemented by applying estimated model parameters to the factors of 
year 2005 and analyzing statistical measures, such as: Kappa coefficient (xxxiii), Percentage of 
Correct Predictions (PCP; xxxiv), and Relative Operating Characteristics (ROC; xxxv). The area 
under the ROC curve (AUC) indicates how well probabilities where assigned to the locations. 
The value of the area varies from 0.5 (absolutely random assignment of probabilities) to 1 
(perfect assignment of probabilities).To compare the performance of two models, the Akaike 
Information Criterion (AIC) was also calculated (xxxvi). The model with the lowest value of AIC is 
considered to be best. 

LR predicts the probabilities of event occurrence by fitting data to the logistic curve. The 
probability of the positive response of the dependent variable, in this case an occurrence of IS 
development, is described as a function of independent variables, i.e. the factors determining IS 
development (Eq. 1; xxxii). From Eq. (1) the probability of the event occurrence is estimated with 
LR model (Eq. 2; xxxii): 

=   (1) 
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P(S=1| , ,... ) =   (2) 

where z is a dependent variable, xi are independent variables, β0 is an intercept of the model, βi 
are logistic coefficients to be estimated, n is a number of variables, i=(1; +∞), f(z) =1 or 0, and 

P(S=1| , ,... ) is a probability of event occurrence. Parameters of the models (βi) are 
coefficients of independent variables that are estimated with LR by applying a maximum 
likelihood algorithm which finds the best fit of the independent variables to explain known status 
of dependent variable (xxxvii). The sign of the coefficient (+ /-) indicates positive or negative 
correlation to the response of the dependent variable (xviii, xxxiii). By fitting parameters of the 
estimated models to the Eq. 2 containing significant predictors of 2005, the probability of 
informal development occurring was predicted.  

Results and Discussion 

SPATIAL CHANGES IN ENVIRONMENTALLY SENSITIVE AREAS DUE TO INFORMAL 
DEVELOPMENT 
By overlaying the map of ESAs with the maps of ISs in 1990 and 2005 expansion of ISs over 
protected water basins was identified. Their invasion into the absolute protection zone of the 
rivers in the lower central part of the district and II, III protection zones of Siniri lake is clearly 
visible, while ISs in the south expanded to the border of the SIT area and into the protection 
zone I of the lake (Figure 2). The absence of ISs within protected zones of Omerli lake, reported 
in the other studies (vi, x), might be due to the scale of the maps, as they were derived from 
medium resolution satellite imagery. Such resolution is appropriate to give an overview of 
ongoing urbanization process. It falls short, however, to distinguish house-based changes, 
common in the protected water basins areas of Istanbul (iv). It also does not allow monitoring 
densification and intensification processes within existing ISs, even though this information is 
important for better management and control over ISs, specifically on the detailed level of 
planning. In this light, the use of very high resolution (VHR) imagery, e.g. SPOT (2.5 m), 
RapidEye (6.5 m), IKONOS (1 m), Quickbird (0.5 m), and GeoEye (0.5 m) may be more 
appropriate. 
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Figure 2: Spatial changes in ESA due to ISs development  

Next we examined the drivers behind this expansion. 

 

DRIVERS OF IS DEVELOPMENT 
LR models were built based on 11 independent variables (Table 1). Five of these variables (x1, 
x5, x6, x9, and x10) were also suggested by key informants (Table 1, column expert model).  
Multicollinearity diagnoses of the independent variables for the all-inclusive model showed that 
VIFs for x5, x9, and x10 exceeded threshold value of 10 (corresponding VIF values are 11.25, 12. 
97, and 20.02). After removal of x10, the multicollinearity was still significant for the variable x5 
(VIF = 10.48). This variable was also eliminated and the test repeated to assure that there was 
no significant multicollinearity among the remaining variables. The same test for the variables of 
the expert model revealed that x10 was highly correlated with other variables (VIF=11.77). It was 
therefore eliminated from the further analysis.  

The final all-inclusive model was built incorporating 7 out of the original 11 factors, while the 
expert model was based on 4 out of 5 factors. All models were significant with the values of chi-
square of 2956.81 and 3419.39, corresponding p-values<0.001 (α=0.05). The results of T-Wald 
test showed that models’ coefficients (βi) were significant with p<0.001 (α=0.05). The values of 
the models’ constants (β0) were -5.45 and -4.24 for all-inclusive and expert LRMs 
correspondingly. 

Table 1: Estimated parameters of LRMs.  

Variable Description Nature of 
variable 

All-inclusive 
model, βi 

Expert 
model, βi 

z 1 – ISs, 0 - not ISs dichotomous - - 

x1 Population density (person/ha) continuous 0.007 0.021 

x2 1 - Forest; 0 - not forest dichotomous insignificant - 
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x3 1 - ESAs; 0 - not ESAs dichotomous -0.675 - 

x4 Slope (%) continuous 0.057 - 

x5 Proportion of urban land in 
neighbourhood (%) 

continuous 
Eliminated, 
(VIF>10) 

0.004 

x6 Proportion of undeveloped land in 
neighbourhood (%) 

continuous 
0.005 0.041 

x7 Proportion of agricultural land in 
neighbourhood (%) 

continuous insignificant - 

x8 Proportion of IS in neighbourhood (%) continuous 0.012 - 

x9 Distance to  roads (m) continuous -0.002 -0.002 

x10 Distance to industrial sites (m) continuous 
Eliminated, 
(VIF>10) 

Eliminated, 
(VIF>10) 

x11 Distance to CBD (m) continuous <0.001 - 

 
Between 1990 and 2005 slope and population density had the highest positive correlation with 
IS growth. This indicates that ISs were built mainly near already highly-populated sites or on 
undeveloped land with relatively low slope. The positive coefficient of the factor x8 suggests that 
new settlements also tended to appear near existing informally developed patterns, which is 
inline with local experts’ opinions. Land availability was one of the driving factors of informal 
expansion suggested by positive coefficients of factor x6. The negative relation of the factor 
proximity to roads (x9) pointed that ISs had a tendency to develop further away from the roads in 
unoccupied suburban areas. However, this situation was different between 1990 and 1995, 
when the new E-5 motorway and the Trans-European Motorway were built (x). This routes 
increased accessibility of the central and southern parts of the district encouraging IS 
development near the roads (xxv). Indications are that IS development was dependant on both 
access to developable land and actual land availability. Although some ISs did encroach on 
ESAs, in general they tended to appear further away from ESAs as shown by the large negative 
values of the factor’s coefficients (x3).  

The results from expert model show that the proportion of vacant land in the neighbourhood 
(factor x6) and the proportion of urban land in the neighbourhood (factor x5) had a strong positive 
influence on the growth of ISs indicating that settlements were developing adjacent to existing 
built-up areas. The relatively weak influence of distance to CBD on informal development is 
possibly due to the distant location of Sancaktepe from the CBD of Istanbul.  

Overall, results from the two models were consistent in indicating causative effects of the 
defined factors on IS development. This indicates that models built on a relatively small number 
of variables which are the main predictors can produce useful results. It is however essential to 
identify the factors which have the strongest causative effect on IS growth in the specific area. It 
should be also noted that the causative effects of the factors are case-specific and may also 
vary over time, although the list of factors can be similar in different cases or time periods. The 
results also show that the local experts appear to have a good understanding of the process of 
informal development in their city. This may have practical implications, as the use of models 
with fewer variables is less data intensive, thus, such models are relatively easy to build and can 
be applied to obtain a quick overview of the situation.  
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EVALUATION OF MODEL PERFORMANCE  
Both LR models were evaluated by comparing the probability maps with the map of the ISs in 
2005. The values of PCP and Kappa were 88.42 % and 0.66 for the all-inclusive model and 
slightly less for the expert model, 84.87 % and 0.59 respectively. The estimated ROC values 
(Figure 3) were 0.82 for the all-inclusive model and 0.81 for the expert model. These results 
compare favourably with those reported elsewhere (xvii, xxviii, xxiii). The small differences in the 
models’ evaluation statistics indicated that the expert model had similar predictive and 
explanatory power as the all-inclusive model. This was also confirmed by the values of AIC, i.e. 
0.91 and 1.09 for the all-inclusive and expert models respectively.  

  

Figure 3: ROC statistics for evaluation of all-inclusive model (left side) and expert model (right 
side). 
The obtained evaluation statistics confirm the spatial explicitness of LR, which is claimed to be a 
major advantage over other models (xvii, xviii, xxxvii). 

 

PREDICTIONS OF IS DEVELOPMENT 
The estimated LR models were updated with the factors of 2005 to calculate probability maps for 
the prediction of areas which are more likely to be informally developed in the future. The map of 
ESAs was overlaid with the maps of predicted probabilities of IS development. Predicted 
probabilities by the all-inclusive model indicated that ISs are very likely spread over still 
undeveloped land parcels adjacent to existing settlements. Both models were consistent in this 
prediction, differences found in the degree of probability assigned to these locations (Figure 4). 
The prediction result from the all-inclusive model showed that less informal expansion is 
expected toward the north of the district than suggested by the expert model. The results from 
all-inclusive and expert models showed that it is more likely that informal development will 
appear within absolute protection zone of rivers in the central part of the district.  The expert 
model predicts the higher probability of development in the north and south of the district 
indicating invasion of ISs to the II, III protection zone of Omerli Lake and the SIT area and I, II 
protection zones of Siniri Lake (Figure 4). Both models indicated that the absolute protection 
zone of the rivers located in the central and southern part of the district has high probability to be 
occupied by ISs while the expert model also predicts that IS development is likely to reach the 
forest areas in the north of Sancaktepe. 
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Figure 4: ESAs which are likely to be occupied by ISs according to the prediction results of all-
inclusive model (right side) and expert model (left side) 
 

The ISs observed within protection zones of the rivers and Siniri Lake in Sancaktepe 
corresponds to the general pattern of location of ISs within ESAs in Istanbul (xxv). The absence 
of identified ISs within protected zones of Omerli Lake reported in the other studies (vi, x) might 
be due to the scale and extent of the maps used in the analysis. The use of larger scale maps 
and an extended study area may reveal more details in location and development of ISs in 
ESAs, as well as provide more specific information about further spread of ISs within natural 
areas. As always, the obtained predictions of the LR models are conditioned by the factors they 
incorporate. Data shortage and quality is a common problem in land use/land cover modelling 
studies (xviii), so too in this study. The data related effects can be over- or underestimation of 
causative effects of the incorporated variables and poor model performance.  Further, the extent 
of modelling is also an important constraint. In this study the spill over spatial effects of factors 
located in adjacent areas were neglected, although they also influence IS development in 
Sancaktepe, especially in the border areas.  

CONCLUSIONS 

This study investigated invasion of ISs to ESAs in Sancaktepe district of Istanbul and an 
application of LR for modelling IS development to reveal causative effects of its driving factors, 
predict further IS development and analyze spatial changes in ESAs due to informal expansion. 
It was found out that during 1990-2005 the main spatial changes in ESAs due to ISs occurred 
within the protected water basin of Siniri Lake in the south and the riparian zones of rivers, 
located mainly in the central part of the district.  
Two models, an expert model, based on 4 factors identified by local experts and an all-inclusive 
model using 7 factors, were built for the period between 1990 and 2005. Overall, the results from 
both LR models were consistent in explaining causative effects of the defined factors. More 
specifically, the main factors which drive informal growth in the study area were population 
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density and slope. The factors proportion of ISs/urban/undeveloped land in the neighbourhood 
and distance to CBD were positively related to spatial allocation of ISs, while distance to roads 
and ESAs were negatively related to ISs development. The predicted probabilities of IS growth 
based on both models were similar for the central and southern part of the district, while the 
expert model assigned higher probabilities of further spread of ISs in the northern part of 
Sancaktepe. According to the models, the riparian zones of the rivers in the southern and central 
part of Sancaktepe are the ESAs with the highest probability to be further occupied by ISs, and 
as such these areas should be the subject of close scrutiny by local planners. 

The insights provided by LR on driving forces and predicted growth areas can support district 
and city level dialogues on ways to manage or guide IS development. The models may also 
serve as practical policy support tools for planners and decision makers. The effective use of 
such tools does however require the development and maintenance of good urban development 
databases, the availability of suitably trained experts and, perhaps above all, a critical attitude to 
the interpretation and use of model results.  Although this study has shown that medium 
resolution data can provide some insights into IS growth, as more detailed information about 
dynamics in development of ISs, like density changes, is important for understanding of this 
process, its control and management. Use of VHR derived data for LR models should therefore 
be explored. 
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ABSTRACT 

The availability of new high resolution radar spaceborne sensors offers new interesting 
potentialities for the acquisition of data useful for the generation of Digital Surface Models 
(DSMs). Two different approaches may be used to generate DSMs from Synthetic Aperture 
Radar (SAR) data: the interferometric and the radargrammetric one. 

At present, the importance of the radargrammetric approach is rapidly growing due to the new 
high resolution imagery (up to 1 m GSD) which can be acquired by COSMO-SkyMed, 
TerraSAR-X and RADARSAT-2 in Spotlight mode. In this respect, it is well known that the two 
main steps for DSMs generation from SAR imagery according to the radargrammetric approach 
are the stereo pair orientation and the image matching. 

In this paper the topics related to image orientation of SAR stereo pairs in zero-Doppler 
geometry acquired by COSMO-SkyMed sensor in Spotlight mode are investigated. The defined 
and implemented model  performs a 3D orientation based on two range and two zero-Doppler 
equations, allowing for the least squares estimation of some calibration parameters, related to 
satellite position and velocity and to the range measure. 

The model has been implemented in SISAR (Software per Immagini Satellitari ad Alta 
Risoluzione), a scientific software developed at Geodesy and Geomatic Institute of the 
University of Rome "La Sapienza''. Starting from this model, based on geometric reconstruction, 
also a tool for the Rational Polynomial Coefficients (RPCs) generations has been implemented. 
To test the effectiveness of the new model, two stereo pairs, acquired by COSMO-SkyMed in 
Spotlight mode over the test sites of Mausanne (Southern France) and Merano (Northern Italy), 
have been orientated varying the number of Ground Control Points (GCPs) and independent 
Check Points (CPs). 

The results obtained clearly show that the geometric potentialities of COSMOSkymed SpotLight 
stereo pairs as regards 3D surface reconstruction is at the level of about 3 meter, even with 
quite few GCPs. 

INTRODUCTION 

Digital elevation models have large relevance in some territorial applications, such as 
topographic mapping, spatial and temporal change detection, feature extraction and data 
visualization. An important part of the international research and development (R&D) programs 
are related to the DSMs generation from satellite data, both optical and SAR. 
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DSMs extraction from satellite stereo pair offers some advantages, among which low cost, 
speed of data acquisition and processing, availability of several commercial software and 
algorithms for data processing. In particular, the DSMs generation from SAR data offers the 
significant advantage of possible acquisition during the night and in presence of clouds. 

Two different methods to extract absolute or relative elevation from SAR data are interferometry 
and radargrammetry, both using a couple of images of the same area acquired from two 
different points of view. The interferometry uses the phase differences information between the 
SAR images to lead the terrain elevation, unlike radargrammetric technique analyzes the signal 
amplitude and exploits the stereoscopy similarly to optical photogrammetric methods. Actually, 
due to the low resolution amplitude supplied by the spaceborne radar sensors available until 
now (at the level of tens of meters), usually the first approach has been used, being aware that 
the radar interferometry may suffer for lack of coherence. 

At present, the importance of the radargrammetric approach is rapidly growing due to the new 
high resolution imagery (up to 1 m GSD) which can be acquired by COSMO-SkyMed, 
TerraSAR-X and RADARSAT-2 sensors in Spotlight mode. In this sense, it seems useful to 
underline that the two approaches should be considered complementary, in order to obtain the 
best (accurate and complete) product (0). 

The radargrammetric approach was first used in the 1950s; then, as mentioned, it was less and 
less used, due to the quite low resolution in amplitude of radar image, if compared to their high 
resolution in phase. Only in the last decade some researchers have investigated the DSMs 
generation from SAR data acquired by the various sensors presently available: several results 
about data acquired by lower resolution satellite, like  RADARSAT and ERS1/2, have been 
published by Toutin in (0) and, quite recently, Raggam et al. (0) studied the potentialities of 
TerraSAR-X, as regards high resolution SAR satellite operating in Spotlight mode. 

To obtain good stereo geometry, the optimum configuration for the radargrammetric application 
is when the target is observed in opposite-side view; however it causes large geometric and 
radiometric disparities hindering image matching. A good compromise is to use a same-side 
configuration stereo pair with a base to height ratio ranging from 0.25 to 2 (0) in order to 
increase the efficiency in the correlation image process. 

As regards the radargrammetric orientation model, it has to be underlined that, starting from the 
model proposed in the classical book of Leberl (0), a refinement of the orbital model is needed to 
comply with and to exploit the potentialities of the novel high resolution (both in azimuth and in 
range). Then, the defined and implemented model performs a 3D orientation based on two 
range and two zero-Doppler equations, allowing for the least squares estimation of some 
calibration parameters, related to satellite position and velocity. 

Moreover a tool for the RPCs generation has been implemented in SISAR software, similarly to 
the satellite optical imagery. The possibility to generate RPCs starting from a rigorous model 
sounds of particular interest since, at present, SAR imagery are not supplied with RPCs, 
whereas the Rational Polynomial Functions (RPFs) model is available in several commercial 
software. 

The results of some tests performed on two COSMO-SkyMed Spotlight stereo pairs are 
presented; they concern the stereo orientation using both the radargrammetric and RPCs model. 
The commercial software PCI Geomatica v. 10.3 which implements the well known Toutin's 
model. 
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THE RADARGRAMMETRIC MODEL 

The radargrammetry technique performs a 3D reconstruction based on the determination of the 
sensor-object stereo model, in which the object position is computed by the intersection of two 
radar rays with two different look angles. 

First of all we shortly recall the fundamentals of a slant range projected SAR image. 

The image coordinate system is 2D and describes the position of a point in an image: the origin 
is in the upper left corner, the position is pointed out by its line (J) and sample (I); the line 
number increases downwards and the sample number increases toward the right (Figure 1). 

The line number J is related to the acquisition time, measured along the flying direction of the 
satellite, called azimuth direction; the sample number I is related to the slant range of each point, 
that is the distance between the satellite and the imaged point on the ground. Correspondingly, 
the pixel dimension is characterized by two different resolutions: the azimuth resolution in flying 
direction (line spacing LS) and the slant range resolution in the slant range direction (column 
spacing CS). 

azimuth

radar
footprint

satellite

slant
range

J (azimuth direction)

I (slant range)
0.5

0.5
1.5

1.5

 

Figure 1: Azimuth and slant range direction in the image reference system 

Now we can recall the fundamental radargrammetric equations, which read: 
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where: 

 P


  is the 3D position of a generic ground point P  

 v


  is the 3D satellite velocity vector 

 S

  is the 3D satellite position when the point P is imaged 

 
P

RS  is the slant range related to the generic point P 

the first equation (1) represents the general case of zero-Doppler projection: in zero-Doppler 
geometry the target is acquired on a heading that is perpendicular to the flying direction of 
satellite (0); the second equation of (1) is the slant range constrain. 
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The equations (1) can be rewritten in an explicit form within a local cartesian coordinate system, 
with the origin in the image centre (known from metadata), the y-axis along the local meridian 
pointing to North, the z-axis along the local normal to the ellipsoid and the x-axis toward East. To 
this aim, we have to considered that the orbital arc related to the image acquisition in Spotlight 
mode is quite short (about 10 Km), so that it could be conveniently modelled with a circular arc; 
its parameters are estimated by least squares adjustment using few orbital state vectors 
available in the metadata. Therefore, the equations (1) take the form: 
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where:  
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V  are the cartesian components of the satellite velocity in the local coordinate 

system (time dependent) 
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X , 
S

Y , 
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Z  are the coordinates of the satellite in the local coordinate system (time 

dependent) 

 
P

X , 
P

Y , 
P

Z  are the coordinates of  the generic Ground Control Point (GCP) in the local 

coordinate system (time independent) 

 Ds is the so-called near range, a calibration parameter related to the range measure  

 CS is the column spacing 

 I  is the column position of point P on the image 

Moreover the time of acquisition of each GCP is related to its line number J through a linear 
function, since the satellite angular velocity can be considered constant along the short orbital 
arc related to the image acquisition: 
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where parameters 
0t

k ,
1t

k   are unknown. Overall, the least squares solution of the orientation 

problem is devoted to the estimation of the three parameters 
S

D , 0t
k , 1t

k . 

RPCS MODEL AND COEFFICIENTS GENERATION 

The Rational Polynomial Functions (RPFs) model is a well-known method to orientate optical 
satellite imagery. In fact, some satellite imagery vendors have considered the use of RPFs 
models as a standard to supply a re-parametrized form of the sensor model in term of the RPCs, 
secretly generated from their own physical sensor models. 

The RPFs model relate the object point coordinates (latitude , longitude  and height h) to the 
pixel coordinates (I, J) in the form of ratios of polynomial expressions whose coefficients (RPCs) 
are often supplied together with imagery. Moreover, since residual biases may affect RPCs, the 
orientation can be refined on the basis of GCPs; usually a 2d shift (2 parameters) or a 2d affine 
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(6 parameters) transformations are estimated, so quite few GCPs are necessary to obtained a 
refined RPFs orientation, which can reach the accuracy level of a rigorous model based one. 

The RPCs can be generated according to a terrain-independent scenario, using known physical 
sensor model. Within SISAR a tool for RPCs generation according to the terrain-independent 
scenario is implemented. A 2D image grid covering the full extent of the image is established 
and its corresponding 3D object grid with several layers slicing the entire elevation range is 
generated. The horizontal coordinates (X, Y) of a point of the 3D object grid are calculated from 
a point (I, J) of the image grid using the already established and mentioned physical sensor 
model with an a priori selected elevation Z. Then the RPCs are estimated using a least squares 
solution with an input of the object grid points and the image grid points. 

This terrain-independent computational scenario can make the RPF model a good 
reparametrization of the physical sensor models, and has been widely used to determine the 
RPCs (0). In order to avoid instability due to high RPCs correlations, in our approach the 
Singular Value Decomposition (SVD) and QR decomposition are employed to evaluate the 
actual rank of the design matrix and to select the actual estimable coefficients. Moreover, the 
statistical significance of each estimable coefficient is checked by a Student T-test, so to avoid 
overparametrization; in case of not statistically significant coefficient, it is removed and the 
estimation process is repeated until all coefficients are significant (“parsimony principle”) (0).  

Therefore, the use of the RPFs of model is common in several commercial software, at least for 
three important reasons: 

 the implementation of the RPFs model is standard, unique for all the sensors and much 
more simple that the one of a rigorous model, which have to be customized for each 
sensor 

 the performances of the RPFs model can be at the level of the ones from rigorous 
models, provided refinement transformations are used 

 the usage requires zero or, at maximum, quite few GCPs if refinement transformations 
are used  

For these reasons, the use of RPCs could be conveniently extended also to SAR imagery, which 
presently are not supplied with RPCs. Therefore, the RPCs generation tool already implemented 
in SISAR for optical imagery has been extended to comply with SAR imagery. 

RESULTS 

Data set 

The available data for the experimentation are two COSMO-SkyMed Spotlight stereo pairs 
acquired over the area of Mausanne (South France) and Merano (North Italy). All  images 
belongs to the Level 1A (SCS) category products, that is focused data in complex format, in 
slant range and zero-Doppler projection. The two scenes of Mausanne were acquired by the 
same COSMO-SkyMed satellite (CSK1) with incidence angles of 35.7 and 55.4 degrees 
respectively along an ascending orbit, forming a same-side configuration stereo pair. The two 
scenes of Merano were acquired by two different COSMO-SkyMed satellites (CSK1 and CSK2), 
with incidence angles of  25.9 and 42.3 degrees respectively along an descending orbit, again 
forming a same-side configuration stereo pair. 
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The area covered by the stereo pairs is approximately 10×10 Km2. All images features are listed 
in Table 1. 

The stereo pair orientation of Mausanne is based on 25 Ground Points (GPs), used both as 
GCPs and CPs: 2 GPs have been surveyed by GPS, whereas the remaining 23 GPs have been 
derived with photogrammetric procedure, from a Cartosat-1 stereo pair, acquired in the 
framework of the ISPRS-ISRO Cartosat-1 Scientific Assessment Programme (C-SAP), achieving 
a horizontal and vertical accuracy of about 3 m and 4 m respectively. 

Table 1: COSMO-SkyMed images features 

Area Acquisition date Coverage [Km
2
] 

Mean incidence 

angle [deg] 
Orbit Look side B/H 

Mausanne 
13/07/2008 10x10 35.7 Ascending Right 

0.7 
14/07/2008 10x10 55.4 Ascending Right 

Merano 
30/11/2009 10x10 25.9 Descending Right 

0.3 
02/11/2009 10x10 42.3 Descending Right 

The stereo pair orientation of Merano is based on 20 Ground Points (GPs), used both as GCPs 
and CPs too; horizontal coordinates are derived from cartography (scale 1:5000) whereas the 
heights come from a LIDAR Digital Terrain Model (mean elevation accuracy of 0.25 m); both 
these data are free available on the website of the “Provincia Autonoma di Bolzano”. 

Accuracy  results of radargrammetric model 

To test the effectiveness of the new model, the stereo pairs has been orientated varying the 
number of GCPs and the model accuracy is analyzed, evaluating the RMSE computed over CPs 
residuals (RMSE CPs). In order to obtain significant results from the statistical point of view, for 
a given number of GCPs, different tests were carried out, using independent sets of GCPs, 
selected under the condition of a good distribution over the areas covered by the stereo pairs. It 
has to be pointed out that the identification of GPs on the SAR image is usually much more 
difficult than in the case of optical imagery, so that an average error of 1-2 pixels (if not larger) 
have to be considered (Figure 2).  

For Mausanne stereo pair, the horizontal and vertical accuracy are both at level of 4.0 - 5.0 m 
(Table 2), basically at the same accuracy of the GPs, if the error due to their recognition on the 
COSMO-SkyMed images is considered as regards the model performance achievable varying 
the set of GCPs, the software shows a stable behaviour and the increase of GCPs number does 
not improve the results remarkably. 
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Figure 2: Example of a Ground Point identification on Cartosat-1 (left) and on COSMO-SkyMed 
images (right) 

In Figure 3 the histograms of RMSE CPs for the 6 and 9 points distributions in the case of 
Mausanne are presented; in particular 4 different distributions have been employed for the 
orientation based on 6 GCPs and 3 different distributions for the orientation based on 9 GCPs. 
The value of accuracy obtained in each test shows that the behaviour of the model is stable as 
well varying the GCPs distribution. 

Table 2: Results of the scientific software SISAR for Mausanne stereo pair 

RMSE CP Mausanne 

# GCPs 
average [m] median  [m] standard deviation  [m] 

NORTH EAST UP NORTH EAST UP NORTH EAST UP 

3 5.30 4.78 4.33 5.05 4.76 4.31 1.02 0.67 0.43 

6 4.30 4.80 3.97 4.40 4.62 4.04 0.24 0.46 0.27 

9 4.94 4.31 4.14 4.97 4.14 4.00 0.21 0.29 0.36 

12 4.57 5.16 4.26 4.57 5.16 4.26 0.25 0.13 0.51 

16 4.74 4.35 3.72 4.74 4.35 3.72 - - - 

20 5.95 4.70 4.73 5.95 4.70 4.73 - - - 

 

Figure 3: Histograms of RMSE CP for different distributions of 6 and 9 GCPs for Mausanne 
stereo pair  
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For Merano stereo pair, the horizontal accuracy is at level of 3.0 - 4.0 m, and the vertical one is 
around 3.0 m (Table 3); again, the increase of GCPs number does not improve the results. In 
Figure 4 the histograms of RMSE CPs for the 3 and 9 points distributions in the case of Merano 
are presented; in particular 6 different distributions have been employed for the orientation 
based on 3 GCPs and 3 different distributions for the orientation based on 9 GCPs. Finally, also 
the best results obtained using the commercial software OrthoEngine v. 10.3 (PCI Geomatica), 
in which the model developed by T. Toutin is embedded, are presented in the  

 

 

 

 

 

Table 4.  

It is clear that both software basically achieve the same accuracy, apart from the tests with 3 
GCPs, where OrthoEngine v. 10.3 (PCI Geomatica) displays anomalous behaviours. 

Table 3: Results of the scientific software SISAR for Merano stereo pair 

RMSE CP Merano 

# GCPs 
average [m] median [m] standard deviation [m] 

NORTH EAST UP NORTH EAST UP NORTH EAST UP 

3 3.30 3.70 2.68 3.22 3.57 2.63 1.04 0.37 0.25 

6 2.55 3.59 2.91 2.36 3.76 2.67 0.27 0.24 0.38 

9 1.68 3.91 2.76 1.94 3.94 2.86 0.40 0.19 0.35 

12 2.52 3.54 2.16 2.52 3.54 2.16 0.05 1.20 0.93 

15 4.53 4.32 3.73 4.53 4.32 3.73 - - - 

 

Figure 4: Histograms of RMSE CP for different distributions of 3 and 9 GCPs for Merano stereo 
pair 



27 

 

 

 

 

 

 

 

 

Table 4: Results of OrthoEngine v. 10.3 for Mausanne and Merano stereo pairs 

RMSE CP OrthoEngine 

Mausanne Merano 

# GCPs NORTH (m) EAST (m) UP (m) # GCPs NORTH (m) EAST (m) UP (m) 

3 11.75 79.83 15.26 3 2.98 11.52 10.61 

6 3.91 5.80 4.15 6 4.33 5.03 2.73 

9 5.40 7.03 4.30 9 2.21 3.40 3.23 

12 5.92 6.36 4.23 12 3.99 2.74 2.90 

16 4.78 6.96 4.56 15 4.32 3.52 3.24 

20 5.10 5.88 6.09 - - - - 

Accuracy  results of RPCs model 

In this last case the results of RPCs generation and their application for COSMO-SkyMed 
images are presented. As regard RPCs generation, instead of 78 coefficients generally 
employed in a third order rational polynomial function, a much lower number of coefficients 
(about 20) are estimated, avoiding the overparametrization and selecting only the estimable and 
significant parameters as mentioned before.  

The generated RPCs was used in order to orientate the stereo pairs, in particular in Table 5 the 
orientation results in terms of RMSE of CPs residuals are presented in three cases: using only 
the RPCs without any refinement; using 3 GCPs to estimate a shift adjustment; using 5 GCPs to 
estimate an affine adjustment. 

The results, shown in Table 5 are coherent with those derived through the radargrammetric 
rigorous model. Shift and affine transformations using GCPs do not improve the results 
remarkably, since the orientation, based on RPCs generated according to the radargrammetric 
model, is not affected by a large bias. 

Table 5: Results of the RPCs generated with the scientific software SISAR for Mausanne and 
Merano stereo pairs  

Mausanne 

Transformation # GCPs # CPs 
Hold-Out-Validation RMSE CPs 

NORTH [m] EAST [m] UP [m] 

none 0 25 4.80 5.02 4.51 
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shift 3 22 4.80 5.02 4.51 

affine 5 20 4.45 4.42 3.94 

Merano 

Transformation # GCPs # CPs 
Hold-Out-Validation RMSE CPs 

NORTH [m] EAST [m] UP [m] 

none 0 20 2.15 3.58 2.37 

shift 3 17 2.13 3.46 2.37 

affine 5 15 2.42 4.02 2.37 

CONCLUSIONS 

A new model for the orientation of stereo pairs collected by COSMO-SkyMed sensor in Spotlight 
mode was defined and implemented in the scientific software SISAR. An experiment was carried 
out with two stereo pairs collected over the test sites of Mausanne (South France) and Merano 
(North Italy). The accuracy evaluation shows that the vertical accuracy is at level of 4.0 - 5.0 m in 
the case of Mausanne test site and at level of 3.0 m in the case of Merano one; this preliminary 
results are satisfying, considering the mean accuracy of the available GPs. An investigation 
using more accurate GPs, for example GPS points, is necessary. The model behaves quite 
stable with better results if compared to the commercial software OrthoEngine 10.3. Moreover 
good results are achievable even using quite few GCPs and the increase of GCPs number does 
not improve the results remarkably.  

Moreover a tool for the RPCs generation suited to COSMO-SkyMed imagery has been included 
in SISAR software. The application of RPCs model to SAR stereo pairs gives good results, 
comparably ones with those derived through the radargrammetric rigorous model. The affine and 
the shift adjustment do not improve the results significantly. 

In the future the attention will be focused on the images matching strategy in order to generate 
DSMs from SAR images and on the accuracy assessment of these products. 
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ABSTRACT 
Up-to-date Synthetic Aperture Radar (SAR) sensors are able of acquiring imagery of sub-meter 
resolution. This very high resolution makes them an appropriate tool for the mapping of buildings 
in urban areas. Optical data may help to fill in gaps that are due to occlusions or signal mixtures 
caused by layover. We combine features of airborne interferometric SAR (InSAR) data and 
optical aerial images for classifying an urban scene into building and non-building sites. A 
Generalized Linear Model (GLM) within a Conditional Random Field (CRF) framework is, first, 
trained on features and, second, applied to a test site for inference. We then provide some 
concepts how the two different sensor geometries may be exploited for building height 
estimation once buildings have been detected.  
Keywords: SAR, Fusion, Classification, Building detection, Urban, Height estimation  
 
 
INTRODUCTION  
Single objects or even parts of them can be distinguished in data of very high-resolution SAR 
sensors. This can be seen in Fig. 1 where we compare a high resolution spotlight image of the 
TerraSAR-X satellite with an aerial optical image. The main building of the Leibniz Universität 
Hannover and various parts of it are captured by the SAR sensor. Layover and shadowing 
effects that are due to the slant range measuring principle occur. The optical data provides 
complementary information (e.g., color and texture) to the SAR data and may thus facilitate 
automatic object extraction [7-9]. We also see that in both images the main building is 
surrounded by various other objects like streets, trees, and other buildings. Those objects are 
the context of the object of interest. We may exploit this typical context in urban scenes in order 
to derive a more powerful and expressive building detection approach. But instead of introducing 
a model-based approach, which would potentially work well for a particular scene but fail for 
others, our aim is to learn context generically within a probabilistic framework. A method that 
meets the aforementioned requirements is Conditional Random Fields (CRF). CRFs were 
originally introduced by Lafferty et al. [10] for labeling one-  
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Figure 1. Comparison of SAR and optical image: the main building of the Leibniz Universität 
Hannover imaged by (a) the TerraSAR-X satellite (© DLR) (high resolution spotlight mode, 
resolution approx. 1m , range direction left to right) and by (b) an optical aerial sensor (© 
Geoinformation Stadt Hannover) 
 
dimensional data and then adapted to imagery by Kumar and Hebert [11]. They are a 
probabilistic discriminative approach providing high modeling flexibility in terms of context 
integration. CRFs have already been applied to various computer vision tasks [11,16-17] and 
also for object detection in remote sensing data [12,15,19].  
Once buildings have successfully been detected we may think of reconstructing them three-
dimensionally [1-6,18]. Inherent effects like layover and shadowing contain height information. 
Additionally, the different sensor geometries of the SAR and the optical sensor may be used in 
order to combine features of both data sets to estimate building heights under the assumption of 
locally flat terrain.  
The paper is organized as follows: First, Conditional Random Fields are introduced before we 
explain some inherent optical and SAR effects that are helpful for building height determination. 
We then apply our methods to some test data: features are extracted in SAR and optical data, 
buildings are detected with CRFs and building heights are estimated. Results are discussed and 
finally conclusions are drawn and ideas for future improvements are presented.  
 
 
Conditional Random Fields  
An overview of the general CRF framework we use is given in this section. Then, we introduce 
the basic formulae of our modified approach that better adapts to the task of building detection in 
urban areas.  
CRFs are graphical models. They model relations between image sites through a network of 
nodes and edges. Since we are dealing with images, nodes may for example represent spatial 
entities like pixels, square image patches or irregular image segments. Edges link the nodes and 
carry information about how they should interact. This property enables us to introduce some 
prior knowledge we have by choosing a particular design of the edges. CRFs belong to the 
family of undirected graphical models (i.e., Random Fields) as opposed to directed graphical 
models like Bayesian networks. In contrast to Markov Random Fields (MRF), which are 
generative models because they model the joint probability P(x,y), CRFs are discriminative 
models. They directly model the posterior probabilities P(y|x) of labels y given observations x 
through products of local marginal and conditional probabilities of adjacent nodes. Instead of 
providing only crisp decisions whether a pixel belongs to class building or non-building, we 
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obtain probabilities for each node. This becomes convenient if we want to be flexible in terms of 
post-processing.  
In the standard formulation, CRFs consist of two main terms (Eq. 1): the association potential 
Ai(x,yi) and the interaction potential Iij(x,yi,yj). The association potential evaluates how likely it is 
that a node i is labeled with label yi given all data x. We may use any discriminative classifier for 
the association potential. In the interaction potential we model context-knowledge. It describes 
how two label sites i and j interact considering all observations x. In order to transform the node 
potentials to probabilities we have to divide the exponential of the sum of association potential 
and interaction potential through the partition function Z(x). Z(x) acts as a normalization factor 
and is a constant for a given data set. 
 

 
We use a Generalized Linear Model (GLM) for both the association potential Ai(x,yi) (Eq. 2) and 
the interaction potential Iij(x,yi,yj)(Eq. 3). Vector hi(x) contains all node features and vector wT 
contains the weights of the features in hi(x) that are tuned during the training process. Vector vT 
contains the weights of the features, which are adjusted during the training process. yi is the 
label of the site of interest and yj the label it is compared to. 
 

 
 
Various designs of Iij(x,yi,yj) exist [11,17] that are designed for typical computer vision tasks. The 
usual consists of detecting a single rather large instance of an object in a relatively small image. 
We face a different challenge: Our images are large and many small instances of the same 
object occur with narrow gaps in-between. In order to avoid over-smoothing effects we introduce 
an explicit discontinuity constraint. High gradients are often found at building boundaries in the 
optical intensity image. They well isolate buildings from their environment. The CRF standard 
interaction potential (Eq. 3) does not fully incorporate this discriminating feature because it only 
compares features of adjacent nodes but nothing in between them. Therefore, we extend the 
edge feature vector μij(x) to μij,mod(x) by element-wise multiplication with a scalar weight wdisc,ij 
[19]. This weight is a function of the mean gradient between two adjacent nodes i and j. 
 

 
 
We introduce the mean gradient into a sigmoid function (Eq. 5) with the inflexion position at κ = 
0.5 because an investigation of its histogram suggests that values above 0.5 separate objects of 
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different classes. In order to still allow for the separation of two nodes in the absence of high 
gradients we shift the sigmoid function in y-direction. In order to learn the parameters of our 
CRF, which are simply the feature weights within the vectors v and w, we have to set up an 
objective function O(w,v). In order to ensure a global optimum our objective function should 
either be concave (global maximum) or convex (global minimum). A common way to achieve a 
concave objective function is to use the log-likelihood of the posterior probabilities P(y|x) (Eq. 6). 
 

 
 
By substituting the CRF posterior probabilities of Eq. 1 into Eq. 6 we obtain the objective function 
(Eq. 7). 
 

 
 
We use the limited-memory Broyden-Fletcher-Goldfarb-Shanno (L-BFGS) [20] method as 
optimizer to train the association potential and the interaction potential simultaneously. For 
inference we use Loopy Belief Propagation (LBP) [21]. 
 
 
Building height estimation 
Once we have detected buildings we may wish to get some knowledge about their heights. The 
previous two-dimensional detection provides horizontal building boundaries and an additional 
height information would allow for a three-dimensional reconstruction. Our aim is to investigate 
effects inherent in the data that contain height information. 
 

 
Figure 2. (a) Sketch of height estimation using SAR double-bounce line db (black) and 
overlapping building roof edge (E' is projected to e) of the optical image, (b) double-bounce lines 
(red) overlaid to a cut-out of the optical orthophoto. 
 
An obvious height information source that first comes into one's mind is the InSAR heights. 
Currently, a rather simple InSAR height extraction procedure is applied for testing purposes. 
Initially, the previously extracted double-bounce lines of one of the two SAR amplitude images 
are extended to parallelograms towards the SAR sensor position in slant range geometry. We 
then turn to the interferometric heights in slant range geometry and overlay the parallelograms. 
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Thus, the InSAR layover phase ramp is fully contained within the parallelogram of a particular 
building. We set the width of the parallelogram according to the SAR acquisition parameters and 
the expected maximum building height of the particular urban scene. Next, the maximum height 
within each parallelogram (i.e., the maximum height of each phase ramp) is assigned to the 
corresponding building. It should be noticed that we have not done any phaseunwrapping yet 
which is hard to conduct in urban environments with strong signal mixtures and abrupt height 
changes. In order to help circumvent this issue we make use of the optical data. Buildings in the 
optical image appear distorted due to the central perspective of the aerial camera. In the image 
this translates to a building's facade being visible and its roof being mapped with an offset of the 
building's footprint. A distortion of a particular building (given the acquisition parameters) is a 
function of its height h and its distance to the nadir point N of the camera (within the image). If 
we know those parameters, we simply have to measure the offset between a roof edge and the 
building footprint. An increasing offset indicates a higher building. Reconsidering our feature 
extracted from the SAR data, we see that double-bounce lines are located exactly at the 
boundary of the building footprint facing the SAR sensor. All double-bounce lines are located at 
ground height. If we overlay the extracted double-bounce lines (see details of extraction 
procedure in [13]) with the optical image, the building roof edge (E') in the optical image falls 
over the double-bounce line db (E' is mapped to e). Then, we are able to calculate building 
height h from the flying altitude of the aerial camera H and the ratio of distances Δdb and Δe. 
Δdb describes the distance of the double-bounce line to the nadir N. Δe is the distance between 
the roof edge of a building to the nadir N. 
 

 
 
 
 
 
RESULTS AND DISCUSSION 
In order to assess the current status of our research we do some experiments with test data. 
The proposed methods are tested using an aerial orthophoto of 0.31 meters ground sampling 
distance and airborne InSAR data acquired by the Intermap Technologies Aes-1 sensor of 
approximately the same resolution. The test scene shows a part of the city of Dorsten in 
Germany. First, we perform building detection based on combined optical and InSAR features. 
Second, we manually extract the footprints of some large flat-roofed buildings in the scene and 
apply our height determination methods. 
 
 
Building detection 
We have introduced the CRF classification framework in the first section. Vector hi(x) in Eq. 2 
contains the features that discriminate buildings from the rest of the data. We remind the reader 
that the context term (the interaction potential) is also based on those features as shown in Eq. 
4. For our testing purpose we take rather simple features as input to hi(x). Mean and variance of 
the red channel, the blue channel, the hue, features based on the gradient orientation histogram 
of the intensity image, and some Haralick features are used. The most reliable InSAR feature is 
the already previously mentioned building double-bounce line [5,13], which is located where the 
near-range building walls meet the ground (see db in Fig. 1a). Using those simple features and 
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the modified interaction potential (Eq. 4,5) we achieve a true positive rate (TPR) of 85% and a 
false positive rate (FPR) of 29% (see results of three test images in Fig. 2). A more detailed 
analysis of the results (with a slightly modified interaction potential) can be found in [15]. 
 

 
Figure 3. (a) Sketch of height estimation using SAR double-bounce line db (black) and 
overlapping building roof edge (E' is projected to e) of the optical image, (b) double-bounce lines 
(red) overlaid to a cut-out of the optical orthophoto. 
 
 
Building height estimation 
A small test region containing relatively high flat-roofed buildings (see test region overview in 
Fig. 3c) and estimate their heights in the two different ways described in section 3 (see results in 
Fig. 3a,b). The flying height H above ground was 3900 m. We compare the estimated building 
heights (Fig. 3a,b) to the LIDAR reference. Over-estimated building heights are shown in dark 
grey and under-estimated heights in light grey for each building separately. In Fig. 3a it can be 
observed that, in general, the InSAR height slightly under-estimates the building heights (mean 
error -2.8 meters). This is due to ambiguous phase to height conversions because we have not 
done any phase-unwrapping. We can see this at the high buildings on the right side of Fig. 3a 
where the actual building height has been under-estimated more than 50%. Thus, a next step 
will be to integrate the height estimated with the supplementary optical data in order to support 
phase-unwrapping. The combined use of the double-bounce line and the overlapping buildings 
in the optical image gives better results. It slightly over-estimates the building heights (mean 
error 1.6 meters, Fig. 3b). 
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Figure 4. Estimated building heights assigned to building footprints: (a) differences of InSAR 
heights to LIDAR reference and (b) differences of heights calculated from overlapping optical 
data and double-bounce lines to LIDAR heights (light grey: height estimated too low, dark grey: 
height estimated too high), (c) aerial orthophoto of the test region. 
 
 
CONCLUSIONS AND OUTLOOK 
We have shown that a context-based approach using GLMs within a CRF framework provide 
good results for building detection in urban areas. Heights of the detected buildings can then be 
determined based on a combination of SAR double-bounce lines and distortions in the optical 
image that are caused by the central perspective of the aerial camera. One factor limiting the 
performance of the CRFs is the regular grid of image patches we use for classification. Those 
patches do not consider image information and thus building and non-building areas are often 
merged within one patch. This is the reason for less discriminative feature distributions. 
Therefore, we are currently testing CRFs set up on an initial segmentation that well preserves 
object boundaries. A graphical model on image segments would also allow us a more 
expressive integration of the image gradients as discontinuity constraint. In addition, we will have 
to test our classification approach on a second test site with data of different sensors in order to 
get a more generally valid performance evaluation. 
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Considering building height estimation we will integrate all possibilities into one joint least 
squares adjustment. We also need to test the presented ideas on a second data set. 
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ABSTRACT 
Urban land-use change models are valuable tools for assessing the spatial impact of alternative 
planning strategies via scenario analysis. A trustworthy output can only be obtained if the 
models are correctly calibrated and validated, which requires historic land-use data. Land-use 
information is often inconsistent or unavailable at the desirable time interval. Earth observation 
satellites supply regular information on urban development and can provide additional data to 
improve calibration. To study urban growth patterns with a time-span that exceeds the 
availability of high resolution imagery, a mapping approach is required that succeeds in 
capturing structural information from medium resolution images. A rather novel approach in this 
research area is to describe urban structure by means of spatial metrics, which are usually 
applied on categorical data such as land-cover maps. The main objective of our research was to 
quantify the spatial structure of the Greater Dublin Area by applying metrics on continuous 
sealed surface data. Three types of urban metrics were derived at the level of spatial units 
(blocks): average building density, distribution characteristics of sub-pixel sealed surface 
fractions and spatial variability. Using these spatial metrics as quantitative variables describing 
urban structure, a supervised classification based on a multi-layer perceptron classifier was used 
to infer basic land-use categories. With this approach, we were able to distinguish broad land-
use types such as residential areas and employment zones (e.g. industrial, commercial). This 
distinction is relevant for urban modelling as these classes represent important driving factors. 
Results of applying the proposed methodology on a timeseries of Landsat images are currently 
being used for improving the calibration of the MOLAND land-use model for Dublin. 
 
 
INTRODUCTION 
In today’s urbanising world, effective urban management and planning strategies are essential to 
temper the impact of urban change processes on the natural and human environment. Urban 
land-use change models are valuable tools for developing such strategies and for assessing 
their spatial impact via scenario analysis. The increasing use of land-use change models in 
practical urban planning contexts also poses new scientific challenges as planners need robust 
and reliable tools rather than models that produce questionable output that can be legally 
challenged (i). A correct calibration and validation is therefore essential. Model calibration 
requires historic land-use data, which is time-consuming to obtain. Land-use information is also 
often lacking or unavailable for short time intervals and if available, inconsistencies in mapping 
methodologies and mismatches in the definition of classes and spatial resolution of maps often 
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lead to the detection of false changes (ii). The extensive archive of medium-resolution (MR) 
remote sensing data (e.g. Landsat, SPOT-HRV), with satellite images dating back to the early 
1970s, may provide a solution for the lack of reliable land-use information. However, although 
commonly applied image classification algorithms can readily map land cover from the reflective 
properties of the earth’s surface, land use is linked to socio-economic activities and can 
therefore not be directly inferred from spectral information (iii). The spatial structure of the built-
up environment is nevertheless strongly related to its functional characteristics (iv). Visual 
interpretation of remotely sensed imagery of urban areas, for example, is based on the close link 
between land-use and urban morphology. This link is the basic concept behind different (semi-
)automated approaches for urban mapping that either rely on structural and contextual 
information present in the image or on information derived from ancillary data sources (v). A 
rather novel approach in this research area is to describe urban structure by means of spatial 
metrics, i.e. quantitative measures of spatial pattern and composition (vi). Spatial metrics derived 
from satellite imagery may help to describe the morphological characteristics of urban areas and 
their changes through time. To study urban growth patterns with a time-span that exceeds the 
availability of high resolution imagery, spatial metrics that succeed in capturing structural 
information from medium resolution images are required. This issue is being studied in the 
MAMUD project, a BELSPO-funded research initiative focusing on the use of remote sensing 
data for measuring and modelling of urban dynamics (vii). Three types of urban metrics were 
derived at the level of spatial units (blocks) that were defined by intersecting a detailed road 
network with the most recent MOLAND land-use map of Dublin. A first and simple metric 
represents building density as the average sealed surface cover within a block. A second metric 
characterises the distribution of sub-pixel sealed surface fractions. The shape characteristics of 
this distribution were quantified by fitting a transformed logistic function and were found to be 
indicative of a block's built-up structure. In addition to this, spatial variance was used as a 
spatially explicit metric describing the sealed surface cover within the blocks. Using these spatial 
metrics as quantitative variables describing urban structure, a supervised classification based on 
a multi-layer perceptron neural network classifier was used to infer basic land-use categories. 
 
 
STUDY AREA AND DATA 
The study area for this research is Dublin, Ireland. Dublin experienced rapid urban expansion 
during a period of strong economic growth, known as the Celtic Tiger era (1995 – 2007). Three 
medium resolution satellite images were used to develop a time-series of land-use information: 
two Landsat 5 TM images of June 13th 1988 and September 10th 1997, and a Landsat 7 ETM+ 
image acquired on May 24th 2001. Because the images were acquired under different 
illumination and atmospheric conditions, a relative atmospheric correction based on pseudo-
invariant features was carried out (viii). While the 1988 image is cloud-free, the 1997 and 2001 
images are partly covered by clouds. Clouded areas were masked out and not used in the 
analysis. The Landsat images were geometrically co-registered to a Quickbird image acquired 
on August 4th 2003 and set in the Irish Grid projection system. A land-cover classification was 
available for this Quickbird image, which provided us with the necessary reference data required 
for deriving sealed surface fractions at sub-pixel scale from Landsat pixels. Road network data 
and land-use maps for 1990 and 2000 were made available by the European MOLAND project 
(ix). 
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METHODS 
 
Mapping the urban extent 
The first step in describing urban growth patterns was mapping the urban extent. For this 
purpose, binary urban masks were derived for each image in the time-series with an 
unsupervised classification approach. Several spectral classes were distinguished by the 
classifier, some of which could directly be labelled as pure land-cover classes (vegetation, water, 
soil or built-up area). Most classes, however, were mixed (e.g. partly covered by more than one 
land-cover class) or spectrally confused (e.g. dry bare soils and bright urban objects), and could 
not be unambiguously assigned to a single land-cover class. A postclassification approach using 
knowledge-based rules (x) was therefore applied for removing classification noise, for 
generalising the map and for assigning pixels to the correct land-cover class. The resulting 
classification consisted of 4 classes: urban areas including mixed urban/vegetation pixels, pure 
vegetation pixels (e.g. crops, pasture), bare soil and water. To test the approach, validation was 
carried out for the 2001 image by a visual sampling of about 1% of the image pixels (2897 
pixels). For obtaining binary urban masks, pixels belonging to the classes soil, water and pure 
vegetation were considered as non-urban while pixels belonging to the “urban” class were 
included in the mask. To improve the urban masks, a change trajectory analysis was conducted 
in order to detect and remove irrational changes between the masks developed for different 
dates. 
 
 
Sub-pixel sealed surface mapping 
Urban masks derived from MR satellite images are useful for indicating the extent of the urban 
area, but are less suited for intra-urban analysis. Information on structure and composition is 
difficult to obtain from MR images using pixel-based classification approaches because one MR 
pixel usually contains different scene elements (xi). Especially in urban areas, a single 30 by 30 
m Landsat pixel may have a heterogeneous land-cover composition consisting of, for instance, 
grass, trees, concrete or water. Assigning this pixel to either an urban or non-urban class will 
result in a loss of information. Spectral unmixing approaches, which allow characterising land-
cover distribution at sub-pixel level, may partly compensate for this lack of spatial detail, and 
may render medium-resolution imagery more useful for urban studies. In an urban context, these 
approaches are frequently used for analysing urban land-cover composition (xii), and for 
mapping sealed surface cover (xiii). Sealed surface cover refers to land covered by sealed 
surfaces (e.g. buildings, parking lots…) and is therefore an important structural element of urban 
areas. For this reason, the first step in obtaining information on urban form and function within 
the bounds of the urban masks was deriving sub-pixel sealed surface maps from each image in 
our time series. These maps represent the fraction of sealed surfaces within each Landsat pixel 
rather than only a binary membership (urban or non-urban). To obtain sub-pixel sealed surface 
maps, a linear model relating the spectral values of the Landsat pixels to their fractional 
vegetation cover was developed for each image separately using linear regression analysis. The 
models were developed and applied within the bounds of the urban masks to reduce spectral 
variability and to make the calculation of sealed surface fractions from the complement of the 
estimated vegetation fraction possible. Outside the urban mask, spectral confusion between 
certain types of urban surfaces and bare soil cannot be avoided and would lead to wrong 
proportion estimates. To define the regression model and for validating it, an initial sample of 
approximately 10 000 pixels was randomly drawn from the part of the Landsat image 
overlapping the high resolution land-cover map that was derived from 1m pan-sharpened 
Quickbird data. The land-cover map was downsampled to 30m resolution to calculate reference 
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proportions of vegetation cover. Pixels in the sample that underwent changes in vegetation 
cover between the acquisition dates of the Landsat image and the Quickbird image used to 
obtain the reference map were filtered out by a temporal filtering technique based on iterative 
linear regression between NDVI values (xiv). From the unchanged sample pixels coinciding with 
the urban mask, a random sample of training and validation pixels was finally selected. The 
resulting linear models were applied to the pixels of the urban mask and sealed surface 
proportions were calculated by subtracting the estimated vegetation fractions from 1. 
 
 
Inferring land use from sealed surface maps 
Land use was inferred from the sealed surface maps by applying a supervised classifier using 
spatial metrics as variables. To calculate spatial metrics on the sealed surface maps, our study 
area was first divided in elementary spatial entities that are relatively homogeneous in terms of 
land use. This was achieved by intersecting detailed urban road network data for Dublin with the 
reference land use map of 2000 from the MOLAND project, which provided us with 5767 blocks. 
For each block and for each image in the time series, the mean of the perpixel sealed surface 
fractions was calculated to divide the study area into 4 urban density classes using criteria 
defined in the MOLAND typology: 0-10% (non-urban land), 10-50% (discontinuous sparse urban 
fabric), 50-80% (discontinuous urban fabric) and more than 80% (continuous urban fabric). 
Blocks with less than 10% sealed surfaces were considered as nonurban land. Blocks with more 
than 80% sealed surface cover were labelled as continuous, dense urban fabric. The remaining 
3494 blocks with 10%-80% sealed surface cover were further characterised with two types of 
spatial metrics: spatial variance and the cumulative frequency distribution (CFD) of sub-pixel 
sealed surface proportions. Spatial variance (SV) is a simple measure for a spatially explicit 

characterisation of block morphology: 
     
 

                                                        (1) 
 
 

 
with n the number of pixels with the block, ki the number of neighbours of pixel i, and f the sub-
pixel sealed surface fraction. The cumulative frequency distribution (CFD) of the proportion 
sealed surface cover of the Landsat pixels is a metric characterising composition and is not 
spatially explicit. The shape of the distribution function can be related to the morphological 
characteristics of the block it represents (xv). Low and medium density residential land-use 
blocks, for instance, contain more mixed sealed surface/vegetation pixels than industrial areas. 
The abundance of these mixed pixels is reflected by a sigmoid shaped CFD, whereas the 
predominance of pure sealed surface pixels results in a more exponentially shaped CFD. To 
express the CFD’s shape quantitatively, a function was fitted using a nonlinear least-squares 
approach. This function’s parameters express the shape of the CFD and can be used as 
variables in a supervised classification to assign the blocks to land-use classes. To model the 
CFD, we made use of a transformed logistic function: 

  
 

                                                       (2) 
 

where α and γ are the scaling parameters of the x and y axis respectively, and β and δ the 
translation parameters.  
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Together with the average amount of sealed surface cover and spatial variance within the 
blocks, the 4 parameters of the fitted CFD curve were used as variables for the supervised 
classification. The primary objective was to assign each block with a sealed surface cover 
between 10% and 80% (3494 in total) to one of 3 urban classes: employment (commercial 
areas, industrial zones, public or private services), residential (different types of residential land) 
and other urban (comprised of urban parks, sports and leisure facilities). The employment and 
residential classes represent “push” and “pull” land-use functions and are important agents in the 
MOLAND model. The “other urban” class was included because some urban parks, sports and 
leisure facilities have more than 10% sealed surface cover due to the presence of walkways and 
small constructions. As explained before, blocks with more than 80% sealed surface cover were 
not included in the classification and were directly assigned to the class: “continuous urban 
fabric”. These blocks are too densely built to further characterise them with the cumulative 
frequency distribution of sealed surface pixels. Likewise, pixels with 10% or less sealed surface 
cover were assigned to the class “non-urban land”. To obtain reference data for training and 
validating the classifier, the predominant landuse class of each block was derived from the 
MOLAND land-use map of 2000 for classifying the 2001 image and from the MOLAND land-use 
map of 1990 for classifying the 1988 image. The 1997 image, for which no reference data was 
available, was classified by applying the classification model trained on the 2000 data. We 
adopted a stratified sampling approach to select training and validation samples. For each class, 
about 200 blocks were randomly selected. This set was then randomly split in two to obtain 
independent training and validation samples. For validation, classification accuracies were 
calculated with an area-based weight, i.e. misclassifying larger regions had a more severe 
impact on overall accuracy than misclassifying smaller regions.  
A multi-layer perceptron (MLP) classifier was used to assign the blocks to the land-use classes. 
MLP is the most commonly used neural network classifier in remote sensing applications. Neural 
networks have gained popularity in the field because, in contrast to statistical classifiers, they are 
non-parametric and therefore make no assumptions about the frequency distribution of the data. 
Opposed to these potential advantages lies the drawback that the user has to make several 
design choices that have a significant effect on MLP performance (xvi). Taking the complex and 
often ambiguous parameterisation into consideration, we used NeuralWare’s Neuralworks 
Predict® to develop the MLP. This commercial software package offers the user a set of 
semantic design choices which optimally set or determine the parameters required to train a 
neural network. 
 
RESULTS 
The overall accuracy and kappa index of agreement of the unsupervised classification used 
for deriving the urban mask for the 2001 image were 0.93 and 0.89 respectively. The urban 
masks clearly show the rapid urban expansion of the city of Dublin (figure 1). Most urban growth 
takes place near the western and northern edges of the city. 
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Figure 1. Binary urban masks for each image of the time series. Cloud cover is indicated by 
light grey patches. 
 
Estimating sealed surface proportions with linear regression for the pixels lying within the urban 
masks reveals the density patterns of the built-up area within the city (figure 2). The urban centre 
and the expanding industrial zones near the motorway and primary traffic arteries are clearly 
visible on the sealed surface maps. The sprawled urban form of Dublin also becomes obvious as 
low density development extends from the old centre in all possible directions. Accuracy of 
sealed surface proportions was assessed for the temporally filtered validation samples drawn 
separately for each image (table 1). The mean absolute error (MAESealed), which indicates the 
overall error magnitude, was around 10% for each image. The mean error (MESealed) indicates 
error bias and was slightly positive, pointing to a negligible tendency for overestimation. 
 

 
 
Figure 2. Sub-pixel sealed surface maps of Dublin for 1988, 1997 and 2001. Proportional sealed 
surface cover inside each pixel is shown by shades of grey (white = 0% sealed, black 
= 100% sealed). Cloud cover is indicated by light grey patches. 
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Table 1. Error assessment of sub-pixel sealed surface fractions estimated by linear regression. 

 
 
With the sealed surface maps to represent the patterns and structures of the built environment, 
the metric signatures were calculated and included as input variables to the MLP classifier. For 
the 2001 image, 86% of the total area covered by the validation samples was correctly 
classified. This was slightly less for the 1988 image (table 2). This may be caused by the fact 
that the definition of the blocks is partly based on the 2000 MOLAND land-use map, which 
means that some regions may not be homogenous in terms of land use in 1988. This in turn may 
influence the signatures used for training the classifier, but the impact on the output is expected 
to be limited given the results of the accuracy assessment. 
 
 
Table 2. Area-weighted producer’s accuracy (PA), user’s accuracy (UA), and percent correctly 
classified (PCC) blocks for the MLP based land-use classification. 
 

 
 
The output of the region-based land-use classification was intersected with the urban density 
maps, which results in maps consisting of 5 classes (figure 3): non-urban land (<10% sealed), 
low density residential (10-50% sealed), medium density residential (50-80% sealed), 
employment, and dense urban fabric (>80% sealed). These classes represent the maximum 
level of thematic detail that can be derived from MR satellite images with reasonable accuracy. 
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Figure 3. Morphological/functional maps of Dublin for 1988, 1997 and 2001, inferred from 
subpixel sealed surface maps. The map has 5 classes: non-urban land (green), employment 
(blue), low-density residential (light red), medium density residential (red) and dense urban 
fabric (dark purple). Cloud cover is shown as light grey. 
 
CONCLUSIONS 
In this paper we proposed a method for inferring morphological/functional maps with a 
supervised classification based on spatial metric signatures. Spatial metrics are usually 
calculated on categorical data, but in this study we quantified spatial structure from continuous 
sealed surface proportions derived at sub-pixel level. Three types of metrics were used for this 
purpose: average sealed surface cover, spatial variance and shape characteristics of the 
cumulative frequency distribution of sealed surface proportions. This approach showed 
promising results on our study area when applied to distinguish general morphological/functional 
land-use types such as residential versus employment land use (industrial/commercial/services). 
The distinction among the two functional classes residential/employment is important in the 
context of urban growth models because they represent the “push” and “pull” factors driving 
urban land-use change. The results of this study are currently being used to improve the 
calibration of the MOLAND urban growth model of the Greater Dublin Area. Future research 
should focus on determining optimal scales of analysis in relation to image resolution. 
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ABSTRACT 
Land-use change models are more and more used by planners and policy makers as tools to 
assess the impacts of their decisions on the spatial systems that they are to manage. To be 
usefully applicable the models need extensive calibration. Typically the required time series of 
land-use maps based on identical and consistent mapping methodologies, legends and scales 
are missing. As a result, the land-use changes measured in the time intervals studied are often 
the result of mismatches in the mapping procedures rather than real changes in the land-use 
patterns of interest. As an alternative, land-use products inferred from archived medium 
resolution remote sensing images have a large potential for usage in the historic calibration of 
land-use change models. However, inferring land-use classes from remote sensing data is not 
straightforward. Therefore, a calibration framework for land-use change modelling is being 
developed which is based on the comparison of spatial metrics derived from both remote 
sensing images and simulation results. Parameters used in the simulation model are tuned in 
such a way that the simulated patterns of urban growth, as described by the metrics, match the 
patterns observed in the remote sensing imagery. This study evaluates the applicability of spatial 
metrics calculated from urban masks derived from remote sensing images and simulated land-
use maps for the historic calibration of the EU-MOLAND model of Dublin. Results show that the 
historic calibration can be improved by using remote sensing derived spatial metrics. 

 

INTRODUCTION 
Urban change processes are increasingly affecting the human and natural environment. They 
stress the need for new, more effective urban management approaches based on the notion of 
sustainable development. Land-use change models enable planners and policy makers to 
assess the impacts of decisions on the spatial systems that they are to manage. To be usefully 
applicable to this effect, land-use change models need extensive calibration. Typically the 
required time series of land-use maps based on identical and consistent mapping 
methodologies, legends and scales are missing. As a result, the land-use changes measured in 
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the time intervals studied are often the result of mismatches in the mapping procedures rather 
than real changes in the land-use patterns of interest.  

As an alternative, land-use products inferred from archived historic medium resolution remote 
sensing images (Landsat TM/ETM+, ASTER, SPOT) have a large potential for usage in the 
historic calibration of land-use change models. Spaceborne remote sensing images have a 
better temporal coverage and consistency than land-use maps. However, inferring land-use 
classes from remote sensing data is not straightforward, since land use is related to functions 
that are not directly represented in the reflectance spectra of surface objects as detected by 
remote sensing sensors.  

Therefore, a calibration framework for land-use change modelling is being developed (i) which is 
based on the comparison of spatial metrics derived from both remote sensing images and 
simulation results. The metrics describe characteristic aspects of urban form and structure. 
Parameters used in the simulation model are tuned in such a way that the simulated patterns of 
urban growth, as described by the metrics, match the patterns observed in the remote sensing 
imagery. 

This study evaluates the applicability of spatial metrics calculated from urban masks derived 
from remote sensing images and simulated land-use maps for the historic calibration of the EU-
MOLAND model of Dublin (ii), a spatially-dynamic land-use model of the type cellular automata 
(iii). The remote sensing time series used in this study consisted of 3 Landsat TM5 images 
(13/06/1988, 02/09/1994 and 10/09/1997) and a Landsat ETM7 image (24/05/2001).  

 

METHODS 

The calibration framework 

Figure 5 shows the concept of using spatial metrics for the calibration of land-use change 
models. First, morphological land-use classes are derived from a remote sensing image. The 
remote sensing derived land-use map can then be compared to the output of the land-use 
change model of the same year with spatial metrics. The spatial metrics used for calibrating 
land-use change models should be chosen in accordance with the model’s objectives. Because 
this project focuses on the evolution of urban sprawl, metrics selected should be able to quantify 
characteristics such as urban density, land-use and activity, fragmentation and scattering, 
decentralization and accessibility (iv). The metrics are calculated from model simulations and 
compared with the same metrics derived from remote sensing images for optimizing the 
calibration. This procedure can be applied each time a remote sensing image is available within 
the model calibration period. 
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Figure 5: Concept of using spatial metrics for calibrating land-use change models. 

 

Derivation of urban masks 

Urban masks are map layers that indicate whether a pixel is part of the urban fabric or not. 
These masks are derived for each image in the time-series using an unsupervised classification 
approach based on Kohonen’s Self-Organizing-Maps (v). When applying unsupervised 
classification, several spectral classes distinguished by the classifier can be directly labelled as 
pure land-cover classes (vegetation, water, soil or built-up area). Most classes, however, are 
mixed (e.g. partly covered by more than one land-cover class) or spectrally confused (e.g. dry 
bare soils and bright urban objects), and cannot be unambiguously assigned to a single land-
cover class. A post-classification approach using knowledge-based rules (vi) is therefore applied 
for removing classification noise, generalising the map and for assigning pixels to the correct 
land-cover class. 

Change trajectory analysis 

The urban masks were further improved based on change trajectory analysis. The purpose of 
change trajectory analysis is to reduce error in the definition of the masks for consecutive time 
steps based on the detection of irrational land-use changes in the time series. 
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Figure 6: (A) Urban mask comparison through time (1988, 1994, 1997 and 2001) (0 = non-
urban, 1 = urban, X = nodata; (B) Extent of the Dublin urban mask from 1988 to 2001 after 
correcting for irrational changes observed in the time series. 

Errors occurring in the derivation of the urban masks as well as image registration errors will 
have an impact on the trajectory of change observed for each MR-pixel in the time series, on the 
value of the metrics that are derived from the gradient information, and ultimately on urban form 
descriptions derived from these metrics. To better understand the errors that occur, possibly 
reduce errors or at least be able to take them into account in the data processing chain we 
analysed the rationality of differences observed in the delineation of urban masks through the 
time series. One way of validating the temporal consistency of the urban masks derived for 
various years in the time series is to analyse the urban/non-urban change trajectory observed 
through time. The four urban masks for the Landsat time series (13/06/1988, 02/09/1994, 
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10/09/1997 and 24/05/2001) were therefore subjected to a change rationality analysis. The 
status of a pixel in each mask was either 0 (non-urban), 1 (urban) or X (= no data due to cloud 
cover). With four images, 47 of the 81 theoretically possible trajectories (34) were observed. The 
trajectories could be grouped into 7 main classes (Figure 6A). Trajectories were declared as 
“instable” if the “urban” status for one year is followed by a “non-urban” status in the following 
years. “Instability” was mainly due to phenological differences (with bare soil fields mistakenly 
identified as urban), and to tidal level variations (sand confused with urban in the coastal area). 
Table 6 gives an overview of the relative occurrence of different types of instable trajectories that 
were observed. By applying a set of simple change trajectory rules (Table 7), removing most of 
the irrational changes observed, the masks were corrected and made more consistent through 
time (Figure 6B). 

Table 6: Relative occurrence of the 16 “instable” trajectories. 

0010 – 3 743 ha – 9% 1011 – 742 ha – 2% 010X – 297 ha – 1% 1X01 – 138 ha – 0% 

0X10 – 1 914 ha – 4% 0110 – 721 ha – 2% 1001 – 225 ha – 1% 10X1 – 53 ha – 0% 

0100 – 1 857 ha – 4% 01X0 – 473 ha – 1% 1010 – 174 ha – 0% 110X – 41 ha – 0% 

0101 – 957 ha – 2% 1101 – 299 ha – 1% 101X – 158 ha – 0% X010 – 0 ha – 0% 

Table 7: Urban mask change trajectory analysis: trajectory transformations used to remove 
inconsistencies in the urban mask time series and to cope with missing data (X). 1 = urban 
mask, 0 = non-urban area. 

Initial code Urban mask 

1988 1994 1997 2001 

11X1, 1XX1, 111X, 1011, 
1111, 1X11, 1X1X, 1XXX, 
11XX 

1 1 1 1 

011X, 01X1, 0111, 01XX 0 1 1 1 

0011, 001X, 0X11, 0X1X 0 0 1 1 

00X1, 0001, 0XX1, 0X01 0 0 0 1 

 

In addition to these improvements, the international airport of Dublin was manually added to the 
urban masks from the reference land-use maps, as it was not well represented.  

 

Comparison of urban masks 

Because the output produced by the MOLAND model has a cell size of 200 m, the urban masks 
were spatially aggregated from their native resolution of 30 m using a majority filter. 
Furthermore, it was decided not to use the 1994 Landsat TM image, because cloud cover 
hampers a correct analysis. Clouded areas in the 1997 and 2001 images were masked in order 
to omit these areas from the analysis.  

Since in this study remote sensing derived urban masks are compared with urban masks 
derived from MOLAND simulations of the same date, the land-use classes from the MOLAND 
simulations were recoded to a binary urban mask following the key listed in Table 8. 
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Table 8: Recoding of the MOLAND land-use classes for the derivation of an urban mask. 

MOLAND land-use class Urban mask 

Arable land, Pastures, Heterogeneous agricultural areas, 
Forests, Semi-natural areas, Wetlands, Abandoned, 
Construction sites, Road and rail networks and associated land, 
Mineral extraction sites, Dump sites, Artificial non-agricultural 
areas, Restricted access areas, Water bodies, Outside areas 

Non-urban 

Residential urban fabric (all density classes), Industrial areas, 
Commercial areas, Public and private services, Port areas, 
Airport 

Urban 

 

 

A  

B  

Figure 7: Simulation result for 2001 using (A) the reference scenario (α = 0.4) and (B) the 
extreme scenario (α = 50). 
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Next, areas containing clouds in the remote sensing derived urban mask were removed and the 
masks derived from the simulation were subsetted to the extent of the remote sensing products. 
The urban masks derived from remote sensing were compared with two scenarios of the 
MOLAND model for Dublin in order to study the sensitivity of the spatial metrics to detect 
changes. First a ‘reference scenario’ of the MOLAND model was used, which is the most 
recently calibrated version of the model. For the second scenario (‘extreme scenario’), an 
extreme value for the stochastic parameter α was used: α = 50 instead of α = 0.4, which results 
in a scattered landscape (Figure 7). The urban masks were compared using pixel-based 
methods (kappa, fuzzy kappa, overall accuracy) and class metrics. 

RESULTS 

The pixel-based comparison (Table 9) shows that the kappa and fuzzy kappa values are higher 
for the reference scenario, which means a better resemblance between masks derived from 
remote sensing images and the reference scenario. On the other hand, the amount of pixels that 
is labelled as urban in both the remote sensing products and the MOLAND simulations (fraction 
correct) is high for both scenarios and does not show much difference. This means that kappa 
and fuzzy kappa are a better indicator for a good calibration of the α parameter than the (fuzzy) 
fraction correct measure. Note that the accuracy measures of the two scenarios are identical for 
1988/1990, because the same data was used to initialize the model scenarios. 

Table 9: Pixel-based comparison of urban masks derived from remote sensing and from two 
scenarios of the MOLAND land-use change model. 

 Reference scenario (α = 0.4) 

 Kappa Fraction correct Fuzzy kappa Fuzzy fraction correct 

1988/1990 0.65 0.91 0.50 0.95 

1997 0.75 0.92 0.66 0.96 

2001 0.76 0.92 0.66 0.96 

 Extreme scenario (α = 50) 

1988/1990 0.65 0.91 0.50 0.95 

1997 0.69 0.90 0.53 0.95 

2001 0.70 0.90 0.54 0.95 

 

However, if the urban masks are compared among all dates, i.e. 1988/1990, 1997 and 2001, the 
pixel-based comparison does not always give the best match between a remote sensing derived 
urban mask and a simulated urban mask of the same date ( 

Table 10). On the contrary, it seems that a remote sensing derived mask corresponds better with 
a simulated mask of the previous time-step in the comparison. This is probably caused by a 
relative underestimation of the extent of the urban mask derived from remote sensing. 
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Table 10: Kappa values for the comparison between simulated urban masks (reference 
scenario) and remote sensing (RS) derived urban masks. 

 RS 1988 RS 1997 RS 2001 

Simulation 1990 0.65 0.77 0.73 

Simulation 1997 0.59 0.75 0.78 

Simulation 2001 0.56 0.72 0.76 

 

When the urban masks of both MOLAND scenarios are compared, it can be concluded that the 
differences are very small: 95% of the cells have the same class in the mask pairs of 1997 and 
2001. Although the extreme scenario shows more scattering among urban classes, at the level 
of the urban mask the differences are small compared to the reference scenario.  

The comparison of the urban masks based on class-level metrics comprised the evaluation of 13 
different metrics ( 

 

 

 

 

 

 

 

 

 

Table 11). In order to investigate the sensitivity of the metrics, first the difference between the 
two MOLAND scenarios was evaluated. Figure 8 shows the results for four metrics. All 
evaluated metrics with a relation to fragmentation confirm that the extreme scenario with α = 50 
results in a more scattered landscape than the reference scenario. 

Next, the class level metrics from both MOLAND scenarios were compared with the metrics 
calculated from the remote sensing derived urban masks. Results show that remote sensing 
derived metrics correspond well with the reference scenario for TE, ED, CLUMPY, nLSI, IJI and 
LSI. FRAC_AM and LPI derived from remote sensing show a better correspondence with the 
extreme scenario for 1997, while for 2001 they are more comparable with the reference 
scenario. For NP, PD and PAFRAC a worse fit between remote sensing and the reference 
scenario was found for 2001, while this is better for 1997 (Figure 8). 
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Table 11: Spatial metrics used for the evaluation of the urban masks. For a detailed description 
of the metrics see (vii). + = relatively good fit between remote sensing and simulation, - = 
relatively bad fit between remote sensing and simulation. 

Spatial metric Explanation Reference Extreme 

1997 2001 1997 2001 

NP Number of patches + - - + 

PD Patch density + - - + 

LPI Largest patch index - + + - 

TE Total edge length + + - - 

ED Edge density + + - - 

LSI Landscape shape index + + - - 

FRAC_AM Fractal index distribution (area weighted mean) - + + - 

PAFRAC Perimeter-area fractal dimension + - - + 

IJI Interspersion & justaposition Index + + - - 

CA Total class area - - - - 

PLAND Percentage of landscape - - - - 

CLUMPY Clumpiness index + + - - 

nLSI Normalized landscape shape index + + - - 
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Figure 8: Class level metrics calculated from urban masks derived from two MOLAND scenarios 
and from the remote sensing derived urban masks. 

CONCLUSIONS 

Urban masks, post-processed with change trajectory analysis, can be derived from remote 
sensing imagery with a high accuracy, although some underestimation of the urban area is 
visible compared to simulation results. Pixel based comparison of remote sensing derived masks 
and simulated masks confirm this. A remote sensing derived urban mask shows a better 
correspondence with a simulated mask of the previous time step. Further research should 
investigate the cause of the underestimation. 

The (fuzzy) kappa measure is a more powerful measure than the (fuzzy) fraction correct for 
comparing urban masks. The analysis shows that remote sensing derived urban masks 
correspond better with the reference scenario than with the extreme scenario. It should however 
be noted that 95% of the cells in the simulated mask pairs (reference compared to extreme 
scenario) remain in the urban mask. It is expected that scenarios with different neighbourhood 
influence functions will cause a larger change in the shape of the urban mask than perturbations 
of the alpha parameter. Future research should confirm if pixel-based comparisons provide more 
significant results in this case. 

Apart from the pixel-based comparison of the masks, 13 spatial metrics related to urban sprawl 
were evaluated for their use as a goodness of fit measure. In general it can be concluded that 
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most of the evaluated metrics are sensitive to changes in the structure of the urban mask and 
show a good fit between remote sensing data and the reference scenario. Some metrics, 
however, show a different goodness of fit for 1997 and 2001 and others are not sensitive to 
changes. It is assumed that the high level of thematic abstraction in the urban mask images 
reduces the sensitivity to urban dynamics, which takes place at an intra-urban scale. Future 
research should therefore evaluate the application of spatial metrics at limited land-use classes 
(e.g. population and employment related classes). Furthermore, research should focus on the 
use of more specific metrics that can be applied to specific spatial entities and that are sensitive 
to specific changes at the urban fringe. 
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ABSTRACT 

The BELSPO-MAMUD project focuses on the use of remote sensing data for measuring and 
modelling urban dynamics. Remote sensing is a wonderful tool to produce long time-series of 
sealed surface maps, which are useful for this purpose. In the urban context of Istanbul, a very 
dynamic city, recent high resolution satellite images and medium resolution images from the 
past have been exploited to calibrate and validate a regression-based sub-pixel classification 
method allowing this production. 

Image classification in an urban context is a tricky task for several reasons: prominent 
occurrence of shadowed and occluded areas and urban canyons, spectral confusions between 
urban and non-urban materials at ground and roof levels, moderately hilly relief ... To cope with 
these difficulties the combined use of three types of data may be helpful: diachronic (vii), multi-
angle and 3D data. 

A master multispectral and panchromatic QuickBird image and a panchromatic Ikonos 
stereopair, all acquired in March 2002, were used in combination with a multispectral and 
panchromatic Ikonos image of May 2005. A DSM was generated from the Ikonos stereopair and 
building vector file. It was used for orthorectification, building height estimation and classification. 
The area covered by the high resolution products was divided in 3 parts and each was classified 
independently. 

This application demonstrates that a recent high resolution land-cover classification produced 
using multi-date, multi-angle and DSM can be used to produce sealed surface maps from longer 
time-series of medium resolution images over large urban areas, thus enabling the analysis of 
urban dynamics. 
 
Keywords: remote sensing, classification strategy, sub-pixel classification, DSM, urban 
dynamics, sealed surface. 
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INTRODUCTION 

All over the world, urbanization is an increasing phenomenon that produces many environmental 
perturbations. One of the characteristics of this urbanization is the increase of the area covered 
by sealed surfaces causing runoff increase (vii), urban overheating with implication on health 
(vii) and pollutant washing associated with non point source or diffuse pollution (vii). In the EU, 
the increase of sealed surfaces cover is seen as a major problem that must be tackled. 

In the framework of the BELSPO-MAMUD project (vii), a research initiative that focuses on the 
use of remote sensing data for measuring and modelling urban dynamics, the increase of sealed 
surface area is one of the major parameters taken into consideration. To produce long time 
series of high resolution sealed surface maps of the very dynamic city of Istanbul we used a sub-
pixel classification method of medium resolution (MR) satellite imagery. To calibrate and validate 
the sub-pixel classification models, an accurate high-resolution (HR) land-cover map was 
required for a representative part of the city area. Producing a HR land-cover map in this specific 
urban context is a tricky task for several reasons: prominent occurrence of shadowed and 
occluded areas and urban canyons, spectral confusion between urban and non-urban materials 
at ground and roof level, moderately hilly relief ... To cope with these difficulties, we combined 
three types of data in a HR image classification procedure : (1) diachronic data to reduce 
shadow from summer images, (2) images with various satellite elevation and azimuth angles to 
reduce occluded areas, (3) 3D data to discriminate land-covers with similar signature at the 
ground and roof levels. 

METHODS 

Study material 

A master multispectral and panchromatic QuickBird image acquired during March 2002 is used 
in combination with a multispectral and panchromatic Ikonos image of May 2005. The influence 
of solar angle and satellite geometric configuration on both images is clearly illustrated on figure 
1. The QuickBird image shows longer shadows than the Ikonos image. Shadow directions are 
nearly the same because of similar sun-time acquisition. Concerning direction and size of the 
slant effect producing occlusions, the same figure shows a smaller displacement on the Ikonos 
image. On the QuickBird image, displacement is nearly in the same direction as the shadows. In 
the two cases, areas hidden by buildings (occluded area) are clearly smaller than areas affected 
by shadows. 
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Figure 1: Shadowed and occluded areas are respectively related to sun and satellite positions 
(shadow and occlusion lengths are given in % of the building height) 

 

A panchromatic Ikonos stereo-pair acquired in March 2002 was also used to form a triplet with 
the Ikonos image acquired in May 2005 (Figure 2). A DSM was produced using this triplet. It 
provides the 3D information that is exploited in the classification strategy described here after. 

The Istanbul Metropolitan Planning Centre (IMP-Bimtas) provided us a large-scale vector file of 
building footprints with the number of floors as useful attribute for the land-cover classification 
improvement. 

 

Figure 2: Shadow and occlusion directions on the three panchromatic Ikonos images used to 
produce the DSM and on the Quickbird image shown for comparison (shadow and occlusion 
lengths are given in % of the building height) 
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A nearly cloud-free time series of images at medium resolution consisting of 6 Landsat (E)TM 
images and a SPOT 5 image, spanning a period between 1987 and 2009, was acquired for the 
Istanbul study area. 

Procedures and methods 

The selected procedure is shown on the flowchart in figure 3. The area of 7 000 ha covered by 
the master Quickbird image was subdivided in three main zones: water, shadows and others. In 
each zone, a specific classification method was applied. Classification and post-classification of 
water bodies only used multispectral layers. Contrary to the classes “Shadow” and “Others”, for 
which classification and post-classification required the use of the building vector file and the 
DSM. Preparatory work, classification and post-classification are explained hereafter. 

 

Preparatory work consists of three pre-processing, image fusion, image orthorectification and 
textural band computation. 

The fusion of the multispectral and panchromatic bands of the master Quickbird image is based 
on a local statistics matching algorithm (vii). The fused images were used for visual 
interpretation during the classification and validation phases. 

For the orthorectification of all the images, the same 25 Ground Control Points and the DSM 
extracted from the triplet of Ikonos images were used. Further developments in the 
photogrammetric processing task allowed the production of a higher resolution DSM (0.5 m) 
using tri-stereoscopic approaches (vii), but unfortunately it was not used at this stage of our 
research. The multispectral ortho-images were resampled at 2.4 m resolution for classification 
purpose. 
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Figure 3: General workflow leading to the Istanbul classification. 

 

An additional textural band was generated computing focal variance in a 7x7 window on the 
Quickbird panchromatic band, and was then resampled to the 2.4 m resolution. The decision to 
use the variance calculated on the PAN-band instead of other texture measures (e.g. Haralick 
co-occurrence measures) for improving the accuracy of the high-resolution (HR) classification 
was based on previous experience with HR image classification of urban areas in a former 
project (BELSPO-SPIDER). In this project it was shown that pixel-based land-cover classification 
of urban areas using different kinds of texture measures does not produce substantially different 
results in terms of classification accuracy even if the spatial pattern of the intensity values is 
taken into account by the coocurence and not by the variance. With respect to the choice of a 
7x7 kernel size, we concluded from our previous work that in order to obtain improvements in 
urban areas with texture-based classification approaches, the window size should be smaller 
than or equal to the average size of the objects in the scene, which implies that for urban areas 
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the window size should be limited in extent. Our experiments showed that the variation of 
variance observed for different kernel sizes of limited extent is quite small. 

Classification processes were independently applied on each of the three parts of the area (Fig. 
3) using specific strategies. First, water bodies were obtained by thresholding NDVI, followed by 
a cleaning procedure based on clump detection, size analysis and mathematical morphology. 
Shadowed and occluded areas were determined next with the help of sun and satellite elevation 
and azimuthal angles (vii) provided in the image metadata (Table 1) and an improved DSM. 
Figure 4 illustrates the principle of the method applied to improve the DSM, producing more 
sharpened building shapes by using the building footprint vector file. This improvement aimed to 
better detect shadows by using the vector outlines of the large-scale building database. 
Furthermore, building height was calculated using a ground level altitude estimated at the 
building foot by a focal minimum extraction procedure and a flat roof altitude estimated by 
computing a zonal maximum in the footprint area. 

Table 1: Metadata about sun and satellite positions of the master QuickBird image. 

Angles 
Azimuth Elevation 

Min Max Mean Min Max Mean 

(a) Shadows (solar) 153.2° 153.3° 153.2° 40.2° 40.4° 40.3° 

(b) Occlusions (satellite) 109.4° 127.0° 119.0° 75.5° 76.8° 76.2° 

 

 

Figure 4: Reduction of the building bell-shape of the 3 m resolution DSM by replacing altitude 
around the building by a focal minimum 5x5 filter and by replacing altitude in the building 
footprint by the maximum observed in this footprint (flat roof) 

 

The effect of this DSM improvement on shadow and occlusion detection is illustrated on figure 5. 
On Fig. 5a, the shadow shown in dark grey spreads from the main building towards the north-
west. The shadow area delineated from the original triplet DSM is shown in violet on Fig. 5b. It 
covers a much smaller area than the actual one. Fig. 5c shows the effect of the improvement 
procedure described above on the detected shadow. In a third version of the DSM, the attribute 
of the building database containing the number of floors was used to compute the building 
elevation using an estimated mean floor height of 2.62 m that was obtained from a sample of 
building heights estimated from shadow length. The height of all the buildings was then 
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computed using this mean value and the number of floors. It was added to the minimum in the 
area covered by the footprint. The shadowed areas were modelled again with this improved 
DSM. As stated on Fig. 5d this approach produced the more accurate results. 

Detection of occluded areas from the initial DSM produced poor results. An example of the 
detection of occluded areas obtained with the last improved version of the DSM can be seen in 
figure 4e. As the image was not acquired in a nadiral position, building top displacements mask a 
portion of the image. One can notice that in the case of the Quickbird image acquired in 2002, 
these occluded areas are nearly completely overlain by shadows. Because of the redundancy of 
the 4 channels and the poor dynamic, classification in shadowed areas uses only the 4 
multispectral channels to detect only 3 classes, building, road network and vegetation. 

 

Figure 5: In violet shadowed and occluded areas detected with the initial DSM and after various 
DSM improvements 

(a): Original image 
(b): Shadows detected with the initial DSM 
(c): Shadows detected with DSM improved by a focal minimum (5x5 kernel) to extract the 
ground level altitude around the building footprint and by considering a flat roof extracting the 
zonal maximum altitude from the DSM in the building footprint 
(d): idem (c) but with a roof altitude as a function of the number of floors 
(e): Occluded areas detected with the DSM used in (d) 

 

Classification strategy adopted on the last spatial partition uses four Quickbird multispectral 
bands and the textural channel. Because it is obvious that urban classification can be improved 
by 3D information (vii), a neo-channel of building height derived from the initial DSM was also 
exploited. This last layer was determined by the difference between the initial DSM and a ground 
level surface obtained by an iterative procedure involving TIN creation from ground level points 
found by a sink detection procedure or focal minimum computation. 

An unsupervised classification method was applied and its output was interpreted in 
homogenous and inhomogeneous classes. The latter classes were then submitted to a second 
unsupervised classification with a posterior interpretation. Finally, 26 sub-classes were obtained 
corresponding to 7 main classes (figure 9). 

The post-classification procedures make use of the building vector file that presents updating 
lacks and/or incompleteness. As visible in the centre of figure 5, these lacks and incompleteness 
were revealed by DSM curvature computation using the partial second derivatives of a 2nd order 
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polynomial function locally adjusted on the 9 altitude values of a 3 by 3 kernel. The result was 
then thresholded. 

 

Figure 6: Updating lacks and/or incompleteness of the building vector file are partially revealed 
by thresholded surface curvature (see notably buildings in the image centre). 

The final result of the classification procedure of the HR image is obtained by merging the 3 
classified partitions. 

RESULTS 

Originally we intended to use an Ikonos image of 2005 as a substitute for the QuickBird image in 
shadowed and occluded areas. However, the 3-year time difference between the 2 satellite 
image acquisitions and the differences in vegetation phenology drastically reduced the possibility 
of doing so (Figure 7). So finally we decided to use only the QuickBird image. 

 

Figure 7: Changes in vegetation cover are clearly visible in these 3 images, see e.g. the strip of 
vegetation dividing the parking space 

(a) QuickBird (7th March 2002) 
(b) Ikonos (16th May 2005) 
(c) Recent aerial image (date of acquisition not available) taken from the Istanbul City Guide 
website http://sehirrehberi.ibb.gov.tr/map.aspx 

Pixels classified as shadow (17%) and shadowed areas (83%) computed from the DSM 
represent more than 1 250 ha (19% of the emerged zone of the area covered by the image). 
Proportion in shadow and shadowed areas are: 89% for “Road network”, 6% for “Buildings” and 

http://sehirrehberi.ibb.gov.tr/map.aspx
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5% for “Vegetation”. Figure 8 gives an idea of the density of shadows in Istanbul’s Golden Horn. 
With the help of the DSM and the building vector file some pixels incorrectly assigned to the 
“road network” class were also moved to the “building” class. 

 

Figure 8: Shadow density (in violet) for the Golden Horn (left) and final classification of the same 
area (right) (legend is the same as on figure 8) 

The final land-cover map produced consists of 7 classes (figure 9). To provide reference 
proportions of sealed surface cover and vegetation for training and validation of the sub-pixel 
classifier, classes were merged and spatially aggregated to the resolution of the Landsat or Spot 
imagery. A proper validation of the high-resolution classification is currently in progress. 
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Figure 9: Final land-use/land-cover map of the Istanbul high-resolution study area (7 classes) 

CONCLUSIONS 

It can be concluded that the resolution of the triplet DSM (3m) remains relatively coarse for 
urban applications especially to solve problems in “urban canyons”. An improved DSM at 0.5 m 
resolution was produced in the framework of the MAMUD project, but it has not yet been fully 
tested. Some trials show that very promising results can be expected. 

Nevertheless major improvements can be noticed: (1) buildings not included in the vector file 
were detected by computation of curvature on the 3 m resolution DSM (2) this DSM also 
improved the detection of shadows and shadowed areas, and (3) we were able to distinguish 
three land cover classes in these shadowed areas. 

Multi-image strategy to reduce problems of shadowed and occluded areas requires respectively 
the use of images acquired nearly synchronously with a complementary configuration and 
images taken in summer and/or taken at a another hour. These requirements will also be met by 
satellite constellations like PLEIADES. From this kind of satellite data we can also expect to 
produce more detailed DSMs. The improved version of the 3 m resolution DSM can be 
considered as similar to these DSMs or DSMs obtained from LIDAR data. 

 

ACKNOWLEDGEMENTS 

The research presented in this paper is funded by the Belgian Science Policy Office in the frame 
of the STEREO II programme – project SR/00/105. The authors also wish to thank Dr. G. 
Buyuksalih of IMP-Bimtas for making some Istanbul data available to us. More information about 
the MAMUD project can be found on http://www.mamud.be 

REFERENCES 

 

Rau J-Y, N-Y Chen and L-C Chen, 2002. True Orthophoto Generation of Built-Up Areas Using 
Multi-View Images. Photogrammetric Engineering & Remote Sensing, Vol. 68, N° 6, June 2002, 
581-588. 

Niehoffa D, U Fritscha & A Bronstert, 2002. Land-use impacts on storm-runoff generation: 
scenarios of land-use change and simulation of hydrological response in a meso-scale 
catchment in SW-Germany. Journal of Hydrology, Volume 267, Issues 1-2, 1 October 2002, 80-
93. 

Leuzinger S, R Vogt & C Körner, 2009. Tree surface temperature in an urban environment. 
Agricultural and Forest Meteorology, Volume 150, Issue 1, 15 January 2010, 56-62. 

U.S. Environmental Protection Agency (USEPA). 2000. National Water Quality Inventory: 1998. 
Report to Congress. www.epa.gov/305b/98report. 

http://www.mamud.be/


71 

 

 

                                                                                                                                                                                            

 

Canters F, T Van de Voorde, O Batelaan, J Dams, YCornet, M Binard, G Goossens, D 
Devriendt, F Tack, G Engelen, C Lavalle & J Barredo, 2007. Measuring and Modeling Urban 
Dynamics: Impact on Quality of Life and Hydrology. Objectives and Methodology. In: 
Proceedings of the IEEE International Geoscience and Remote Sensing Symposium (IGARSS 
2007), Barcelona, Spain, July 23-27, 2007, 1994-1997 

Cornet Y, C Schenke, S De Bethune, M Binard & F Muller, 2003. Stratégies de fusion d’images 
P/XS basées sur les principes colorimétriques et l’Egalisation de Statistiques Locales. Bulletin 
de la Société Française de Photogrammétrie et Télédétection, 169, 35-45. 

Tack F, R Goossens & G Büyüksalih G, 2009. Semi-automatic city model extraction from tri-
stereoscopic VHR satellite imagery, The International Archives of Photogrammetry, Remote 
Sensing and the Spatial Information Sciences, Vol. 38, part 3 / W4, ISSN 1682-1750, pp. 89-96 

Dare P, 2005. Shadow Analysis in High-Resolution Satellite Imagery of Urban Areas. 
Photogrammetric Engineering & Remote Sensing, Vol. 71, N° 2, February 2005, 169-177. 

Zeng Y, j Zhang, G Wang & Z Lin, 2002. Urban land-use classification using integrated airborne 
laser scanning data and high resolution mutlti-spectral satellite imagery, in: Integrated Remote 
Sensing at the Global, Regional and Local Scale, ISPRS Commission I Mid-Term Symposium in 
conjunction with Pecora 15/Land Satellite Information IV Conference, 10-15 November 2002 
(Denver, CO USA), ISSN 1682-1750 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



72 

 

 

                                                                                                                                                                                            

 

 

 

 

 

 

 

 

 

 

Thermal Remote Sensing (1) 
 

 

 

 

 

 

 

 

 

 

 

 



73 

 

 

                                                                                                                                                                                            

 

URBAN HEAT ISLAND OF MUNICH, GERMANY – A MULTISENSORAL 
AND MULTISCALE APPROACH 

Wieke Heldens1, Hannes Taubenböck1, Michael Wurm2 and Thomas Esch1 

1. DLR - German Remote Sensing Data Center, Department Land Applications, 
Oberpfaffenhofen, Germany, wieke.heldens@dlr.de, hannes.taubenboeck@dlr.de, 
thomas.esch@dlr.de 

2. University of Wuerzburg, Department of Remote Sensing, Wuerzburg, Germany, 
michael.wurm@dlr.de 

ABSTRACT 

With thermal remote sensing the surface urban heat island can be mapped. In this paper the 
applicability of three thermal data sets at different spatial scales for planning purposes is 
evaluated. Urban structure types at building block level are used as a framework for the 
analysis. Land surface temperature products of NOAA, Landsat and the airborne sensor 
Daedalus are used to study the  Munich region. A surface urban heat island intensity of over 5 ° 
C could be measured for Munich. Differences between the data sets are not only related to the 
spatial scale but also to viewing geometry and acquisition date. Differences in the applicability 
for planning purposes are shown by analysing the thermal and structure patterns of six selected 
urban structure types. A correlation was found between surface temperature and structure 
parameters, but there are indicators that also the surrounding building blocks play a role. It was 
found that NOAA data is less suitable for supporting urban planning at building block level, but 
Landsat and Daedalus are, where Daedalus enables even sub-building block analysis of thermal 
patterns. Further research including other cities and in situ measurements is needed to confirm 
the found correlations and to gain more insight in the (regional) influences on the thermal 
patterns in building blocks and the influences of the sensor on the recorded surface 
temperatures.  

INTRODUCTION 

Land surface temperature is an important parameter for urban climate studies. It influences the 
air temperature in the lower layer of the urban atmosphere, plays an important role in the energy 
balance, supports the analysis of the internal climate of buildings and indirectly affects the 
human comfort in cities (vii). Thermal remote sensing can be used to map urban surface 
temperature patterns and the surface urban heat island (SUHI) (vii), which indicates the higher 
surface temperatures of the urban area in comparison with the surrounding rural area. But also 
within a city occur differences in surface temperature. For urban planners it is important to know 
the location of local heat islands to be able to identify its causes, so they can mitigate the 
negative effects. Areas with similar climatic conditions require similar planning measurements 
(vii). In Germany urban structure types are a common means to group urban areas with similar 
characteristics (vii) which require consequently similar planning measures.  

The SUHI can be studied by analysing thermal remote sensing data. Data sets from different 
sensors are available with varying spatial, spectral and temporal resolution and at varying costs. 

mailto:thomas.esch@dlr.de
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This study aims at the comparison of broadband thermal data at low, medium and high spatial 
resolution. The focus lies on the applicability of the data sets for the analysis of SUHI and 
thermal patterns for urban planning purposes. We use urban structure types (UST) at building 
block level (vii) as a framework to study local differences in the SUHI, because this classification 
system is already common to urban planners. Hereby we hypothesise that building blocks of the 
same UST – areas of homogeneous physical urban parameters such as impervious surfaces, 
floor space index, vegetation fraction, etc. – also have similar thermal characteristics. 

STUDY AREA AND DATA 

The city of Munich is selected as study area. In this city, a large range of urban structure types 
(UST) are present, as is shown in Figure Error! Main Document Only.. In this map, provided by 
the municipality of Munich, 41 structure types are distinguished, including both urban and 
agricultural types (vii). The structure types are assigned to building blocks (the smallest area 
surrounded by public streets). The city consists of more than 7000 building blocks. For this 
paper we focus on a selection of six urban structure types: block development, perimeter block 
development, detached and semi-detached housing, row house development, large multi-storey 
buildings and parks and urban green. Together these six urban structure types are found in 
almost 4500 building blocks.  

For this study three satellite and airborne sensors with thermal bands are selected. Images 
recorded by the NOAA AVHHR satellites (channel 4 at 10.8 µm and channel 5 at 11.5 µm), 
Landsat 5 TM (channel 6, from 8 to 12 µm) and the airborne scanner Daedalus (channel 11, 8 to 
13µm) are used. Their characteristics are listed in table 1. Unfortunately, no cloud free satellite 
images were available from the day of the Daedalus data take. Therefore cloud free images of 
NOAA and Landsat are selected that were recorded closest to that date.  
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Figure Error! Main Document Only. Municipality of Munich with its different urban structure 
types (v) 
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Table Error! Main Document Only.: Thermal remote sensing data sets used for this study 

Sensor Product Spatial resolution 
(thermal band) 

Recording date/time 

NOAA-18 AVHHR Daily LST synthesis map (geo-
referenced) 

1024 m 2007-06-20 11:30 am 

Landsat5 TM Level 1 (geo-referenced) 60 m 2007-08-26 12:00 am 

Daedalus At sensor brightness 
temperature (geo-referenced) 

4 m  2007-06-25 11:10 am 

 

All images are geo-referenced (UTM, WGS84). The NOAA image and the two Landsat images 
(vii,vii) cover both the city of Munich and its surroundings. The Daedalus image only covers a 
flight line of 4 x 30 km ranging north-south from the centre of Munich to the rural area south of 
the city.  

To correlate the surface temperature patterns to urban structure parameters, maps derived 
within another study (vii) are used. In this study, surface materials have been mapped using 
airborne hyperspectral data and height data. This was used to calculate building density, 
vegetation density, imperviousness, building volume and vegetation volume aggregated for 
building blocks.  

METHODS 

Calculation of Land Surface Temperature (LST) 
The land surface temperature (LST) of the NOAA data was calculated using a split-window 
algorithm (vii) as part of DLR's AVHRR land pathfinder activities. The LST of the Landsat 
thermal band was calculated with the software package ATCOR (vii). With this software a 
temperature-emisivity-separation (TES) algorithm was applied. Since only one thermal band is 
available, an emisivity of 0.98 was assumed for all land cover types. The airborne Daedalus 
image was received as calibrated temperature equivalents, corresponding with at-sensor 
brightness temperature. To retrieve (near) land surface temperature a correction for the 
atmospheric water vapour column is required, e.g. with the ATCOR software package. However, 
an extensive atmospheric correction was not possible due to a lack of meta data. Therefore, it 
was assumed that the water vapour column in the Daedalus image is equal over the whole 
image and an offset was applied to adjust the Daedalus temperature to the land surface 
temperature of Landsat. All surface temperatures are converted to degree Celsius. 

Comparison of the SUHI and LST patterns at different scales 

In order to evaluate the information content of the LST maps at different spatial scales the SUHI 
and LST patterns are compared. The first step is a comparison of the intensity and spatial extent 
of the SUHI as represented by the different LST maps. The intensity is calculated by deriving the 
mean surface temperature of the municipality of Munich compared to the mean surface 
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temperature outside the city. The administrative municipality border is used to separate between 
the urban and rural areas. The second step is to compare the thermal patterns in more detail. To 
do so, the NOAA image is resampled to Landsat resolution and the Landsat image to Daedalus 
resolution. For this a nearest neighbour resampling is applied. If the information at the different 
scales is exactly the same, this will result in similar maps with similar temperature patterns. To 
support this comparison difference maps of the original image (e.g. Landsat) and the resampled 
image (e.g. NOAA resampled to 60 m pixel size) are calculated.  

 

Analysis of thermal characteristics of selected UST and their structure parameters 

The analysis of thermal characteristics of selected urban structure types is carried out at building 
block level, using the building block boundaries provided by the municipality of Munich. First, the 
mean surface temperatures for the selected urban structure types are compared. They are 
calculated based on the mean surface temperature for each building block in the NOAA, Landsat 
and Daedalus images, which are then averaged according to the classification of urban structure 
types.  

In many studies relationships between surface temperature and structural parameters such as 
imperviousness (vii) or vegetation density (vii) have been identified. For this study maps of 
imperviousness, building density, vegetation density, building volume and vegetation volume are 
available. This enables an analysis of the relationship between the surface temperature and 
these structural parameters in Munich. The correlation between the structural parameters and 
the mean surface temperature in building blocks of the six selected urban structure types are 
studied at the three spatial scales. The (surface) urban heat island has the highest intension in 
the centre of the urban area. The difference to the surface temperatures in the surrounding rural 
land decreases towards the border of the urban area. Therefore, as an additional structure 
parameter also the distance to the city centre is included in the correlation analysis. The 
Marienplatz in Munich is selected as the city centre (see also Figure Error! Main Document 
Only.). The distance of the building blocks towards this point is calculated as the mean distance 
of all pixels within the building block.  

To gain further understanding on the influence of structure parameters on the surface 
temperature of building blocks also five blocks of the same urban structure type (block 
development) are analysed. Their location is shown in Figure Error! Main Document Only.. 
Their differences in surface temperature measured by the three sensors are compared to their 
structure parameters and the structure parameters of their neighbouring building blocks.  
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Figure Error! Main Document Only. Five selected building blocks of the UST ‘block 
development’. The surrounding building blocks, the city centre (black dot) and the distance of the 
selected building blocks to the centre are also indicated (background: Landsat false colour 
composition). 
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Figure Error! Main Document Only.. LST of the city of Munich and surroundings as recorded 
by NOAA (left) and Landsat (right). The white rectangle in the Landsat LST map indicates the 
spatial extent of the Daedalus subset in Figure Error! Main Document Only..  

RESULTS 

Land surface temperature 

The land surface temperature maps are shown in Figure Error! Main Document Only. and 
Figure Error! Main Document Only.. Figure Error! Main Document Only. shows the LST map 
of Munich and its surroundings as recorded by NOAA (left) and Landsat (right). Because of the 
different pre-processing methods and the date of acquisition, the absolute values of the surface 
temperature cannot be compared directly. The temperature patterns (relative spatial differences 
in surface temperature) can be compared nevertheless.  

In the NOAA image the SUHI is clearly recognisable, whereas in the Landsat-image north of the 
city several additional heat islands are visible. This can be explained by the time difference 
between the data acquisition of both images. The NOAA is recorded in June, whereas the 
Landsat image is recorded in August, when already many fields are harvested and a lot of bare 
soil is present in the rural area. Bare soil heats up faster than vegetation, resulting in higher 
surface temperatures at noon for the harvested fields. Further differences between the NOAA 
and Landsat image are related to the spatial resolution. For example the river Isar, flowing from 
south to north through the city, is in the NOAA image only visible outside the city and in the north 
where it is flanked by a large park (the English Garden). In the Landsat image, the river and its 
accompanying floodplains within the city are visible as well. The Daedalus image shows a 
different, and due to the high spatial resolution, a more detailed and complex pattern (Figure 
Error! Main Document Only.). Single buildings are recognisable as warmer patches between 
vegetation patches. Also the road network can be recognised, having lower surface 
temperatures than buildings but higher than vegetation.  
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Table Error! Main Document Only.. Surface urban heat island (SUHI) intensity as calculated 
based on the different LST maps. 

 NOAA Landsat Daedalus 

City mean LST (stdev) 30.8 (3.3) °C 28.9 (3.0) °C 28.9 (7.3) °C 

Rural mean LST (stdev) 24.9 (2.0) °C 26.1(3.6) °C 23.6 (4.2) °C 

SUHI intensity 5.9 °C 2.8 °C 5.3 °C 

 

 

Figure Error! Main Document Only. LST of a subset of the city of Munich (for spatial extend 
see Figure Error! Main Document Only.) as recorded by the airboren Daedalus sensor 

 

Comparison of the SUHI and LST patterns at different scales 
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Table Error! Main Document Only. shows the mean LST for the city and the surrounding areas 
as calculated from the three data sets. The difference is the SUHI intensity. With all three data 
sets a heat island effect of the urban area can be identified. The surface temperature is more 
than 5° C higher in the city as in the rural surroundings as recorded by NOAA and Daedalus in 
June. With Landsat a SUHI intensity of 2.8° C was measured in August. It is likely that the 
intensity is decreased as result of the harvested agricultural land, where the bare soil is heated 
up.  

The difference maps of the resampled and the original images provide more insight on the 
different information content of the three data sets. Figure Error! Main Document Only. shows 
the difference between the NOAA LST map and the Landsat LST. It shows that the Landsat LST 
product maps lower temperatures in the city of Munich than NOAA and higher temperatures 
outside. This also becomes obvious by the SUHI intensity (see  

Table Error! Main Document Only.). In addition, it shows that smaller spatial structures which 
can be identified in the Landsat data set as described in the previous section are not present in 
the NOAA data, such as the river ISAR and some highways in the south east of the subset. 
Finally, a quadratic pattern can be noticed in the middle of the subset. Since it is unlikely that in 
one of the two data sets the temperature changes so suddenly along such a regular pattern, this 
has to be contributed to a co-registration error. The big lakes and cloud covered areas are 
masked out in the comparison, because surface temperature could not be calculated from the 
NOAA data for these areas. 
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Figure Error! Main Document Only. Difference image of the original Landsat LST map and the 
NOAA LST map (resampled to Landsat spatial resolution). 
 

Figure Error! Main Document Only. shows a similar difference map of the Daedalus LST map 
and the resampled Landsat LST map. In the two most left subsets a clear gradient from left to 
right can be seen. The Daedalus LST product is warmer than the Landsat LST map on the west 
side of the flight line, but cooler on the east side. This can be explained by the viewing geometry 
and recording time of the Daedalus sensor. The sensor has a wide field of view of 86° and views 
on the west to the illuminated side of the objects and to the east mainly to the shaded side of the 
objects. Further, one can notice the difference between buildings and non-built areas. In the 
Landsat LST map due to the spatial resolution an average LST is measured. Daedalus enables 
to analyse which urban objects contribute to a high surface temperature (e.g. buildings with flat 
bitumen roofs) and which contribute to the cooling of an area. However, due to the viewing 
geometry and reflection angle appear several buildings with metal roofs in the Daedalus LST 
map much cooler than they in reality actually are. Examples of this effect are the dark blue 
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buildings in the north or in the north east part of the subset on the right.  

 

Thermal characteristics of selected USTs  

Table Error! Main Document Only. presents the mean LST for the different urban structure 
types as calculated based on the three multi-scale data sets. Although the absolute LST differs 
as much as 5° C, the ranking of the selected USTs is similar. The building blocks with block 
development have in all three data sets the highest surface temperatures, followed by large 
multi-storey buildings and perimeter block development. Small differences occur in the cooler 
USTs: row house development, detached and semi-detached housing and parks and urban 
green. It is remarkable that whereas parks and urban green 

 

Figure Error! Main Document Only. Difference image of the original Daedalus LST map and 
the Landsat LST map (resampled to Daedalus spatial resolution). 
 

are clearly the coolest USTs in the Landsat and Daedalus LST map, this is not the case in 
theNOAA LST map. Possible explanations are the relative small size of the patches of urban 
green and the distance to the city centre. It should be noted that the standard deviation of the 
mean is as large as the difference between the urban structure types. This indicates that there is 
much variation between the building blocks of one UST. This variation is highest in the Daedalus 
data. Therefore the following analysis aims to provide some explanation for the variation 
between the building blocks and the UST. 

Influence of structural urban parameters on the thermal characteristics 
In Figure Error! Main Document Only. the structural urban parameters of the building blocks 
for the six selected UST are plotted against the mean surface temperature of the particular 
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building block as measured by the three different sensors. On the left the vegetation density of 
the building blocks is plotted against the surface temperature. In accordance with previously 
published studies (xii, vii) a negative correlation can be recognised: with higher vegetation 
densities, lower surface temperatures occur. This trend is strongest for the high resolution 
Daedalus data (R²=0.58) and becomes less distinct for the lower resolution (R² = 0.38 for 
Landsat data and R² = 0.11 for NOAA data). Because larger pixels (e. g. NOAA with over 1 km 
edge length) cover more than one building block, the pixel values become less representative for 
one building block as the pixel size increases. This is especially true for the NOAA data where 
many building blocks are recorded with one pixel. The average area of a building block is 1.5 
Ha, which corresponds with 983 Daedalus pixels, 4.6 Landsat pixels and only 0.02 NOAA pixels. 
At all three scales, clusters of the USTs can be identified in Figure Error! Main Document 
Only.. Building blocks with block development have a relatively high mean surface temperature 
and a low vegetation density, whereas the surface temperature of detached and semi-detached 
housing blocks is lower with a higher vegetation density. 

Table Error! Main Document Only. Mean surface temperature of selected urban structure 
types in Munich 

 NOAA Landsat Daedalus 

 Mean 
LST 
°C 

St.dev. Rank 
(highest 
LST =1) 

Mean 
LST 
°C 

St.dev. Rank 
(highest 
LST =1) 

Mean 
LST 
°C 

St.dev. Rank 
(highest 
LST =1) 

Block 
development 

35.4  1.6 1 30.6  1.8 1 35.3  2.7 1 

Perimeter block 
development 

33.9  1.7 3 30.1 1.3 2 30.6 3.2 3 

Detached and 
semi detached 
housing 

31.8  2.3 6 28.7  1.5 5 28.3 2.7 5 

Row house 
development  

32.0  2.3 5 28.9  1.4 4 28.8 2.7 4 

Large multi-
storey buildings 

34.5  2.4 2 30.0  2.0 3 31.2 3.3 2 

Parks and urban 
green 

32.3 2.9 

 

4 28.3  2.3 6 26.5  3.5 6 

Mean of all UST 
in Munich 

32.0 3.11 - 29.4 2.10 - 30.0 4.5 - 

 
Correlating building density or imperviousness to surface temperature shows similar clustering of 
USTs (not shown in this paper), although the correlation is positive (higher building density or 
imperviousness results in higher surface temperatures). As with vegetation density the 
correlation is strongest for the detailed surface temperature map of the Daedalus sensor (R² = 
0.52 for building density and R² = 0.60 for imperviousness) and lowest for the NOAA surface 
temperature map (R² of 0.09 and 0.10 for building density and imperviousness, respectively). 
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For the building and vegetation volume, the variation between the different USTs is less clear. 
For example, detached and semi-detached housing and row house development have similar 
building volumes for a large range of surface temperatures. Nevertheless a positive correlation 
between building volume and surface temperature and a negative correlation between 
vegetation volume and surface temperature exists. 

The distance to the city centre (Figure Error! Main Document Only., right) shows a negative 
correlation: With increasing distance of building blocks to the city centre lower surface 
temperatures are detected. However, the correlation is not as strong as for vegetation density, 
except for NOAA data (R² of 0.19, 0.12 and 0.5 for Daedalus, Landsat and NOAA data 
respectively). Hereby it should be noted that in the Daedalus data half of the building blocks 
(mostly further away from the city centre) were not available due to the small spatial coverage of 
the data set. The strong correlation with the NOAA surface temperatures can be explained again 
by the fact that a NOAA pixel covers several building blocks. Next to the correlation between 
distance and temperature, the plots also show that the location of the USTs is bound to certain 
distance ranges. For example, most of the building blocks with block development are found 
within 4 km of the city centre, whereas detached and semi-detached housing is rarely found 
closer to the city centre than 3 km. Only parks and urban green can be found in all distances to 
the centre.  

Although the building blocks of each UST form clusters within the plots in Figure Error! Main 
Document Only., there is still a large variation among the building blocks of one UST. Five 
block developments (see Figure Error! Main Document Only.) are therefore studied more 
closely, to assess the influence of the neighbouring building blocks on the building block under 
considerations. Table Error! Main Document Only. provides an overview of the characteristics 
of the selected building blocks, both of thermal and structural properties. The blocks confirm 
correlations
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Figure Error! Main Document Only. Surface temperature related to vegetation density and 
distance to city centre for the different sensors and UST 
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between LST and structure parameters found above: blocks with higher building density and 
imperviousness, lower vegetation density and located closely to the city centre have the highest 
LST. Exception is building block C. This block has not the lowest LST, although it is located 
furthest away of the defined city centre and with the lowest building density of the selected 
blocks. Three explanations can be considered for this: First, the imperviousness might have a 
stronger influence than the other structural parameters. Second, the defined city centre might 
not be the centre of the heat island or third, other aspects, such as the characteristics of the 
neighbouring blocks, play a role as well. Figure Error! Main Document Only. presents a first 
analysis to assess the influence of neighbouring building blocks on the LST of the building block 
of interest. The regression lines show a larger gradient when the mean building density, 
vegetation density or imperviousness of the surrounding building blocks are related to the LST of 
the selected building blocks. Also the correlation coefficient R² increases in several cases. This 
might indicate that the structural parameters of the neighbouring building blocks influence the 
LST of the selected building blocks more than the structural parameters of that block alone. 
Exceptions are the decreasing correlation coefficient of vegetation density and LST for all three 
sensors and of imperviousness and LST for Landsat and NOAA. For this structural parameter 
also the largest difference can be noticed between the mean vegetation density of the selected 
building block and that of its neighbouring building blocks. Interesting to note is that these 
observations can be made at all the three spatial scales.  

Table Error! Main Document Only. Characteristics of five selected building blocks of the type 
block development (A, B, C, D & E compare figure 2) 

Building block A B C D E 

Mean LST Daedalus (° C) n.a. 37.10 n.a. 35.76 31.96 

Mean LST Landsat (° C) 34.92 34.27 31.35 30.53 29.57 

Mean LST NOAA (° C) 36.5 35.5 33.5 33.5 32.53 

Distance to city centre (km) 1.27 2.02 5.55 2.56 4.39 

Area (ha) 1.52 2.04 0.65 1.36 1.92 

Building density (%) 73 61 50 55 54 

Vegetation density (%) 1 4 23 20 26 

Imperviousness (%) 86 81 71 71 67 

 



88 

 

 

                                                                                                                                                                                            

 

 

Figure Error! Main Document Only. Relation between LST and 3 indicators for the selected 
building blocks and their neighbourhoods 

CONCLUSIONS AND OUTLOOK 

This study evaluated the mapping of the surface urban heat island of Munich with remote 
sensing data at different spatial scales. The SUHI is most clearly recognisable with NOAA, 
although this data set is less suitable for mapping at a spatial level of building blocks because 
one building block covers less than one NOAA pixel. For mapping thermal patterns at building 
block level Landsat and Daedalus are suitable. Daedalus is even useful for analysing small scale 
thermal patterns at sub-building block level. The study increased the insight in the usability of 
thermal data at different scales for planning purposes, supporting a meaningful selection of the 
data set suiting the application.  

Furthermore, it was found that viewing geometry (especially for Daedalus), data acquisition date 
and pre-processing affect the absolute LST measured by the sensor and also the intensity of the 
surface urban heat island, hampering a direct comparison. Although the absolute LST values are 
therefore less reliable, the relative values are fairly accurate. This allowed the analysis of the 
thermal characteristics of urban structure types, which are an important framework for 
applications in urban planning. The hypothesis that building blocks of the same UST have similar 
thermal properties could be confirmed for the example of Munich. The selected USTs showed 
distinctive thermal properties at all three spatial scales: 

 A positive correlation could be identified between LST and building density, building 
volume and imperviousness.  

 A negative correlation could be identified between LST and vegetation density, 
vegetation volume and distance to city centre.  

 The influence of structure parameters (imperviousness, building density, vegetation 
density, vegetation volume and building volume) on LST tends to increase with spatial 
resolution.  

 The influence of the distance to city centre tends to decrease with spatial resolution.  
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Structure characteristics of neighbouring building blocks also seem to influence the (measured) 
surface temperature, although a larger sample of building blocks is required to prove this. Before 
the urban structure types can be used as a framework for climate measures in urban planning, 
additional in situ measurements will be helpful to have a means to separate between sensor 
influences (mixed pixels containing more than one building block) and urban structure influences 
on the LST. Research on the dependencies between LST and the urban structure types based 
on a large data base including other cities is required to confirm the found dependencies and to 
learn which other (regional) influences play a role as well. 
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ABSTRACT 

Urbanization is a continuous process leading to the development of cities throughout the world. 
A major outcome is urban poverty in most of the developing countries. Urban poverty is 
manifested most conspicuously in the proliferation and expansion of slums, which are home to a 
growing proportion of urban dwellers. The main problem is that there is little or no information 
available regarding the location and state of slums, especially in small and medi-um-size cities. 
Conventional data collection methods are based on field surveys and do not lead to reliable 
information about the spatial concentration of slum-dwellers. Absence of in-formation about 
rapidly changing slum areas results in inappropriate intervention by planning authorities. The 
great strength of remote sensing is that it can provide spatially consistent datasets that cover 
large areas with high detail and temporal frequency. Thus a technique for identifying, 
characterizing and delineating slum areas using remote sensing could be used for rapid 
monitoring of the physical development process of slums. Further, this spatially dis-aggregated 
information will help to redirect attention and investments towards slum areas which are the 
representation of physical and environmental deprivation. However, (semi-)automatic detection 
of slums in image data is challenging, owing to their high variability in appearance that goes far 
beyond small dwellings that are densely clustered. In this paper, therefore, we develop an 
ontological approach to define slums with a combination of spatial parameters and their 
relationships. Such a slum ontology can then serve as conceptualisation for a knowledge base 
for the identification and characterization of slums using remote sensing, in particular the use of 
object-oriented image analysis techniques (OOA). 

 

INTRODUCTION 

Slums are representations of physical and environmental deprivation in cities. In 2001, the total 
number of slum dwellers in the world was estimated at about 924 million people, repre-senting 
about 32 % of the world’s total urban population. This comprised 43 % of the com-bined urban 
populations of all developing regions and 78.2 % of the urban population in least developed 
countries. Around that time the number of slum dwellers was expected to grow further with a 
projection of 1.4 billion slum dwellers in 2020 (UN-HABITAT, 2003b). To ad-dress the problem of 
slums, a number of steps are being taken at national as well as interna-tional level. The 
Millennium Development Goals (MDG) formulated by the United Nations (UN) is one such 
initiative by the global community. According to MDG 7, Target 11, the global community 
pledges to achieve a significant improvement in the lives of at least 100 million slum dwellers by 
2020 ( op cit ). 



93 

 

 

                                                                                                                                                                                            

 

 

Despite the fact that slum areas generally tend to have the highest concentrations of poor 
people and the worst shelter and physical environmental conditions, their definitions and 
characteristics vary strongly from place to place. The variability in slums is due to variations in 
building materials, depending on local availability, different topographic conditions and cultural 
and socio-economic differences. Moreover, traditional data collection methods are mostly 
census based and lack detailed information about the spatial concentration of slums. This makes 
international comparisons and monitoring difficult. To address this problem,  UN-HABITAT 
(2003a) defined slum as a household lacking in any one of five factors: secure tenure, access to 
safe water, access to sanitation, durability of housing, or sufficient living area. 

In the past few decades different approaches have been used to map slums. Starting from field- 
based methods such as plane table surveys, also aerial photographs, satellite images, census 
data-based mapping and participatory approaches have been used. Image-based slum mapping 
has been done through visual interpretation (based on image parameters such as irregular 
patterns, density etc.), the accuracy of which depends on the experience and local knowledge of 
the analyst (Lemma et al., 2006; Sliuzas et al., 2008). Using census data as a source for 
mapping poverty is another approach that has been explored by researchers (Weeks et al., 
2007; Baud et al., 2008).  However, the reliability of information derived from this approach 
remains questionable, considering the long temporal gap (a decade, in most countries) between 
each census survey (Hall et al., 2001). Further, the level at which infor-mation is available is 
based on aggregates, which could be misleading (Martínez, 2009). Par-ticipatory methods use a 
combination of slum surveys and GIS for mapping slums with in-volvement of community 
members, an approach which is promising but time consuming and difficult to upscale to larger 
areas (Joshi et al., 2002; Sen et al., 2003; Hasan, 2006). Further, there have been attempts to 
use remote sensing methods such as pixel-based and, more recently, object-oriented methods 
for slum-mapping (Jain et al., 2005; Niebergall et al., 2007; Hofmann et al., 2008). All these 
approaches either included extensive field survey, relied on complimentary ground information, 
or were data-driven and limited to the study-area in which the research was carried out. Slum 
mapping is therefore not a straight-forward task consider-ing the variability in slum types (Figure 
1) and definitions across the world, and even within a city (EGM, 2008). 
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Figure Error! Main Document Only. Slums outlined in different contexts 

   

In this research we propose an ontological framework for slum characterization and identifi-
cation to address the variability issue, by conceptualizing slums applied to different contexts 
using the “durability” criteria of the UN-Habitat definition. Further, earth observation methods will 
be developed and tested for identifying and monitoring the physical development pro-cesses of 
slums using the ontological framework. The focus is to develop contextual, object-oriented 
processing methods that closely resemble the cognitive approach of visual image analysis for 
slum identification and mapping. We build upon the study by  Ebert et al. (2009), who used a set 
of image-derived physical proxy variables to assess urban social vulnerability. The authors 
substantiated the importance of getting a better understanding of concepts to improve the 
assessments based on remote sensing methods. We propose an ontological approach to first 
conceptualize slums using indicators related to the morphology of the built environment, agreed 
upon by a number of domain experts, to get a better understanding of slums in different 
contexts. 

 

The following objectives are addressed in this study:  
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• Identify indicators required to represent slums in an image. 

• Identify the spatial relationships or rules between the indicators to characterize slums. 

• Develop a comprehensive ontological framework that applies to a variety of contexts. 

 

METHODS 

Knowledge is understanding of a subject area including concepts, facts and relationships among 
them. Knowledge acquisition about a subject area or domain comprises gathering, organizing 
and structuring knowledge in order to solve problems in that area or to put it into a system. 
Computer-aided image analysis is required to mimic the human interpretation pro-cess and 
associated rules, pattern recognition and knowledge retrieval mechanism. Sowa (2000) 
described ontological knowledge as an essential supplement to knowledge about a specific 
domain. It describes the categories of things in that domain and the terms that people use to talk 
about them. Ontologies have acquired substantial importance in knowledge representation in 
recent years. They have been used in a variety of fields from biomedical (Matei, 2008) to 
computer science (Guarino, 1995) to represent knowledge (Gasevic et al., 2009; Lim and Ko, 
2009), and are gradually entering other relevant fields.  

 

Ontology has also been applied successfully to fields such as landscape ecology, by framing 
relevant ecological concepts inclusively within an ontological framework, so as to achieve a 
general consensus on the concepts and relationships that were previously rather ambiguous 
(Lepczyk et al., 2008). Studies on crisis management have also been exploring the potential of 
ontology for better coordination between different actors, by providing a common ground for all 
systems (Li et al., 2008; WenJun et al., 2009; Fan and Zlatanova, 2010). The use of ontologies 
is being extended to the field of GIScience, specifically for sharing geographic information in a 
standardized manner (Agarwal, 2005). Recently, there have been attempts to create urban 
ontologies in order to facilitate communication between information systems, stakeholders and 
urban experts, which can be otherwise difficult considering the heterogene-ity in concepts and 
terminology of the urban environment (Fonseca et al., 2000; El-Diraby and Wang, 2005; Teller et 
al., 2007; Belmonte et al., 2008). The idea behind these studies was to achieve a common 
understanding of the domain of interest and facilitate information-exchange.  

 

Ontology integrates subjectivity with objectivity by implementing an explicit cognitive structure 
that facilitates accurate and effective communication of meaning in a domain (Gasevic et al., 
2009). This concept is being explored in the field of remote sensing, to address the un-certainty 
in object-reconstruction in image-based knowledge of the real-world. Agouris et al.(1999) 
suggested that it was important to have an ontological understanding of the clear definitions and 
relations of objects in both images and the real world, so as to address the uncertainties in 
spatial analysis. Ontologies help to formularize knowledge of a domain, which in turn aids in 
removing this uncertainty or vagueness, thus facilitating efficient object reconstruction using 
remote sensing  (Durand et al., 2007). While  Hofmann et al. (2008) used the same logic by 
using ontology to explicitly define informal settlements in the image domain as a basis of object- 
based classification, their work applied to a specific study area and data-type. We extend this 
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work by including expert knowledge of slums which is not limited to a specific area, to form a 
comprehensive, generic ontological base for image based analysis of slums. 

 

The first step to obtain a comprehensive understanding of the phenomenon of slums was to 
acquire existing knowledge about them. Forty domain experts, i. e. people having a combina-tion 
of slum and RS knowledge, were asked to provide their insights regarding visual inter-pretation 
of slums from different countries. Our results show that there are some basic indi-cators, such as 
building size, density, irregular roads, lack of vegetation, association with neighbouring areas 
etc., in addition to others that experts use to delineate slums from image-ry. However, the 
combination of indicators, or the precise values of specific indicators typical-ly differs from place 
to place. Previous literature and inputs from experts helped us in con-ceptualizing the basic 
knowledge about slums in different contexts and to collect the set of indicators/concepts 
discussed below. 

 

RESULTS 

The morphological variability within an urban area can help to differentiate slums from non-slum 
areas. The slum concept was identified at three levels (Figure 2): 

 

• Object level :    Individual components of the settlement (internal struc-tural  
     characteristics e.g. buildings, roads) 

• Settlement level :   Overall form/shape/etc. of settlement  

• Environs level :          Location of settlement with respect to surroundings and charac  
         -teristics of the surroundings. 

 

 

Figure 2 Concepts of ontology at three levels 
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The following is the brief description about classes/concepts in slum ontology: 

 

Building Characteristic 

Buildings in a slum settlement tend to have different characteristics compared to those in non-
slum areas (intra-city contrast). The value of a combination of building/dwelling indicators, such 
as roof material, footprint, orientation and shape, will help to distinguish or identify slum buildings 
in image data (Figure 3). For example, while roofs of a slum building tend to be made of 
materials such as iron sheets, mud, plastic, or plant materials; in planned areas, roofs are more 
likely made up of permanent materials. 

  

Figure 3 Example object-level, building characteristics 

 

Access Network 

 A slum settlement generally displays an irregular road layout with variable road types and 
widths. These roads are mostly approach roads or in some cases perhaps only footpaths that 
may be easily distinguishable from road networks in planned areas. 

 

Shape 

Slums tend to have an irregular shape easily distinguishable from planned areas. Many slums 
tend to follow the shape of features like roads, railways due to easy availability of land.  

 

Density 
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In most of the contexts, slums are found to be very dense, with generally very high roof cov-
erage and  very little  open spaces and vegetation. 

 

Connectivity  

Slums tend to have very poor connectivity with infrastructure in neighbouring areas. This may 
include roads in terms of public/private transportation, drainage, sewerage etc.  

 

Location 

The possibility of the location of a slum settlement has two aspects. First, based on socio-
economic factors, slums may tend to locate near to places that offer substantial economic 
opportunities such as a business district, industrial area or a high income area which may offer 
informal jobs such as housekeeping, and second on the nature of location in terms of hazard-
prone areas.A settlement can qualify to be a slum depending on one or a combination of such 
factors based on context. 

 

CONCLUSION 

Comprehensive knowledge is important for addressing problems related to slum upgrading and 
improvement. Existing methods for data collection are census based with high temporal 
inconsistency. Furthermore, these methods give region or country-wise measures based on 
local definitions. For global intervention and monitoring of slums, a standardized definition and 
methods for spatial quantification are required. The generic slum ontology is a framework based 
on morphological indicators for the conceptualization of slums that include knowledge from 
various contexts. The durability indicator of the UN-Habitat definition of slums underlies the 
ontology that will form the base for image-based analysis, specifically with object-based 
methods. The concepts at three levels, discussed in the result section, can be used as a basis 
for image-based classification by adapting the ontology to local conditions.  As a next step, we 
will test the applicability of this generic slum ontology to local conditions. This knowledge will 
form the basis of classification using the object-oriented approach.  
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ABSTRACT 

At present, thanks to the very high resolution and the good radiometric quality of the imagery 
acquired by very high resolution satellites such as Ikonos, WorldView-1, GeoEye-1, it seems 
possible to generate Digital Surface Models (DSMs) at a 2-3 meter accuracy level, which are 
comparable to the one of DSMs derived from middle scale aerial imagery. Nonetheless, DSMs 
accuracy level is strictly related to image orientation and matching strategy. 

Recently a facility for the image matching has been included in the SISAR package developed at 
Geodesy and Geomatic Area - University of Rome “La Sapienza”; SISAR is a scientific software 
able to carry out the image orientation with different models for several (very) high resolution 
sensors and to generate the RPCs based on its own physical models. 

The new SISAR image matching algorithm is based on affine transformations which drive the 
Feature Based Matching and the Area Based Matching; several affine transformations are used 
at different heights, estimated starting from some ground points at corresponding heights whose 
image coordinates are computed from suitably generated RPCs. In such way the image 
matching has been combined with image orientation in order to increase the accuracy and the 
reliability of DSMs in urban area. 

In order to assess the accuracy of the algorithm some tests were carried out, using a stereo pair 
of Augusta coastal zone (Siracusa, Sicily) acquired from WorldView-1 and a stereo pair acquired 
by GeoEye-1 over Rome; as reference data, a DSM obtained from LiDAR surveys and a 3D 
vector cartography at 1:2000 scale have been employed respectively. 

INTRODUCTION  

Digital Surface Models (DSMs) have large relevance in many engineering, land planning and 
environmental applications for a long time. At present the data required for the generation of 
DSMs can be acquired by several sensors/techniques, among which airborne LiDAR, aerial 
photogrammetry, optical and radar spaceborne sensors play the major role. 

In this respect, the availability of new high resolution optical spaceborne sensors offers new 
interesting potentialities for DSMs generation, among which low cost, speed of data acquisition 
and processing. 
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Thanks to the very high resolution and the good radiometric quality of the images, it seems 
possible to extract DSMs comparable to middle scale aerial products; anyway, it has to be 
underlined that the DSM accuracy level is strictly related both to the image orientation and to the 
matching process. 

Two different types of orientation models are usually adopted: the physical sensor models (also 
called rigorous models) and the generalized sensor models. The first one is based on a standard 
photogrammetric approach, where the image and the ground coordinates are linked through the 
collinearity equations and the involved parameters have a physical meaning. On the contrary, 
the generalized models are usually based on the Rational Polynomial Functions (RPFs), which 
link image and terrain coordinates by the Rational Polynomial Coefficients (RPCs). 

As regards the matching, it is well known that many different approaches have been developed 
in recent years. In all methods, the main step is to define the matching entity, that is a primitive 
chosen in the master image to be looked for in the slave image(s); basically, we can distinguish 
two techniques, the Area Based Matching (ABM) and the Feature Based Matching (FBM). In 
ABM methods, a small image window represents the matching primitive and the principal 
methods to assess similarity are cross-correlation and Least Squares Matching (LSM). FBM 
methods use, as main class of matching, basic features that are typically the easily 
distinguishable primitives in the input images, like corners, edges, lines, etc. (0, 0, 0). 

In the last year a facility for the image matching has been included in the SISAR software, which 
is a scientific program suitable for the high resolution image orientation, developed at the 
Geodesy and Geomatic Area - University of Rome “La Sapienza” (0). 

In this paper some topics related to image matching are investigated and discussed on the basis 
of the algorithm implemented in the SISAR image matching facility developed at the Geodesy 
and Geomatic Area - University of Rome “La Sapienza”. In order to evaluate the feasibility and 
the potentiality of image matching techniques and the accuracy of the extracted DSMs, some 
tests were carried out. In details, one stereo pair of WorldView-1 and one of GeoEye-1 satellite 
have been used to test the two algorithms, comparing the DSMs extracted with the reference 
DSMs. The same experiments were also carried out with the commercial software PCI 
Geomatics v.10.2 (OrthoEngine). 

WORLDVIEW-1 AND GEOEYE-1 IMAGES ORIENTATION 

The panchromatic stereo pair collected by WorldView-1 has been acquired in-track mode in 

June 2008 and covers an area of about 200 km2
 over the Augusta city (Sicily, South Italy) (one 

of the two images has been collected in "forward" mode (North to South) with off-nadir angle of 
18 deg the others in "reverse" mode (South to North) with off-nadir angle of 20 deg; both images 
have a spatial resolution of 0.55 m. The panchromatic stereo pair collected by GeoEye-1 has 
been acquired in-track mode and both images have been collected in "reverse" mode; they 
cover the Rome area and they have a mean spatial resolution of 0.50 m; moreover they have 
been acquired in December 2009 at 8:00 a.m. with Sun inclination of 24 deg. 

The two stereo pairs have been oriented with commercial software OrthoEngine and with 
scientific software SISAR using both rigorous and RPCs models (0). As regards the tests with 
the rigorous models, the WorldView-1 images have been oriented using 9 Ground Control Points 
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(GCPs) out of 16 available Ground Points (GPs); 10 GCPs out of 29 available GPs have been 
used for the GeoEye-1 stereo pair. All the GPs both for Augusta and Rome stereo pair were 
surveyed by geodetic class GPS receivers in RTK mode; their mean horizontal and vertical 
accuracies are between 10 and 20 cm respectively.The orientation with RPCs model, using 
RPCs supplied together metadata file, has been carried out without GCPs and with 1 and 3 
GCPs, necessary to compute the shift and affine transformations respectively. It is important to 
highlight that for the WorldView-1 stereo pair the GPs are uniformly distributed on the whole 
images whereas for the GeoEye-1 stereo pair the available GPs are located in the North-West 
image corner, so that only this area has been analyzed. 

The orientation accuracy, obtained with SISAR and OrthoEngine software, using both models 
(rigorous and RPCs), was evaluated on a set of the Check Points (CPs) in East and North 
direction and in ellipsoidal height; they are summarized in the Table 1. 

With the rigorous model, the orientation accuracy level for the WorldView-1 images with SISAR 
is around of 0.3 – 0.6 m in horizontal component and 1 m in the height, whereas the 
OrthoEngine supplies horizontal accuracies close to 1.5 m and very low in the height (around 3.5 
m), may be due to a not correct modelling of different acquisition mode of the two images 
(forward and reverse). The orientation accuracy level for GeoEye-1 images is better for SISAR 
than OrthoEngine (1 m for SISAR vs 1.5 m for OrthoEngine in all components). 
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Figure Error! Main Document Only.: Augusta area, GCPs distribution (up) and tiles selected 
(down) 
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Figure Error! Main Document Only.: Rome area, GCPs distribution (left) and tiles selected 
(right) 

 

As regards the RPCs model, in the OrthoEngine software there is not a tool for the visualization 
of CPs accuracy, consequently the WorldView-1 and GeoEye-1 stereo pair have been oriented 
only with SISAR software and the accuracies are computed using for the orientations with 0, 1 
and 3 GCPs ( 

The orientation accuracy without GCPs is worse than the ones with 1 and 3 GCPs;  the best one 
is obtained with 1 GCP and is around to the Ground Sample Distance horizontally (0.55 m for 
WorldView-1 and 0.5 m for GeoEye-1) and around 1.5 m in the height. 

Therefore, even the orientation with just 1 GCP appears able to exploit the large part of the 
geometric potentialities of WorldView-1 and GeoEye-1 as regards the 3D geometric 
reconstruction, what is of relevance for practical applications when the GCPs number has to be 
kept as lower as possible. 
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Table Error! Main Document Only.: Orientation results of WorldView-1 and GeoEye-1 stereo 
pairs using rigorous and RPCs models  

Rigorous model 

 
RMSE CP [m] 

SISAR OrthoEngine 

Sensor # GCPs East  North H East North H 

WorldView-1 9 0.61 0.32 1.08 1.55 1.65 3.37 

GeoEye-1 10 0.50 0.87 1.14 1.24 0.71 1.59 

RPCs model 

 SISAR OrthoEngine 

Sensor # GCPs East North H East North H 

WorldView-1 

0 3.47 1.53 6.21 

Not available 

1 0.53 0.33 1.28 

3 0.51 0.49 1.53 

GeoEye-1 

0 3.81 3.59 4.58 

1 0.54 0.62 1.45 

3 1.04 0.56 1.51 

IMAGE MATCHING AND DSM GENERATION 

00000As previously mentioned, a new tool for the image matching has been included in 
SISAR.0 The new image matching algorithm is based on affine transformations which drive the 
Feature Based Matching and the Area Based Matching; several affine transformations are used 
at different heights, estimated starting from some ground points at corresponding heights whose 
image coordinates are computed from suitably generated RPCs. In such way the image 
matching has been combined with image orientation in order to increase the accuracy and the 
reliability of DSMs in urban area. The final matching is performed by cross-correlation and LSM. 

As regards the commercial software OrthoEngine used for results comparison, the image 
matching technique used is not declared; nonetheless, on the basis of a visual inspection of the 
results, derived from epipolar imagery, it is possible to argue that a disparity determination via 
dynamic programming is applied (0, 0). 

The matching algorithm implemented in SISAR software were tested both over the WorldView-1 
and the GeoEye-1 stereo pairs. For the accuracy analysis of the extracted DSMs some tiles 
were selected, related to zones with different land covers, in order to investigate the effect of the 
land covers themselves over the accuracy. 

The extracted DSMs have been compared with the reference DSMs through DEMANAL 
software, developed by Prof. K. Jacobsen – Leibnitz University Hannover, allowing for a full 3D 
comparison to remove possible horizontal biases too. The height differences computed 
interpolating, with a bilinear method, the analysed DSM over the reference DSM; the bias is 
negative when the extracted DSM is above the reference DSM. For each selected area of the 
DSMs extracted, the bias, the standard deviation (σ - precision) and Root Mean Square Error 
(RMSE H - accuracy) at 95% probability level (LE95) have been computed.  
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Two tiles of the Augusta stereo pair, one regarding an open area and the other mainly including 
an urban area were selected in the South-East part of the image, where the LiDAR ground truth 
is available. For these tiles, the DSMs were extracted at a spatial resolution of 2x2 m, orientating 
the stereo pair with the rigorous models and using 9 GCPs. They were compared with the 
reference DSM, with a spatial resolution of 1.5x1.5 m and an accuracy of 10 cm  

The accuracy level achieved by both software is around 1.7 m in open area, although the SISAR 
DSM displays an higher bias (approximately 70 cm); on the contrary, SISAR reaches an 
accuracy of 3 m in the urban area, where building shapes and heights are enough correctly 
reconstructed, whereas the accuracy of OrthoEngine DSM is remarkable lower, around of 4.7 m. 
Also a visual inspection of the derived DSM evidenced a significant blurring effect, which 
prevents from distinguishing close different buildings. Some city blocks are clearly matched as 
undistinguished stains; moreover the white holes display remarkable wrong elevations due to the 
matching errors (the errors are at level of hundreds meters)  

Table Error! Main Document Only. : WorldView -1- Results of accuracy assessment of 
analyzed DSMs  

open area [m] 

DSM bias σ RMSE H 

OrthoEngine -0.04 1.79 1.79 

SISAR -0.76 1.50 1.68 

urban area [m] 

DSM bias σ RMSE H 

OrthoEngine -1.02 4.57 4.68 

SISAR 0.11 3.06 3.09 

The accuracy evaluation of GeoEye-1 DSMs was carried out by comparison over Rome area 
with a ground truth derived by 3D vector cartography at 1:2000 scale (mean horizontal accuracy 
40 cm, mean accuracy in the height 50 cm). 

For each software three DSM tiles with resolution of 2x2 m (two over urban areas and one over 
an open area) have been extracted orientating the stereo pair with RPCs without GCP and with 
1 and 3 GCPs respectively; comparisons between the generated DSMs and the reference one in 
the three different zones have been performed  

The reference DSM used in the urban area has a cell size equal to 1x1 m, obtained interpolating 
the known points adding the polygonal shape file of buildings; on the contrary, the reference 
DSM in the open area has a cell size 10x10 m, just obtained interpolating the known points. 

In the open area the level of accuracy is around to 3.5 m if no GCPs are used both with 
OrthoEngine and SISAR, due to a remarkable vertical bias (around 3 m). On the contrary, an 
accuracy around 2 m is achieved even when 1 GCP only is used to enhance the geolocation, 
whereas 3 GCPs do not lead to a significant improvement. For both the software the standard 
deviation remains approximately constant independently from the geolocation. In the urban area 
Tile A the best results are obtained with SISAR in all cases, but the overall accuracy is much 
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worse: the RMSE H ranges between 14 m with OrthoEngine and 10 m with SISAR. Also in this 
case the bias reduces just with 1 GCP, whereas the precision remains approximately constant, 
again with better results for SISAR. The same trend is noted in the urban area Tile B, where the 
differences among the two software are more marked in terms of bias (differences range from 6-
7 m to 4-5 m) and less marked in terms of standard deviation (differences range from 1.5 m to 2 
m) (Table 3). 

 

Figure Error! Main Document Only.: SISAR DSM (left) and OrthoEngine DSM (right) of 
Augusta open area (up), SISAR DSM (left) and OrthoEngine DSM (right) of Augusta urban area 
(down) 

 

In order to better investigate the reasons of much coarse results and the different behaviours of 
the two software over urban areas, a shape file of buildings has been overlaid to the generated 
DSMs. In the SISAR DSM the streets among the buildings are better pointed out; on the 
contrary, in the OrthoEngine DSM the streets and the buildings are rather indistinguishable. 
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Figure Error! Main Document Only.: SISAR DSM (left) and OrthoEngine DSM (right) of Rome 
area 

Table Error! Main Document Only. : GeoEye -1- Results of accuracy assessment of analyzed 
DSMs 

Open area [m] 

DSM 
0 GCP  1 GCP 3 GCPs 

bias σ RMSE H bias σ RMSE H bias σ RMSE H  

OrthoEngine -2.92 1.85 3.45 0.04 1.84 1.84 -0.30 1.90 1.92 

SISAR -2.91 1.85 3.45 0.91 1.87 2.08 0.44 1.92 1.97 

Urban area Tile A [m] 

DSM 
0 GCP 1 GCP 3 GCPs 

bias σ RMSE H bias σ RMSE H bias σ RMSE H  

OrthoEngine 10.99 9.33 14.42 -7.88 9.07 12.01 -7.64 9.08 11.87 

SISAR -6.67 7.85 10.30 -2.73 7.55 8.02 -2.95 7.55 8.11 

Urban area Tile B [m] 

DSM 
0 GCP 1 GCP 3 GCPs 

bias σ RMSE H bias σ RMSE H bias σ RMSE H  

OrthoEngine -14.03 10.49 17.52 -10.80 10.06 14.76 -11.02 9.98 14.87 

SISAR -7.90 8.94 11.93 -4.15 8.54 9.50 -4.75 8.54 9.77 

Also, and several tests manually carried out show that generally buildings are reconstructed 
wider than their actual dimensions, what explains the large negative bias and high noise due to 
large residuals over the streets. In this respect, if the generated DSMs are checked over 
buildings only (inside the building footprints given by the reference cartography) much better 
(even if not satisfactory enough) results are achieved, with an accuracy around 5 m and a bias 
of 1.5 m. 
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CONCLUSIONS 

In this work the geometric potentiality of WorldView-1 and GeoEye-1 stereo pairs and the 
accuracy assessment of generated DSMs, extracted using a minimum number of GCPs, have 
been evaluated. Tests on the Augusta and Rome area were carried out with the commercial 
software OrthoEngine and with the scientific software SISAR. 

As regards the orientation, the RPFs model with known RPCs refined using just 1 GCP appears 
able to exploit the large part of the geometric potentialities of WorldView-1 and GeoEye-1 for the 
3D geometric reconstruction (around 1.5 m); this is of relevance for practical applications, when 
the GCPs number has to be kept as lower as possible. 

Further, concerning the DSMs generation, WorldView-1 DSM (2x2 m spatial resolution) have 
been extracted and two zones have been selected (one open area and one urban area) and 
compared with a reference DSM from LiDAR (1.5x1.5 m spatial resolution, mean accuracy 10 
cm). The accuracy level achieved by SISAR is around 1.7 m in open areas and 3 m in urban 
area, where building shapes and heights are enough correctly reconstructed; in this last case, 
the accuracy of OrthoEngine DSM is around of 4.8 m, whereas similar values are achieved in 
open areas. 

GeoEye-1 DSM (2x2m spatial resolution) have been extracted and 3 zones have been selected 
(one open area and two urban area) and compared with a reference DSM derived from a 3D 
vector cartography at 1:2000 scale (1x1 m spatial resolution in urban area, 10x10 m spatial 
resolution in open area; mean horizontal accuracy 40 cm, mean accuracy in the height 50 cm). 
In the open area the results are similar for the two software and the accuracy is close to 2 m. In 
urban area the accuracy level is much worse, being around 11 m for OrthoEngine in the Tile A 
and slightly worse (13 m) in the Tile B; the best results have been obtained with SISAR software, 
which achieves the RMSE H of 8 m in Tile A and 10 m in Tile B respectively. 

The main and still open problem is obviously related to the matching strategy, in order to reach a 
correct reconstruction of the texture of buildings and streets, at present significantly lost. A 
dynamic programming based matching technique is presently under implementation in SISAR 
software but only preliminary tests were performed. In this respect, the discussed results need to 
be considered preliminary and further investigations with the two software are necessary to 
evaluate the potentiality of GeoEye-1 stereo pairs. 
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ABSTRACT  

Destructive earthquakes challenge Earth Observation (EO) systems to demonstrate their 
usefulness in supporting intervention and relief actions. The use of EO data for damage 
assessment purposes has been widely proposed and a number of results have been presented. 
Our research group intends to contribute on automatization of EO data interpretation in two 
respects: on the one side, to locate sparse structures subject to post-earthquake inspection to 
estimate the risk of collapse from aftershocks; on the other side, to estimate the damage level 
suffered by urban areas. In this paper, the authors build on their experience with the 6th April 
2009, Italy earthquake to develop data processing techniques focussing on these two particular 
applications. The method and the results of preliminary testing on pre- and post-event 
COSMO/SkyMed images are presented and discussed. 

 

INTRODUCTION  

In the immediate aftermath of a major earthquake, in-situ inspection of structures to determine 
their damage level is vital to prepare a damage scenario and to determine the risk connected to 
aftershocks [1]. Inspection of urban areas is mainly a matter of time and organisation, as their 
location is obvious and their structure is known; covering many buildings in a short stretch of 
time is the main issue. In this case, block-level damage assessment based on Earth Observation 
(EO) can be very useful to assess the status of the urban area on a large scale without 
jeopardising the life of inspectors. 

 

In rural areas, on the contrary, presence and location of sparse man made structures may not be 
readily available information, and thus mapping them may become a priority [2]. Some buildings 
may be too recent to or simply not registered because they were not authorized. In addition to 
buildings, other structures relevant to post-earthquake inspection, like poles, tall antennas, 
construction cranes, may not be immediately known to Civil Protection authorities at the time of 
emergency. 
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In this context, the availability of synthetic aperture images from the new generation of satellites 
carrying Very High Resolution (VHR) radar devices, such as COSMO/SkyMed may reveal very 
useful. Such systems offer indeed a combination of all-weather operation, good sensitivity to 
target shape and fine spatial resolution, all these factors being very useful if one wants to exploit 
their data in the aftermath of an emergency. 

  

In literature, several papers have proposed methods for detection and outlining of urban areas 
and urban patches [3-4]. Most methods are based on the typical features of urban areas in radar 
images, namely strong backscatter due to double-bounce phenomena [5] and strong texture due 
to the regular structure of this particular land cover class [6]. The methods focus however on 
detecting whole urban areas rather than small clusters of building or even single buildings; some 
of them require interferometric SAR data [7], not recommended for emergency use due to 
constraints on its generation. 

  

In this paper we present two methods, developed from our research group, based on single-
VHR-images for damage assessment and sparse structure detection. 

 

The radar data 

The European Centre for Training and Research on Earthquake Engineering (EUCENTRE) is a 
Knowledge Centre of the Italian Civil Protection Department (DPC), which is also the GMES 
Focal Point for Italy. The DPC is entitled to accessing COSMO/SkyMed imagery in an 
emergency so the research centre could obtain SAR images over the affected areas through the 
Italian Space Agency (ASI) soon after the earthquake took place.  

 

Table 1 : Data set features 
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Because of the large storage size and heavy computation burden implied in the processing, only 
2 images were processed for structure detection, namely 2450 and 2451. The images were 
geocoded using SARSCAPE and an interferometric 5-m GSD DEM provided by NextMAP Italy. 
Image 2450 could not however be calibrated, apparently due to unspecified problems with the 
calibration parameters provided; for sake of homogeneity, neither image 2451 was calibrated, 
despite its calibration parameters were correct. Notwithstanding the calibration issue, the 
investigation was performed on single images, moving to a later stage the determination of 
possible, universal threshold values.  

 

Data exploitation: urban block-scale damage level assessment 

In our research group, these images where first used for block-level damage assessment. 
Having at disposal a formerly developed technique [8] based on a connection between some 
texture measures and the damage level aggregated at a block scale, a quick classification of the 
damage level was possible into three classes (ND=little or no damage, LD: damage, HD=heavy 
damage). Figure 1 shows a map of the damaged blocks as classified based on the technique in 
[8].  

 

  

Figure 1 : Damage classification of the city of L'Aquila, color-coded (green=ND, yellow=LD, 
red=HD) 

 

Despite the overall accuracy not being very high, the map provides a good overview of the 
damage distribution, at least of the damage causing significant modifications in the buildings’ 
shapes, i.e. something a radar system is very sensitive to. 

 

Data exploitation: detection of sparse structures to facilitate inspection campaigns 

Elevated structures are known to cause strong backscatter related to double-bounce 
phenomenon. Simple thresholding of the backscatter map is however not sufficient to locate 
structures, because speckle noise results in an overwhelming number of false positives. Unlike 
speckle peaks, though, real corner structures cause a cluster of high values, due to the impulse 
response of the SAR system. The operation was repeated on tens of reflectors to confirm the 
typical trend of strong backscatterers. 
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Extremely few very high values are found, including one largely dominant over the others. Since 
this situation seems to be representative as confirmed by the inspection of 65 more reflectors, a 
moving window detector was hypothesised with two amplitude thresholds (Ta1, Ta2) and one 
number threshold (Tn1). A 5×5 pixel window scans the image and places a ‘1’ value (‘0’ 
otherwise) in a mask window, if and only if:  

 

• At least one pixel in the window exceeds Ta1,  

and  

• At least Tn1 pixels in the same window exceed Ta2  

 

Urban areas are marked as such from ancillary data at the beginning and excluded from the 
detector scope. Clusters of adjacent 1’s were assumed to belong to the same target and made 
to collapse into a single marker before including the marker into a .kml GIS file.  

  

The values of (Ta1, Ta2) and (Tn1) are determined by experiment on a 1.07 sq.km test site at 
42°22’15.21’’ N and 13°19’18.72’’E, including 73 features detected by visual inspection on local 
images from the Google Earth © globe. Values of 40000 and 20000 were found to be best for 
the training area and temporarily set as search parameters. 

 

Testing structure extraction 

Once the threshold values mentioned in the previous section were set, the experiments were 
extended to another test site located at 42°19’33.65’’N and 13°26’01.36’’E, covering 2.98 square 
km and including 87 features detected by visual inspection. The results are as reported in Table 
2. 

 

Table 2 : Confusion matrix on test site, image 2450 

 Detected Undetected Completeness 

Target 50 37 57.47 % 

False pos. 6   

Correctness 89.28 %   

 

Results were confirmed by testing the same method on the same area in image 2451, whose 
results are reported in Table 3. 
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Table 3 : Confusion matrix on test site, image 2451 

 Detected Undetected Completeness 

Target 38 49 43.68 % 

False pos. 6   

Correctness  86.36%   

  

 

Due to a calibration problem, the threshold values have been set on the uncalibrated image and 
had thus to be adjusted for the different incidence angles of the two images (19° and 50°). The 
method appears to be very sensitive, as some of the targets were initially classified as false 
positives due to their smallest size, which made them nearly invisible at a first sight in the rough 
spatial resolution image found on GE. 

 

In a second stage, to experiment with actu
wider area, extracted from the calibrated 2451 image. A sub-image of about 16 square km was 
cut out. The site under test, at 42°20’13.76” N and 13°23’53.01’’E, included both urban and rural 
environment. In order to exclude the urban area, a mask of the city was created using the 
method in [9]. As the used image is calibrated, the values of each pixel are different from the 
non-calibrated image. It was therefore necessary to find new thresholds and size of sliding 
window. These new values were set at Ta1 = 5, Ta2 = 4.95, Tn1 = 10 and the new windows size 

parameters the algorithm was able to correctly detect 73 buildings which implied reporting also 
14 more structures close to the detected ones.  

 

  

Figure 2: output markers (in red) overlaid on the COSMO/SkyMed image. 
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Figure 3 : optical image, with output layer (blue cross) and ground truth layer with polygons of 
structures 

 

A sample of the procedure output is shown in figure 2 (overlaid on the C/S image), figure 3 
(overlaid on the optical image including ground truth polygons) and figure 4 (overlaid on the 
optical image). Some false positives (e.g. metal gates, cars) are reported, and classification of 
targets is indeed foreseen as the next step, required to drop non-relevant ones and to help set 
priorities on the inspection process. Previous knowledge on the area may also be integrated into 
the detection process to e.g. filter out cars on roads in the area of interest. 

 

  

Figure 4 : A sample output: markers overlaid on the optical image. 

 

A last mention should be made about some practical issues: what is actually a target? Are two 
nearby buildings to be considered a single target? Is a smallest structure to be considered 
seismically relevant and thus a target? 

 

More interaction with seismological and emergency management experts is in order to drive 
further development of the proposed method towards a really useful tool for post-earthquake 
inspection. 
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CONCLUSIONS 

In an emergency context, the availability of all-weather, fast-response, VHR spaceborne weather 
radar data may provide an amount of valuable information to the emergency operators and 
decision-makers. In this paper two of them have been presented from our experience, on 
damage level assessment in urban areas and on structure detection in rural areas.  

 

Research is currently in progress on two topics: 

 

• on damage assessment, to investigate combination of texture measures that lead to 
indexes that are more closely related to the actual damage level. The most recent results 
seem to indicate that the biggest problem is with overestimation of lightest damage, while 
estimation of heavier damage levels is generally more accurate. 

 

• on structure detection, to introduce classification of detected object to facilitate planning 
of the inspection by suggesting possible priorities. 

 

Experiments are in progress also on other earthquake sites such as Sichuan (2008) and Haiti 
(2010). 
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ABSTRACT 

Mapping land cover in urban environments with multispectral data is a challenging task due to 
the confusion between spectrally similar land-cover types, such as sealed surfaces and bare 
soil. Hyperspectral remote sensing opens up new opportunities for improved mapping of urban 
areas. In this paper we test the potential of multiple endmember unmixing of CHRIS/Proba data 
for sealed surface mapping in the Brussels Capital Region. The impact of the criterion used for 
choosing the appropriate model for unmixing each pixel on the accuracies of the estimated class 
fractions is analysed, based on a reference dataset derived from 25 cm resolution aerial 
photographs. Results show that the use of a model selection criterion that favours models with 
less endmembers performs better compared to models with more endmembers, both in terms of 
fractional error and in terms of selecting the right model for unmixing.  

INTRODUCTION 

In recent years many studies in the field of urban remote sensing have focused on mapping of 
sealed surfaces, using multispectral satellite imagery of medium as well as high spatial 
resolution. One of the major difficulties reported in these studies is the spectral similarity 
between sealed surfaces and other non-artificial land-cover types, such as bare soil or dark 
vegetated areas, as well as the spectral heterogeneity of sealed surfaces, caused by the use of 
a variety of building materials. Hyperspectral sensors offer better opportunities to spectrally 
characterize urban and non-urban land-cover types and may therefore improve the accuracy of 
sealed surface mapping in urbanized areas (vii).  

In this study, the potential of 18m-resolution CHRIS/Proba data for sub-pixel estimation of 
sealed surface fractions was tested in an urban catchment located in the Brussels Capital 
Region, using a multiple endmember spectral mixture analysis approach (MESMA) (vii). Multiple 
endmember unmixing is very useful method for dealing with differences in land-cover 
composition and within-class spectral heterogeneity because it allows endmembers to vary on a 
per-pixel basis: for every pixel multiple unmixing models are tested, each of them corresponding 
to different combinations of endmembers, which can be collected from the image using a 
supervised approach. To choose the ‘best-fit’ model for each pixel different model selection 
criteria may be defined. Previous work suggests that criteria which favour the selection of 
models with less endmembers above models with more endmembers may substantially improve 
the accuracy of unmixing. In this study an RMSE based model selection criterion is used for 
selecting the appropriate model for unmixing each pixel. Tests were carried out to examine the 
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impact of the RMSE criterion threshold value, which determines the number of endmembers to 
be used, on the accuracy of the unmixing. To assess the accuracy, validation at sub-pixel level 
was performed based on reference proportions derived from 25cm ortho-photos. Class fractions 
obtained by unmixing were compared to reference fractions, generating a per-class mean error 
and a per-class mean absolute error.  

STUDY AREA, DATA AND PREPROCESSING 

Test area for this study is the catchment of the Woluwe, a small river crossing the eastern part of 
the Brussels Capital Region (Belgium). The catchment is characterized by a complex mixture of 
urban and non-urban land-cover types. A cloud free CHRIS/Proba image covering an area of 14 
km by 14 km was acquired in MODE 3 on August 2009. It includes 18 spectral bands at 18 
meter pixel resolution. The BEAM Toolbox software was used to remove drop-outs and vertical 
striping generated during the image formation process and to transform at-sensor radiance into 
surface reflectance (vii). The image was geo-referenced in the Belgian Lambert coordinate 
system using 0.25 m ortho-photos obtained from AGIV (Agentschap voor Geografische 
Informatie Vlaanderen) as a reference. To reduce within-class spectral heterogeneity the 
brightness normalization method proposed by Wu (vii) was applied. The method removes 
differences between spectra caused by overall brightness thus emphasizing the shape 
information of each spectrum.  

METHODS 

MULTIPLE ENDMEMBER UNMIXING 

Linear spectral unmixing considers the reflectance of a pixel as the sum of the reflectance of the 
different land-cover components occurring within the pixel (endmembers), weighted by the 
fractional coverage of each component (vii): 

(1) 

 

where:  

rib is the reflectance of endmember i for a specific band b, 

fi is the fraction of endmember i, 

N is the total number of endmembers, 

εb is the residual for each band b. 

The concept of linear spectral unmixing is based on the use of unique endmembers for the entire 
scene. Each pixel is unmixed by the same endmembers, even if one of them is not present 
within the pixel. Linear spectral unmixing also underutilizes the possibility of dealing with spectral 
heterogeneity within land-cover classes. In multiple endmember unmixing, on the other hand, 
endmembers can vary on a per-pixel basis (ii). Each pixel is unmixed with several models, 
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corresponding to all possible combinations of endmembers and/or land-cover classes the 
endmembers belong to. The use of different endmembers allows one to take into account 
differences in class composition as well as within-class heterogeneity, and to unmix each pixel 
with the most suitable model, consisting of endmembers that are present within the pixel.  

The most used metric for model selection is the RMSE produced by the unmixing model. 
However, using the lowest RMSE value as a criterion for model selection will systematically lead 
to the selection of models with more endmembers, because, mathematically, adding more 
endmembers will reduce the RMSE value. This way, many pixels will be unmixed by models 
containing more endmembers than actually present within the pixel, generating higher fractional 
errors. To deal with this problem, in our study we made use of an RMSE selection criterion 
based on the relative increase of the RMSE obtained by rising the number of endmembers by 
one. For each 4-, 3-, and 2- endmember combination the model with the lowest RMSE is 
selected. Then the relative increase in RMSE going from the best 2- to the best 3-endmember 
model and from the best 3- to the best 4-endmember model is calculated as follows: 

    (2) 

where: 

n is the number of endmembers used for a model, 

RMSE(n_EM) is the lowest RMSE value of all possible n-endmember models, 

RMSE(n+1_EM) is the lowest RMSE value of all possible n+1-endmember models.  

If the relative increase is smaller than a predefined threshold value, the model with less 
endmembers is selected as ‘best fit’ model and is used for unmixing the pixel. One of the 
objectives of this study was to examine how the threshold value influences model selection and 
what threshold value produces the best results in terms of overall fractional error.  

SELECTING ENDMEMBERS AND DEFINING UNMIXING MODELS 

The selection of good candidate endmembers is a crucial step in multiple endmember unmixing. 
An endmember refers to the spectrum of a pure pixel (composed of only one land-cover type or 
material). In this study we decided to work with image spectra. Compared to laboratory or field 
spectra image spectra have the advantage that they are measured at the image scale (pixel 
resolution) and can be more easily associated with image features (vii). Level 1 in table 1 
represents the four land-cover classes that were used for defining the unmixing models. 
Because of the frequent occurrence of red tile roofs in the study area, the material was 
considered as a separate land-cover class in the unmixing. For each of the four land-cover 
classes fractional maps were derived. Image spectra for unmixing were extracted from spatially 
homogeneous target areas for six different endmember classes (level 2 in table 1), which were 
delineated on 0.25m ortho-photos.  

Table 1: Definition of land-cover classes (level 1) and endmember classes (level 2) 
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Level 1 Level 2 
number of 
pixels 

Grey sealed 
surfaces 

Grey road 
materials 

92 

Grey roof 
materials 

30 

Red sealed 
surfaces 

Red roof 
materials 

35 

Vegetation 
Herbaceous 8 

Forest 83 

Bare soil Bare soil 48 

To verify if image spectra are good endmember candidates, an MNF transformation was applied 
on the scene to reduce the spectral dimensionality of the dataset. Candidate spectra were 
identified on bi-variate scatter plots of the image scene, corresponding to MNF components 1-2, 
1-3, and 2-3. A set of 296 spectra was selected for producing the spectral library.  

The objective was to derive fractions for the 4 land-cover classes (level 1) in table 1, using for 
each pixel the ‘best-fit’ model selected from a series of unmixing models, each model based on 
a different endmember combination. For each endmember class defined at level 2 in table 1 the 
most representative endmember was chosen from the list of candidate endmembers. These 
endmembers were used to define unmixing models corresponding to all possible 2-, 3- and 4-
endmember class combinations, yet never using two endmembers from the same land-cover 
class. In this study we used the Minimum Average Spectral Angle technique (MASA) (vii) in 
order to select the most representative endmember within each endmember class. MASA is 
implemented in ‘VIPER-Tools’ (www.vipertools.org), an ENVI add-on tool. It calculates the 
average spectral angle between an endmember spectrum and all the other endmember spectra 
in the same class. The one with the lowest MASA value is selected as the most representative 
endmember for that class.  

MODEL VALIDATION AT SUB-PIXEL LEVEL 

For this study a validation at sub-pixel level was carried out in order to evaluate the unmixing 
results. For each land-cover class defined at level 1 (table 1) sub-pixel proportions were derived 
from the 0.25m ortho-photos for a sample of reference pixels. The stratified random sampling 
technique was used to define a validation set containing 30 pixels for each possible combination 
of 2-, 3- and 4- land-cover classes and 30 pure pixels for each land-cover class. Three 
combinations (Red-Vegetation-Bare soil, Grey-Red-Bare soil and Red-Bare soil) were excluded 
because of the rare presence of these combinations in the scene, leading to a total of 12 
combinations, represented by 360 ground truth pixels. For each pixel in the validation set, class 
fractions obtained by unmixing were compared with reference fractions. To quantify the accuracy 
of the unmixing, the per-class mean absolute error (MAEc) and the per-class mean error (MEc) 
were calculated: 
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    (3) 

where: 

Rci is the reference fraction value (in %) for class c for pixel i, 

Uci is the unmixed fraction value (in %) for class c for pixel i, 

Nc is the total number of validation pixels for class c. 

 

Summing the MAEc values over all classes yields the total mean absolute error (TMAE): 

         (4) 

where C is the total number of classes. 

RESULTS AND DISCUSSION 

The multiple endmember approach applied in this study makes use of a set of unmixing models, 
defined by all possible combinations of endmember classes not belonging to the same land-
cover class. In other words, endmembers of the same land-cover class are never used together 
in one model. Based on the 4 land-cover classes and the 6 endmember classes listed in table 1, 
29 unmixing models were defined, corresponding to all possible combinations of 2, 3 and 4 
endmembers. As explained in section 3.1, we made use of an RMSE criterion threshold value to 
select the best model for unmixing each pixel. If the relative increase in RMSE for the best 
model with 3 endmembers, compared to the best model with 4 endmembers, is smaller than a 
predefined threshold, than the model with 3 endmembers is preferred. In a similar way, a model 
with 2 endmembers is preferred above a model with 3 endmembers if the relative increase in 
RMSE does not surpass the threshold value. The impact of the threshold value on the accuracy 
of the unmixing was evaluated.  

Table 2 shows a steady decrease of the TMAE value for an increase of the threshold from 0% to 
60% (from a TMAE of 57.34 to a TMAE of 49.06), indicating that the selection of models with 
less endmembers improves the accuracy of the unmixing. For higher threshold values, the 
TMAE starts to increase again. Highest accuracies are thus obtained with a RMSE criterion 
threshold value of 60%. The magnitude of the per-class fractional error for the 60% threshold 
value, as expressed by the MAE, is close to 15% for the grey sealed surfaces fraction and the 
vegetation fraction. The error is lower for the bare soil fraction (around 11%) and for the red 
sealed surfaces fraction (9%). Mean fractional errors (ME) point at an overall, yet small 
overestimation of the red sealed surfaces and vegetation fraction, and a slight underestimation 
of the grey sealed surfaces and bare soil fraction.  
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Table 2: Per-class mean absolute error (MAE), total mean absolute error (TMAE) and per-class 
mean error (ME) for different RMSE criterion threshold values 

Thr. MAE_grey MAE_red MAE_veg MAE_bare TMAE ME_grey ME_red ME_veg ME_bare 

0 16.28 12.98 14.30 13.78 57.34 0.78 6.39 2.51 -0.86 

20 15.93 11.66 14.18 12.64 54.42 0.12 5.00 2.51 -2.30 

40 14.78 9.88 14.31 12.05 51.02 -1.13 3.00 2.66 -2.59 

60 14.53 8.83 14.37 11.33 49.06 -1.83 2.00 2.61 -1.77 

80 14.84 8.70 14.31 11.78 49.63 -2.29 1.21 2.50 -0.84 

100 15.24 8.41 14.23 12.07 49.95 -2.75 0.29 2.56 0.21 

The ability of the RMSE criterion to select an appropriate model for unmixing, composed of 
endmembers that are actually present in the pixel, was also examined. As explained in section 
3.3, the validation set used in this study consists of 12 subsets of 30 pixels, each subset 
corresponding to a different class composition. Table 3 shows which part of these 12 subsets 
(indicated by the rows) is unmixed by a model containing endmembers belonging to one of the 
possible 2-, 3-, or 4-class combinations (indicated by the columns). While for a threshold value 
zero, all pixels are unmixed with a model containing the maximum number of endmembers (four 
in this study), table 3 clearly shows that using a RMSE criterion threshold value of 60%, many 
pixels are unmixed with models containing less endmembers, leading to a general improvement 
of the TMAE (table 2).  

GRV, GV and RV are the class combinations that are most frequently unmixed with models 
composed of the right type of endmembers. GB pixels, however, are unmixed in only 16.67% of 
the cases by a model that contains the right endmember classes. For GR pixels only in 26.67% 
of the cases a model with the proper endmembers is selected. Although at first sight these 
results seem to indicate a low performance for GB and GR pixels, in most cases these pixels are 
unmixed with models containing endmembers of the two classes that are observed in the pixel, 
yet the models used often contain at least one additional endmember, in most cases vegetation. 
Analysis of estimated class fractions for these pixels indicates that the fraction estimated for the 
additional endmember(s) is in most cases low, so that unmixing accuracies for these pixels are 
not much higher than for GB and GR pixels unmixed with the right model. The last three 
columns of table 3 represent the 3 land-cover class combinations for which no validation subset 
was produced because of the rare presence of this type of pixels in the scene. Models 
corresponding to these class combinations were sometimes used for unmixing pixels with 
another class composition, yet only in a limited number of cases, as shown in the table.  
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Table 3: Model selection for validation pixels with different class composition for unmixing with a 
RMSE criterion threshold value of 60% 

 

GRVB GRV GVB GR GV GB RV VB GRB RVB RB 

GRVB 46.67 26.67 0.00 0.00 0.00 0.00 10.00 10.00 0.00 0.00 3.33 

GRV 0.00 80.00 0.00 6.67 10.00 0.00 3.33 0.00 0.00 0.00 0.00 

GVB 3.33 20.00 43.33 0.00 13.33 3.33 3.33 10.00 3.33 0.00 0.00 

GR 3.33 63.33 0.00 26.67 3.33 0.00 0.00 3.33 0.00 0.00 0.00 

GV 0.00 10.00 16.67 3.33 60.00 3.33 0.00 6.67 0.00 0.00 0.00 

GB 16.67 6.67 26.67 0.00 6.67 16.67 0.00 13.33 6.67 0.00 6.67 

RV 6.67 16.67 0.00 6.67 0.00 0.00 60.00 0.00 0.00 0.00 10.00 

VB 3.33 3.33 6.67 0.00 30.00 0.00 13.33 43.33 0.00 0.00 0.00 

G 0.00 6.67 10.00 10.00 50.00 23.33 0.00 0.00 0.00 0.00 0.00 

R 3.33 23.33 0.00 20.00 0.00 0.00 43.33 0.00 3.33 3.33 3.33 

V 0.00 0.00 0.00 0.00 43.33 0.00 3.33 53.33 0.00 0.00 0.00 

B 0.00 0.00 6.67 3.33 0.00 56.67 0.00 23.33 3.33 6.67 0.00 

 

Figure 1 shows the spatial distribution of the different types of models used by the multiple 
endmember approach, for different threshold values. If no threshold is used, the whole scene is 
unmixed with 4-endmember unmixing models only (GRVB) (figure not shown). When a RMSE 
criterion threshold value is applied, the number of pixels unmixed with 4-endmember models 
gradually decreases as the threshold value is increased, allowing more pixels to be unmixed 
with less endmembers. Unmixing more pixels with a smaller number of endmembers also 
reduces the fractional error (table 2). The table included at the bottom of figure 1 shows the 
frequencies of each model type, used for unmixing. For an RMSE threshold of 60%, the models 
that are mostly used combine a grey surfaces endmember with a vegetation endmember (GV 
models unmix 37.9% of all pixels), followed by the VB models composed of a vegetation 
endmember and a bare soil endmember (VB models unmix 23.2% of all pixels). Another 
relatively important type of unmixing models is the GRV type (composed of grey surfaces, red 
surfaces and vegetation endmembers), which still unmixes 14.5% of all pixels. From the spatial 
distribution of model use (fig.1c) it is clear that most of the built-up area is unmixed with GV and 
GRV models, while most pixels outside the built-up areas are unmixed with VB models. For a 
60% threshold value, only 2.1% of the entire image is unmixed with a 4-endmember model. 
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Figure 1: Spatial distribution and frequencies (in %) of the different types of models used for 
unmixing for different RMSE criterion threshold values  
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Results of the unmixing using an RMSE threshold value of 60% are shown in figure 2. The grey 
sealed surfaces fraction (fig.2b) clearly reflects the pattern of urbanisation in the eastern part of 
the Brussels Capital Region. In the south-western part of the scene high fractions of red sealed 
surfaces are observed (fig.2c), corresponding to the high concentration of red tiled roofs in the 
mostly residential areas surrounding the city centre. The fraction map for the vegetation 
component (fig.2d) reveals the high level of greenness in the Brussels Capital Region, 
particularly in the eastern and south-eastern part of the city. Finally, the bare soil fraction map 
(fig.2e) shows the agricultural activity in the north-eastern part of the scene.      
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Figure 2: Land-cover fraction maps obtained with a RMSE threshold value of 60%: original 
CHRIS data true color composite (2a), grey sealed surfaces fraction (2b), red sealed surfaces 
fraction (2c), vegetation fraction (2d), and bare soil fraction (2e) 
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conclusions 

In this study a multiple endmember unmixing approach was tested on CHRIS/Proba data for 
mapping of sealed surfaces in a mixed rural-urban area. Unmixing was done using 29 models, 
representing all 2-, 3- and 4-endmember combinations of four major land-cover classes: grey 
sealed surfaces, red sealed surfaces, vegetation and bare soil. ‘Best-fit’ models were selected 
using an RMSE based selection criterion that favours the use of models composed of less 
endmembers above models composed of more endmembers.  

The study demonstrates that grey and red sealed surfaces can be mapped with reasonably 
accuracy with CHRIS/Proba data, with average proportional errors of close to 15% and 10% 
respectively. Some confusion between classes remains, especially for pixels containing both a 
sealed surface and a bare soil fraction.  

The use of an RMSE selection criterion favouring the selection of models with less endmembers 
strongly improves the quality of the unmixing, both in terms of TMAE (from 57.34 to 49.06) and 
in terms of model selection. When an optimal RMSE criterion threshold value is applied, a 
majority of the pixels with class compositions that are dominating the scene are unmixed with an 
appropriate model, consisting of endmembers that belong to the classes present in the pixel. 

The results shown in table 2 and table 3 confirm that the use of dedicated models only 
containing endmembers from the land-cover classes that are actually present, leads to a 
substantial reduction of error in class fraction estimation.  
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ABSTRACT 

Is the urban remote sensing community directing its research and product development towards 
user needs? Today urban planners confirm that remotely sensed data and derived products are 
only used rudimentarily in their daily routine. In general, urban planning and management can be 
conceptualised as a two phase process: Phase 1 aims at understanding the nature and 
dynamics of urban development and the identification of problems and phase 2 develops and 
implements policies and interventions that seek to structure and guide cities. Urban remote 
sensing has manifold capabilities to provide data, methods and information to both phases. 
Thus, a critical discussion is needed beyond long-established remote sensing or planning 
communities to transform the new capabilities into practical value.   

INTRODUCTION 

In the last decades the world has faced a constantly accelerating growth of urban areas - a 
development which is closely related to a tremendous increase of the urban population. In 2007 
the amount of urban residents has outnumbered the rural population for the first time in human 
history and by the year 2030 already two-thirds of the world's population is expected to live in 
cities (i). Hence, urban and peri-urban environments show one of the highest dynamics in the 
context of global land use transformations. Cities are economic, ecologic, social, cultural and 
political focal points of human mankind, thus sustainable urban planning and development as a 
global, national, regional and local challenge must be of highest priority (ii). 

A reliable, up-to-date and area-wide available information base is essential for successful urban 
management and strategic decision making. The constant urbanization and the rapid changes in 
urban environments involve considerable challenges with respect to the observation, analysis 
and understanding of the complex processes affecting and forming metropolitan areas. As a 
consequence, effective and sustainable urban planning and management increasingly demands 
innovative concepts and techniques to obtain up-to-date and area-wide information on the 
characteristics and development of the urban system regionally as well as globally (iii). Lack of 
information contributes to problems such as ineffective urban development programs and 
activities; non-priftable and badly planned investment projects; poor functioning of land markets; 
property tax and transport and utility systems; and disregard of the environmental impact of 
development on the population (iv). 

Currently, most of this information is collected by means of statistics, survey and mapping or 
digitizing from aerial imagery. However, in consideration of statistical information these 
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approaches often show a comparably coarse spatial and temporal resolution while surveying 
and mapping is time consuming and cost-intensive - properties which significantly restrict 
periodic updates and regional, national or even global analyses.  

The gradual commercialization of satellite or airborne earth observation since the 1970s and its 
prospects on performance and effectiveness have greatly expanded. However, earlier 
predictions on uptake and use were probably far too optimistic. This led to some disappoints 
where projects were not realised. In consequence, remote sensing data and products often 
played, at least in Germany, a secondary role in the information acquisition for urban planning 
activities. Today urban planners confirm that remotely sensed data and derived products are 
only used rudimentarily in their daily routine (v). For this reason it is important to demonstrate 
and discuss the value of today's earth observation technologies for urban planning in 
dependence of the requirements of stakeholders. 

Thus, this paper specifically addresses questions regarding the current capabilities and 
limitations as well as the requirements for urban remote sensing to play a significant role for 
urban planning in the future.  

CAPABILITIES OF URBAN REMOTE SENSING  
What roles can urban remote sensing play today in developing a good, successful and liveable 
city? To date, remote sensing in urban areas is very much scientifically driven. Relatively few 
projects, such as the European Urban Atlas (vi) or REFINA (vii) extensively use remotely sensed 
data for precisely defined applications and coordinated user needs.  
The Urban Atlas is the first large-scale geodataset ever produced operationally for cities from 
satellite data. Production costs are in the order of a few Euros per km². The new dataset must 
have been awaited because the announcement on 16 January 2009 had caused several 100000 
Google references only a month later (viii). The value for the European level is clear: The Urban 
Atlas will provide a neutral and independent tool to monitor effects of structural measures, be 
they heading in the good or the bad direction.  
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Figure Error! Main Document Only. Urban Atlas Munich based on SPOT-5 data  

 

For the cities themselves, in addition to easing their mapping and reporting obligations under the 
European policies, some innovative “downstream services'' appear feasible when local 
information is added on top of the Urban Atlas. Examples are comparison of own developments 
with other cities, supporting measures in respond to demographic changes, support master 
planning and cross-city cooperation, mapping of risk exposure, detection of environmental 
changes and threats, more informed investment decisions (viii). Figure 1 displays the thematic 
classification of the Urban Atlas on the city of Munich on block level.  
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Within the REFINA project 'Flächenbarometer' a monitoring tool was developed to evaluate 
sustainable urban development. With the tool a set of sustainability indicators based on remote 
sensing can be derived. These indicators, e.g. imperviousness, can be calculated for various 
administrative units and combined with several statistical indicators. This enables several 
analyses, e.g. on the percentage of impervious surface per inhabitant. Comparison of the results 
with similar administrative units allows planners to evaluate the sustainability of the land 
management activities. The tool was tested by several planners and found useful to estimate the 
need for construction sites, identification of empty building lots or as information source for 
planning decisions (vii).  

These two examples clearly define the capability of urban remote sensing to integrate its 
products into an accepted decision-making process. The goal of mapping hundreds of cities with 
a consistent approach allows an objective, quantifiable and independent information set and 
thus proves the strength of earth observation data and techniques. 

 
Figure 2 3-D City model for Munich derived from multisensoral remotely sensed data   
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Today the range of remotely sensed data sets and thus options for information extraction is 
increasing constantly. An overview on the wide variety of currently space borne and airborne 
remotely sensed data sets appropriate for cities is provided by (ix). Thus, high-end capabilities of 
remote sensing in complex urban landscapes go thematically and geometrically beyond the 
consistent, comparable layers provided by the Urban Atlas.  

Multi-sensoral data processing of high resolution optical satellite data in combination with a high 
resolution airborne digital surface model for example allows the derivation of a 3D city model 
(Fig. 2). With it, the geometric level rises from block level to the coverage of individual buildings 
including the third dimension. This is e.g. relevant for identification and/or quantification of the 
building stock, floor-space index, vegetation fraction, percentage of impervious surfaces, or 
undeveloped areas. Figure 2 displays a 3-D city model of Munich extending the capabilities of 
urban remote sensing.  

Airborne remote sensing techniques today even allow the derivation of almost photo-realistic 3-D 
city models with spatial resolutions of up to 10cm (x). With it, the capability for mapping 
increases in dimensions of cadastral information. Furthermore, the usage of hyperspectral 
remotely sensed data allows the retrieval of information on the surface materials (xi).  
While the ability to map land-cover and the built environment may be improved (as shown by the 
example of Fig. 2), this only partially covers the data requirements for urban planning and issues 
of privacy also may remain of concern (xii). 

Recent work of the urban remote sensing community shows a broadening of applications 
beyond mapping of the built-environment in the fields of monitoring urban sprawl (xiii), analysis 
of spatial urban landscape configurations (xiv), cross-city analysis (xv), identification of urban 
heat islands (xvi), monitoring of green spaces, derivation of urban land use (xvii), population 
distribution (xviii), socio-economic classifications (xix), traffic monitoring (xx), energy-relevant 
analysis such as identification of solar panels or suitability of urban structures for a local heating 
system (xxi), risk and vulnerability assessment or damage detection (xxii), localization of 
Malaria-prone areas (xxiii). Figure 3 exemplarily displays one sample application of urban 
remote sensing in the field of risk and vulnerability assessment.  
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Figure 3 Risk and vulnerability analysis using multisensoral urban remote sensing and 
interdisciplinary science 

URBAN PLANNING REQUIREMENTS ON URBAN REMOTE SENSING  

The title “When science meets user needs” provocatively addresses a very wide spectrum in the 
urban domain: On the one hand the broad application fields of scientifically driven urban remote 
sensing with a brief overview on its capabilities presented above. On the other hand “user 
needs'' is indifferently addressing whoever is interested or could benefit from the remote sensing 
capabilities from geographers, economists, social sciences, risk managers to politicians, military 
or the public. A circumstantial analysis of user needs is beyond the scope of this paper. Thus, 
we focus on general requirements from the most obvious users of urban remote sensing, the 
urban planers. 

Urban planning is an elusive subject of study (xxiv). It draws on a variety of disciplines and has 
no widely accepted canon. The higher-ranking goal of regional- and urban planning is to 
effectively direct settlement development to qualitatively high-value, liveable and sustainable 
structures. The difficulty is to reconcile national and regional planning guidelines with the large 
variety of political, economic, ecologic and social issues of town planning as well as private 
interests at local level (ix).  

This difficulty is often conceptualised by the planner's triangle displayed in Figure 4:  
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Figure 4 The planner’s triangle - conflicting goals for planning (after xxiv)     
 
Certainly there are other important views of the city, including architectural, the psychological, 
and the circulatory (transportation; and one could conceivably construct a planner's rectangle, 
pentagon or more complex polygon (xxv). It clearly shows the complexity and 
multidimensionality of planning.  

Planning basically is a conceptual anticipation of not yet existing conditions. Thus, ideas, 
strategies or concepts for future development need to be available. At present urban planning 
often concentrates on actual-theoretical comparisons (xxvi). Beyond that it is fundamental for 
sustainable planning to analyse the processes, which led to the current condition. Therefore, 
cross-linking analysis, integration of temporal characteristics and dynamics are essential.  

Thus, multi-dimensional and inter- and transdisciplinary information on the past and current 
urban situation needs to be available for the development of future strategies, because planning 
is knowledge processing. But planning practice often suffers from data and information being 
restricted, outdated, thematically or geometrically not detailed enough, or being simply not 
available.  

Planning is an inherently spatial problem. Many instruments in planning, such as regional 
development plans, master plans, comprehensive plans are based on geo-spatial information.  
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That there is need for new data sets, innovative ideas, inter- and transdisciplinary cooperation 
shows one specific example: The uncontrolled development in today's and tomorrow's 
megacities triggered city administrations to face the situation and find solutions for the huge 
challenges. They initiated the ‘Urban Age' network, bringing together professionals from a 
variety of different disciplines and backgrounds. Sociologists, geographers, economists and 
political scientists join practitioners such as planners, architects, developers, transport experts 
and engineers in a dialogue with political decision makers (xxvii). The higher ranking goals are to 
construct a framework for a developing network of individuals that exchange information, 
experiences and data, emphasizing the relationships between concrete investment, design and 
building, and the economic, environmental, social, political and cultural processes that shape city 
life. Thus, transdisciplinary cooperation between science and user's has been already triggered. 
Now it is up to the urban remote sensing community to integrate itself into this process.  

DISCUSSION  
The constantly increasing availability and accessibility of modern remote sensing technologies 
provides new opportunities for a wide range of urban applications such as mapping and 
monitoring of the urban environment (land cover, land use, morphology, urban structural types), 
socio-economic estimations (population density, life quality), characterization of urban climate 
(microclimate, human health conditions), analysis of regional and global impacts (climate 
modelling, urban heat islands) or urban security and emergency preparedness (sustainability, 
vulnerability) (ix). 

Thus, the high potential of earth observation data, methods and products to support urban and 
regional planning is beyond controversy. But why did these applications using remotely sensed 
data to date only rudimentarily expand into the field of urban planning? 

In general the authors experienced, at least with German city administrations, a knowledge gap 
between the stakeholder’s and the urban remote sensing community. The knowledge gap e.g. 
includes data availability, data costs, data requirements or operational procedures and thus, the 
development of applying remote sensing to urban planning. But closing this knowledge gap does 
not seem to be the single path to a common future. 

Still today, one major constraint is costs: the data costs are often too high for local authorities. 
While satellite data are relatively low priced, some applications need high temporal repetition 
rates, where airborne and thus cost-intensive remote sensing is required. 

Furthermore the investment in processing is still comparatively high due to mostly not fully 
automation of classification procedures. During processing adjustments are needed due to 
different atmospheric conditions, land cover types or different user's requirements or the 
algorithms are still in experimental status, for example. The author’s experienced a resistance 
among planners regarding urban remote sensing products due the dependency on external 
knowledge required to transform remotely sensed data into the aimed products.  

Missing data standards or compatibility of software add to it. We experienced that each 
municipality/government has its own GIS system and their individual definitions of describing the 
spatial domain. To fully use and integrate the advantages of remote sensing products and 
enable comparisons, standards are required, on the data format, the land cover classes 
mapped, the spatial scales and units used, etc. 
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Apart from costs, the thematically broad applications products were discussed with planning 
departments of different municipalities. Cartographic presentation turned out to be an important 
aspect for the acceptance of the derived indicators (xxviii). Examples are WebGIS easily 
available data and applications with the capability to visualize and calculate results specific to 
the individual needs of particular stakeholders. A promising application of the products is the 
communication with higher planning organizations, the mayor and city council. 

Another constraint is the difference between requirements and capabilities regarding accuracy of 
the products: the synoptic overview of remote sensing in the previous chapter shows area-wide 
and spatially highly detailed information extraction, but the accuracy of cadastral data sets is not 
achieved. On the one hand accuracies of 80-90 % and sometimes even higher provide an 
objective basis for decisions. On the other hand these earth observation products are not 
established at the current legal foundation and now need to find juristic acceptance. 

So does remote sensing have essential value to urban planning? In general the data and 
products are independent, up-to-date, and basically available from anywhere around the globe 
and the products are reproducible and thus consistent and comparable. Especially in developing 
countries, remote sensing data often are the only data source. 

The example of the tsunami and earthquake prone city of Padang in Indonesia shows the value 
of remote sensing: Using multi-sensoral earth observation a multidimensional view on the city 
and its vulnerability was produced independently and its quantitative and thus objective 
information products form the basis for the future risk mitigation plan. 

But how about countries where spatial data sets in high quality already exist? The strength of 
remote sensing is the multidimensional perspective allowing for spatial and quantitative 
statements from a physical, demographic, social, economic and environmental view. And the 
analysis is not restricted to administrative artificial boundaries, thus theoretically enabling the 
analysis on a regional, national or continental scale. 

Beyond that, products can be produced on cross-community level. Thus, an advantage arises 
from comparisons between cities as basis to learn from other examples and to develop solutions 
not solely on the knowledge of a single city. In interdisciplinary projects the strength arises 
through correlation of often punctual knowledge with the area-wide availability of remote sensing 
products, enabling the extrapolation of information. 

CONCLUSION 

Space- and airborne earth observation (EO) has become a promising tool to provide updated 
geoinformation on various aspects of built-up areas in manifold spatio-temporal dimensions. 
Remotely sensed images represent an independent data source from which various layers of 
information can be derived area-wide, with a flexible repetition rate and in various scales ranging 
from spatially detailed analysis on single-building or building block level to global studies on 
continental scale. In combination with widely automated methods of data processing and image 
analysis, urban remote sensing provides multiple options to support decision makers such as 
resource managers, planners, environmentalists, economists, ecologists and politicians with 
accurate and up-to-date geoinformation. But, scientific results are valueless if they do not 
transform into practical value. 
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Thus as concluding question arises: do remote sensing and urban planning have a common 
future? In fact, both disciplines can learn and profit from each other. Thus it is up to all involved 
parties politicians, stakeholders, industry, science and even the residents themselves to 
overcome the problem of isolated approaches and to initiate an inter- and transdisciplinary 
discussion and cooperation. Projects such as the Urban Atlas already pave the path with a 
successful integration of earth observation for urban management.  

The willingness for an open dialogue about expectations, requirements, capabilities and 
limitations beyond long-established communities could serve as a ground-breaking step to 
transfer remote sensing products into value for urban planning. On these premises we have a 
good chance to transfer innovative ideas into sustainable solution for liveable cities of tomorrow. 
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ABSTRACT 

Ground–Based SAR interferometry has been exploited in the last decade as a reliable 
microwave Remote Sensing technique in several application fields as demonstrated by a solid 
literature, and GB-SAR systems for operational uses have been disseminated from research 
teams and companies to the users’ community. A GB-InSAR exploits the same principle used in 
spaceborne SAR interferometry but providing images with much shorter time intervals (typically 
about ten minutes), overcoming some of the limitations of data acquisition from the satellite. This 
ability to provide displacement measurements over a limited area (up to a few squared 
kilometres) but with a very high spatial resolution, makes this technique a prime tool for the 
landslide monitoring. At Institute of Geomatics, IG, an in-house processing chain has been 
elaborated to enlarge the potential of GB-SAR imaging obtained by many researchers through 
continuous measurements, also to discontinuous acquisitions, when the maintenance of 
coherence is a challenge.  

This paper is focused towards a description of the developed procedure, showing some results 
aimed at the monitoring of a landslide. As for any interferometric technique these data need a 
careful analysis aimed at the understanding of the sources of decorrelation which can affect the 
accuracy and the effectiveness of the technique. GB-SAR Interferometry is here applied for a 
discontinuous case covering three months; data are collected with the mechanical installation of 
the radar system repeated after some weeks. By applying the processing procedure developed 
at IG for spaceborne data to GB-SAR data, a reliable monitoring of an instable slope has been 
achieved. 

INTRODUCTION 

SAR Interferometric observations from space allowed in the last twenty years the detection of 
the displacement of Earth surfaces with high precision, with unexpected benefits for Earth 
observation and related global studies. The dissemination of Microwave imaging acquired 
through several satellites and the development of advanced interferometric processing tools 
(see for instance Crosetto et al., 2005) has addressed new advanced techniques as the 
development of ground based (GB) instruments, based on the same principle, and aimed at the 
observation of larger scale phenomena as instable slopes, single glaciers and other applications. 
Starting from the first experiment based on the use of a Ground Based SAR interferometer (GB-
InSAR) (Tarchi et al, 1999) some research teams and companies have dedicated many efforts 
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to the development of an operational instrumentation. Instruments specifically designed and 
manufactured for remote-sensing radar techniques are now available for users. 

GB-SAR interferometry, instead of exploiting the forward motion of the spacecraft to synthesize 
the image, makes use of the motion of a coherent radar along a mechanical rail, usually 2-3 m 
long. Maps of the displacement component of an observed surface along the sensor–target line 
of sight (LOS) can be obtained from the interferometric information contained in SAR images 
acquired by a portable GB-SAR. The radar needs to be installed in a stable area, and 
propagation must not introduce excessive decorrelation, namely a loss of information. 
Microwave interferometers can be used both day and night and they are negligibly affected by 
weather conditions. A GB-SAR interferometer installed for some days supplies an almost 
continuous displacement map of the entire observed area, usually up to hundreds of thousands 
of square meters. Furthermore, the possibility of operating even at a significant distance and 
without the need of installing and wiring sensors permits the investigation during emergency 
situations, when the monitoring activity can be required, ensuring the safety of people. 

This paper is focused on a brief introduction about the IG in-home developed GB-SAR data 
processing procedure and the description of an example taken from an experimental data 
acquisition carried out through a non-continuous GB-SAR monitoring of a landslide.  

METHODS 

The concept 

SAR interferometry from space has been widely examined in a number of papers and several 
authors have extended to the ground based approach, tackling with its peculiarities: an updated 
bibliography can be found in Luzi et al., 2010.  GB SAR Interferometry is a technique that uses 
the phase information obtained from the interaction of two different waves to retrieve temporal or 
spatial information on the wave’s propagation. With respect to spaceborne, GB-SAR 
interferometry can benefit from some advantages. While images acquired from space are 
affected by the topography of the Earth’s surface due to the different positions of the satellite 
along the orbital motion, the ordinary configuration of a GB-InSAR provides a ‘‘topography-free’’ 
interferogram whose phase can be directly related to terrain movements.  The LOS 
displacement occurred at a pixel between two or more consecutive images can be recovered 
from the measured interferometric phase. When phase noise on observed surface due to 
scattering characteristics variations and to atmospheric propagation are negligible, and phase 
wrapping is not present, the measured phase and LOS displacement are proportional.  

It is possible to estimate the variation in LOS distance between the radar and the observed 
surface in different periods of time with a precision in the order of fractions of the operating 
wavelength which means that a sub-millimetre precision can be achieved in the best case. 
Analysis of the possible causes of decorrelation in the specific case of GB-InSAR gathering 
many images per day for continuous measurements has been discussed in Luzi et al., 2004. 
When landslides move only a few centimetres per year, the sensor is periodically installed at 
repeated intervals several months apart over the observation period; to overcome the 
decorrelation problems an approach similar to Persistent Scatters method has been proposed by 
Noferini et al., 2005. 
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The Interferometric measurements can be affected by phase wrapping, i.e. the phase ambiguity 

induced by the modulo 2 phase registration. The ambiguity has to be removed during the 

processing by adding the correct integer number of 2 to each measured value. Correction 
techniques for this problem are available in literature (see for instance Crosetto et al., 2005). 
Considering the short time of continuous acquisition by GB-SAR, the observed motion in many 
cases can be adequately sampled by the systems and this problem is of minor concern. In the 
case of experimental campaigns where the system is dismounted and repositioned at each 
campaign, the GB-SAR is not able to detect, unambiguously, displacements corresponding to 

more than in terms of phase. A solution to this problem could be to integrate the GB-InSAR 
system and other ranging sensors featuring lower precision and higher measurement rate or 
taking profit from the presence of natural and artificial coherent targets.  
 

 

Figure 1.  A picture of the IBIS-L system including: the radar module, the linear rail (2.5 metre 
long), the control PC and the power supply unit 

 

THE INSTRUMENT 
A commercial GB-SAR interferometer is available at the Institute of Geomatics: the IBIS-L 
constructed and marketed by IDS SpA. The system is designed and manufactured providing the 
possibility to use the radar sensor both as a real aperture radar (RAR) device, mounted on a 
tripod for dynamic measurements (IBIS-S), and as a linear SAR interferometer, moving along a 
metal rail with 2D imaging capabilities. The IBIS-L microwave interferometer is based on a Ku-
band radar sensor. The radar system simultaneously measures the displacements of pixels 
corresponding to the imaged area with precision up to 0.1 mm. The sampling rate might be up to 
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an image per 5 minutes. The main operational characteristics of IBIS-L system are summarized 
in table 1. A photo of the IBIS-L system is shown in Figure 1.  

Table 1: IBIS-L main characteristics 

Parameter Value 

Operating frequency/wavelength 17 GHz (Ku band)  /17.6 mm  

Maximum operational distance 4 000 m 

Displacement sensitivity  0.1 mm 

Best spatial resolution @ 1Km 0.5 x 4.5m  

Minimum acquisition rate 5 minutes 

Weight of the whole system 130 kg 

Power consumption 100 W 

 

 

Figure 2. Scheme of the items of the standard GBSAR processing procedure developed at IG. 
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THE PROCESSING CHAIN 
To process GB-SAR images and retrieve displacement or deformation maps, at IG an in-house 
processing chain has been developed. The developed algorithms, first elaborated for processing 
SAR interferometric spaceborne data (Crosetto et al., 2005, Crosetto et al. 2009, Monserratt et 
al., 2009), have been tested through experimental data collected in Spain in the last two years . 

The main steps of a GB-SAR acquisition and processing chain are resumed in figure 2 and here 
below these steps are briefly described. Let’s consider the simple case of a pair of image namely 
master and slave. 

After executing data acquisition, a real time focusing standard algorithm is used to provide time 
series of SAR images. The next processing step is the image co-registration which consists in 
performing an image matching to estimate the slave to master transformation. When the GB-
SAR is steady fixed in the same location this is mainly a check on mechanical stability 
performances but in case of not-continuous measurements, carried out in different times after 
dismounting the system, this is mandatory to get a millimetre accuracy. A slave image 
interpolation concludes this item. This step is mandatory in order to avoid phase artefacts and 
decorrelation due to the repositioning of the instrument, e.g. see figure 3. 

 

Figure 3. Example of improvement of the coherence obtained applying the co-registration step. 
These images were collected over the city of Barcelona. On the left, coherence of the measured 
area without co-registering the master and the slave images. To the right the coherence map of 
the same pair of images but after co-registration. 
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Figure 4. Example of a APS correction on a GB-SAR interferogram over the Montserrat 
mountain a) in red the selected stable area, b) the estimated APS and c) the cleaned 
interferogram. Image dimensions 800mx1000m roughly. 

After co-registration, a pixel selection is carried out usually based on the analysis of its main 
features as coherence, amplitude and phase; the selection can be performed using different 
criteria. For example the phase behaviour can be evaluated observing the standard deviation of 
the phase for each point and for each campaign, and the location of stable points can include 
the joint analysis of more than one parameter of these. 

Next step, is the so-called (2+1)D unwrapping of the interferometric phases over the selected 
points. This procedure consists in two main steps; first a 2D Unwrapping based on the method of 
Minimum Cost Flow is performed (Costantini et al,1999) and, secondly, a least squares based 
procedure is used for detecting and correcting the errors produced on the previous step. A 
complete description of this procedure can be found in Monserrat et al 2009.  From this step are 
derived the temporal phase evolution for each selected point.    

At this point, to separate the deformation component from the atmospheric artefacts, 
atmospheric phase screen (APS), a linear model is used. Removing APS the final deformation 
time series are obtained. These results can be finally geocoded to provide operational 
deformation maps. An example of final result deformation map and of time series with and 
without applying the (2+1)D phase unwrapping strategy can be seen in figure 5. 
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Figure 5: Output of the 2D+1 phase unwrapping. The upper image represents the cumulated 
displacement in cm obtained on the landslide test site of Galahad EU project (www.galahad.eu). 
Below the phase time series of a point located in stable  area of the above image. Each profile 
represents the temporal evolution of the phase during the observed period, using 249 images. 
The left profile has been obtained by using the standard approach of 2D unwrapping + direct 
integration of the results. The right profile has been obtained by using the 2D + phase estimation 
method. Cumulated phases in radians. 

The following step is the geocoding, i.e.  to perform the transformation from the image geometry 
to the object geometry of the displacement map. For each pixel of the SAR image the (X,Y,Z) 
position vector on a given coordinate system is provided. Usually the output of this procedure is 

a file which can be uploaded through Google Earth. In case of multiple campaigns 
displacement time series, the objective is to derive the temporal evolution of each selected point.  
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AN EXAMPLE OF AN EXPERIMENTAL CAMPAIGN 

The test site 

The “Forn de Canillo” landslide (from now on, Canillo landslide) is located at the mountainous 
country of Andorra which is placed in the Central Pyrenees between Spain and France. Over the 
460km2 extension of Andorra, several tens of large landslides bodies are identified (Copons, 
2005). These large landslides are ancient, have extension exceeding 10 hectares and most of 
them are partially urbanized. Since the beginning of 2000’s, strategies for risk reduction are 
implemented in the most urbanized landslides (Corominas et al., 2003). The largest Andorran 
landslide body is the Canillo landslide which covers an area exceeding one square kilometer and 
it is close to the Canillo village. The monitored area is included in an angular sector, 36º wide, 
with a 1600m radius. This area, selected for the monitoring, has been experienced to move with 
a velocity in the order of a few millimetres per months. For this reason we decided for a non-
continuous monitoring. Nevertheless a consistent literature about GB-SAR monitoring of 
landslides is available, only a few cases of discontinuous measurements are reported: an 
example is in Noferini et al., 2005. The main reason is that in this second case the retrieval of 
the actual contribution of the LOS variation to the measured phase from interferometric data is 
more complex. The mechanical repositioning of the system, the decorrelation of the observed 
area due to scattering properties modification and the APS, can compromise the effectiveness of 
the observations. In this case the GB-SAR situation is very similar to the spaceborne one and to 
overcome the loss of coherence a solution can be to use artificial stable reflectors as Passive 
Corner Reflector (PCR). For this reason in this experimental campaign fifteen square trihedral 
metallic corner reflectors with side 0.25 m where installed along the monitored area. Their 
distribution is shown in figure 6 where three different zones corresponding to different 
displacement behaviour are also enhanced. At the moment three campaigns have been carried 
out: 29-30 September, 21-22 October 2009 and 25-26 November 2009, corresponding to a 22 
and 35 days lapse respectively. In table 2 the displacements measured among the different 
campaigns at the 15 PCR are summarized. 

Taking profit from the co-registration procedure introduced the previous section, the radar 
apparatus can be mechanically repositioned with coarse (centimetre) accuracy not 
compromising the precision obtained from the co-registration in the final displacement maps.  
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Figure 6. Location of the PCR and identification of the three different areas analyzed depicted 

on a Google map image. 

 

The experimental data 

The procedure explained in the previous section has been applied on experimental data 
collected during the three campaigns. In figure 7 the deformation map retrieved from second and 
third campaign (35 days lapse) is shown. Here the movements towards the radar are 
represented by positive numbers. Observing figure 7, the points moving fastest belong to area 2. 
Assuming a millimetre precision of the method the green points represent pixels which can be 
considered stable. On the other hand area 2 shows significant displacements larger than those 
measured in area 1 and area 3. Data acquired on PCR, resumed in Table 2, permitted to 
discriminate the three different areas in the two periods. On the basis of these data, between the 
first and the second campaign only area 2 moves. In area 2 all the PCR showed a fast motion 
during both the interval, except the PCR number 6, since it could be positioned out of the 
landslide body; between the second and third campaign the maximum displacements rise up to 
8 mm. Area 3 shows a trend similar to area 1 and during the second period a variation of about 
3-4 mm was observed.  

Supposing a linear motion, GB-SAR data correspond to higher values with respect to those 
retrieved from inclinometer velocity data (in between 0.5 mm and 1.8 mm between 2nd - 1st 
campaign interval, and in between 0.8 mm and 3 mm for the 3rd-2nd interval). To evaluate a 
different temporal trend of the displacement longer temporal series are needed. 
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Figure 7. Displacement map obtained through data collected during the second and the third 

campaigns, depicted over a Google map image of the monitored area. Green points are 
stable. Positive values mean a displacement towards the radar location. 
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Table 2: Displacements retrieved from GB-SAR data collected at PCRs between different 
campaigns. 

  

PCR 

Displacement (mm) 

1-2 campaign  2-3 campaign 

AREA 1 

10 0.25 -3.52 

5 -1.54 -2.80 

3 -0.19 -3.93 

2 -1.91 -4.52 

8 0.84 -2.81 

AREA 2 

1 -3.85 -8.02 

9 -4.30 -6.22 

15 -5.30 -7.66 

13 -3.58 -5.59 

6 -0.15 -0.66 

AREA 3 

11 0.06 -7.02 

7 -1.23 -5.15 

12 -0.61 -3.28 

4 1.53 -3.31 

14 -0.06 -2.27 

CONCLUSIONS 

Ground–Based Synthetic Aperture Radar interferometry has been applied in several 
experimental campaigns. The technique demonstrated to be reliable for unstable slopes 
monitoring when used continuously. Sometimes according to the characteristics of the landslide 
and to operating logistics it is necessary to use GB-SAR Interferometry even in discontinuous 
experimental campaign. The authors showed an outline of a new in-home GBSAR processing 
chain developed by IG for discontinuous monitoring where the maintenance of coherence is a 
challenge. The main steps of this procedure and some results are illustrated by using data 
collected by the IG in the last two years. Finally an example of such a case is discussed. Data 
were collected with the mechanical installation of the radar system repeated after some weeks 
from an area which has been experienced to move with a velocity in the order of a few 
millimetres per months. To improve the coherence of the monitored area, a set of passive corner 
reflectors has been distributed in the scenario. The procedure for interferometric data 
processing, developed at IG for discontinuous monitoring has been then applied to GB-SAR 
data. Displacements obtained over both natural and artificial stable targets permitted to estimate 
the behaviour of the slope. Retrieved displacements are fairly in agreement with the estimates 
coming from some ground data. 
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ABSTRACT 

One of the goals of the ESA-DUE funded Urban Heat Island project is to produce historic air 
temperature maps based upon satellite derived land surface temperature data for multiple years 
and urban agglomerations. As to our knowledge no readily available model exists which is both 
accurate and fast enough to produce such a historic dataset, a new approach was devised, 
which on the one hand tries to capture the essential physics behind the urban heat island 
phenomenon and on the other hand does not require the computing time a full mesoscale 
meteorological model would need. The model which we propose is split up into 2 parts. First a 
surface model which contains a data assimilation scheme for satellite observed land surface 
temperature produces the sensible and latent heat fluxes which are subsequently used as 
boundary conditions at the surface for an atmospheric heat advection / diffusion model. The 
surface model is constructed around simple prognostic equations for the surface temperature 
and the surface energy balance, with the storage heat flux is modelled by the objective 
hysteresis model. 

 Results for the model implementation and performance for the cities of Madrid and Lisbon is 
presented at a 4 km and 1 km grid resolution, using land surface temperature obtained within the 
UHI project from SEVIRI, AVHRR, MODIS and ASTER platforms. Initial results of the model 
show a consistent reproduction of the urban heat island effect and agree well with measured in 
situ air temperature data.  
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INTRODUCTION 

Urban agglomerations generally exhibit higher temperatures than their surrounding rural areas. 
This so-called urban heat island (hereafter UHI) phenomenon is due to many factors, the more 
important of which (Oke et al., 1991) are : 

 

 The thermal properties of urban construction materials generally increase the storage of 
heat in the fabric of the city. These materials generally have a high heat storage capacity, 
causing a prolonged release of heat during the nighttime. The urban heat island is 
therefore much more pronounced in the late evening hours.  

 The radiative geometry of street canyons decreases the effective albedo of the system 
due to multiple reflection of shortwave radiation between canyon surfaces. Furthermore, 
it contributes to the decrease of the long wave radiation loss from within street canyons 
due to the complex exchange between buildings and the screening of the skyline. 

 Cities generally see a reduction of evaporating surfaces w.r.t. surrounding rural areas,  
putting more energy into sensible and less into latent heat flux and therefore effectively 
causing an increased heating of the atmosphere. 

 Anthropogenic heat is released into the urban canopy atmosphere from combustion of 
fuels and animal metabolism. 

 The urban greenhouse effect contributes increases the incoming long wave radiation 
from the polluted and warmer urban atmosphere. 

 

As almost half of the world’s population already, and with increasing tendency, dwells in urban 
environments, cities will become increasingly hotspots for heat-related problems.  The  effects of 
thermal stress are well known (Basu and Samet, 2002), the most important of which being 
excess mortality (Curriero et al., 2002; Dematte et al., 1998; Ferris-Rotman, 2010; Kosatsky, 
2005) especially with the older population and a strongly increased energy consumption due to 
air conditioning (Hassid et al., 2000; Hsieh et al., 2007; Sailor and Muñoz, 1997; Santamouris et 
al., 2001; Wen and Lian, 2009).  

Thermal remote sensing data has been identified as an important source of information to map 
the urban heat island. Many studies, however, are restricted to the use of land surface 
temperature, without a translation into air temperatures, or at best employ a regression model in 
order to derive air temperatures from the surface skin temperatures. This approach however fails 
to capture some of the most essential features of the urban heat island phenomenon, such as its 
temporal evolution during the course of a day, with a maximum intensity in the late evening and 
a possible negative effect (daytime ‘cool’ island) during the morning (Moreno-garcia, 1993).  

The ESA-DUE funded Urban Heat Island project (http://www.urbanheatisland.info) aims to 
create a historic archive of thermal remote sensing data as well as air temperature data at 
various spatial resolutions to aid decision and policy makers in mitigating the effects of UHIs. A 
data archive with SEVIRI, MODIS, AVHRR, (A)ATSR, ASTER and LandSAT LST data was 
collected covering the summer months during a period of 10 years ( 2000 – 2009 ) for the cities 
of Madrid, Athens, Lisbon, Bari, Brussels, Seville and Tessaloniki with a number of other cities 
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such as Paris and London still planned. It is clear that in order to derive air temperature for such 
a large time window, commonly applied mesoscale meteorological models are too 
computationally intensive. Therefore a new approach has been come up with Indeed, the key 
requirements as defined in the UHI project are a fast execution time enabling the production of 
historic air temperature datasets as well as capturing the essential physics which govern the 
urban heat island effect, whilst making use of thermal remote sensing data. In the next section 
we will lay out the building blocks and comment on the choices made and parameterizations 
used in the model. After this we will discuss the first results for the application of the model over 
the cities of Lisbon and Madrid.  

METHODS 

The model we propose consists out of two main parts, namely a flux model which computes the 
sensible heat flux H, and an atmospheric part calculating the effects of advection & vertical 
diffusion due to the large scale meteorological conditions. The flux model consists out of 4 main 
components, being the surface energy balance, a simple prognostic model for the surface and 
deep soil temperature and the objective hysteresis (OHM) model (Grimmond and Oke, 2002), 
which expresses the storage heat flux G as a function of the net radiation RN at the surface, 
these 3 components are run in a sequential Monte Carlo data assimilation scheme, which 
integrates the remote sensing LST observations into the model evolution and at the same time 
produces dynamical estimates for the OHM model coefficients a1,2,3 The resulting sensible heat 
fluxes are subsequently used as surface boundary conditions by a simplified atmospheric heat 
dispersion model. Figure Error! Main Document Only. shows a conceptual sketch of the air 
temperature model. 
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Figure Error! Main Document Only. : Conceptual sketch of the air temperature model, 
developed in the Urban Heat Island project.  

The sensible heat flux model 

 

As mentioned, the first part of the model consists of a prognostic set of equations which govern 
the time evolution of a basic 2 layer soil temperature model (Garratt, 1992) : 

 

 (Error! Main Document Only.) 

  (Error! Main Document Only.) 

 

where Ts and Td are respectively the surface and deep-soil temperatures [K], G the soil or 
storage heat flux [W/m2] and P the thermal admittance. This last parameter is effectively the 

ability of the urban substrate to accept or release heat under cyclic forcing, where  and ’ 
represent the diurnal  and yearly frequency of the forcing. One can also see that equation (Error! 
Main Document Only.) consists of 2 terms, a forcing term, which forces the surface and deep 
soil temperature by means of the soil heat flux G and a restoring term, acting upon the 
temperature difference between the deep soil and the surface (Garratt, 1992).  

The thermal admittance has been expressed as a function of land cover class. In this model, we 
adopt a rather course approach and simply use 4 classes representing urban built up area, bare 
soil, vegetation and water bodies. Clearly, a more detailed urban classification scheme would be 
desirable, especially in terms of thermal properties ( e.g. asphalt vs. concrete, white buildings vs. 
dark buildings ), however currently to our best knowledge no readily available dataset exists with 
this level of detail. The urban and water body land cover classes in this approach were derived 
from the CORINE (EEA, 1994) dataset and NDVI/fractional vegetation cover derived in the LST 
algorithm, making it a dynamic property, as the amount of vegetation can change during the 
course of a summer episode. The fraction of bare soil was computed as the residual from unity 
with the sum of the other classes. An example for the land cover fractions in each pixel for the 
Madrid domain on the SEVIRI grid is given below in Figure Error! Main Document Only..  

 



166 

 

 

                                                                                                                                                                                            

 

fUrb

 

 

10 20 30 40 50

10

20

30

40

50

0.2

0.4

0.6

fSoil

 

 

10 20 30 40 50

10

20

30

40

50

0.2

0.4

0.6

0.8

fVeg

 

 

10 20 30 40 50

10

20

30

40

50
0.2

0.4

0.6

0.8

fWater

 

 

10 20 30 40 50

10

20

30

40

50

0.2

0.4

0.6

0.8

 

Figure Error! Main Document Only. : Example of the land cover used in the model domain for 
madrid on the SEVIRI grid. At the top we show the fraction of urban built up land cover and the 
fraction of bare soil. At the bottom the fraction of vegetaion at the beginning of the summer 2008 
period and the fraction of water is shown.  

 

We can clearly see in the Madrid domain the urban agglomeration in the domain centre and the 
vegetated mountainous areas to the north west of the city. South-west of the city, we see high 
levels of bare, dry soil.  

For the thermal admittance of pure urban pixels we have adopted the value of Pu  1500 
J/m2/s1/2/K (Hafner and Kidder, 1998). The value for vegetation Pv can be estimated based on 

value of the force-restore coefficient CV = 2  10-5 J m-2 K-1 of  (Dupont and Mestayer, 2006)  

together with the relation CV = 0.95  Pv (2*)-1/2 (Garratt, 1992), yielding Pv  634 J m-2 s-1/2 K-1. 
The thermal admittance for bare soil depends on the volumetric soil moisture content (Peters-
Lidard, 1998) and is parameterized using the volumetric soil moisture content in the domain 
retrieved from the ECMWF ERA-Interimvii reanalysis dataset. 

The temperature evolution is defined next to the thermal admittance by the storage heat flux G, 
which is the essential quantity in the description of the urban heat island. Urban agglomerations 
show, as mentioned in the introduction an enhanced storage of heat during the course of the day 
yielding a prolonged release of heat after sunset. For modelling this energy flux we make use on 
the one hand of the surface energy balance  

 (Error! Main Document Only.) 

In which  is the surface albedo,  the surface emissivity and S and L respectively the down 
welling long and shortwave radiation at the surface. Both down welling fluxes are obtained 
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through interpolation from the LandSAF DSSF and DSLF data archives 
(http://landsaf.meteo.pt/).  

The second component in the flux calculation is the objective hysteresis model (Grimmond and 
Oke, 2002), which expresses the storage heat flux as a function of the net radiation RN, its 
temporal derivative and a number of coefficients ai which will depend on the 4 different land 
cover classes used.  

  (Error! Main Document Only.) 

Table Error! Main Document Only. below summarizes the OHM parameters we have used for 
the different pure land cover types in the model. These parameters are based upon values found 
in literature (Grimmond and Oke, 2002; Rigo and Parlow, 2007; Roberts et al., 2006) , keeping in 
mind that over cities, the storage heat flux is considerably higher than over natural terrain. Note 
that a broad range of OHM coefficients can be found from various measurements campaigns 
over different urban materials. Hence, a lot of uncertainty surrounds these parameters and the 
applicability of the parameterisation over non-urban terrain can be questioned. However, we will 
demonstrate further that the combination with an LST data assimilation scheme is able to 
consistently model the urban heat island over a long time period.  

 

Table Error! Main Document Only. : Objective Hysteresis parameters used in the model. 
Values are our best estimates based upon a literature study ( references given in text).  

 

Land cover class a1 a2 a3 

Urban 0.70 0.25 -80. 

Vegetation 0.15 0.15 -15. 

Bare soil 0.35 0.30 -40. 

Water bodies 0.50 0.20 -40. 

 

a
1

 

 

10 20 30 40 50

10

20

30

40

50
0.2

0.25

0.3

0.35

0.4

0.45

0.5

0.55

a
2

 

 

10 20 30 40 50

10

20

30

40

50

0.18

0.2

0.22

0.24

0.26

0.28

a
3

 

 

10 20 30 40 50

10

20

30

40

50

-60

-50

-40

-30

-20

 

Figure Error! Main Document Only. : Obtained OHM Parameters for the Madrid domain on the 
SEVIRI grid.  

http://landsaf.meteo.pt/
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The available energy RN – G is the sum of both the latent heat flux (LE) and the sensible heat 
flux (H), which can be computed via (Grimmond and Oke, 2002) :  

  (Error! Main Document Only.) 

and  

  (Error! Main Document Only.) 

where s is the slope of the saturation vapour pressure vs. temperature curve,  the psychometric 

constant and  and  are empirical parameters. The values for  found in literature are 
summarized in Table Error! Main Document Only.. 

Table Error! Main Document Only. :Values for the  parameter for specific urban sites and 
different surface types, after (Grimmond and Oke, 2002) and (Hanna and Chang, 1992). The 
values used in this model are given below the table.* Note that the alpha parameter for bare soil 
is not taken to be constant in the model, but subject to the parameterisation described in the text 
w.r.t. soil moisture content.  

 

 


Surface types   

Dry desert with no rain for months 0.0 – 0.2 

Arid rural area 0.2 - 0.4 

Crops and field, midsummer during periods when rain has not fallen for several days 0.4 - 0.6 

Urban environment, some parks 0.5 - 1.0 

Crops, fields, or forests with sufficient soil moisture 0.8 - 1.2 

Large lake or ocean with land more than 10 km distant 1.2 - 1.4 

Values for specific urban sites 

Tuscon 0.28 

Chicago 0.58-0.71 

Sacramento 0.56 

Vancouver 0.22-0.43 

Miami 0.51 

Los Angeles 0.43-0.57 

Mexico City 0.19 

St. Louis (25% buildings, 59%paved, 15%grass, 1% trees) ~0.5 

Values used in the UHI flux model for the 4 land cover classes    

Bare soil (0.3)* 

Vegetation 0.9 

Water 1.0 
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Urban 0.4 

Note however that the  parameter depends on the soil moisture content. In our model we have 

included this effect in the  parameter for the bare soil land cover class. No adequate 
parameterisation however was found in literature, and therefore we have gauged the soil 
moisture dependence of this parameter by matching the large scale sensible heat flux evolution 
to the ECMWF value for the domain. This was done by minimization of the mean squared 
difference between the ECMWF value and the domain average across an entire summer period. 
We have adopted a parameterisation which shows asymptotic behaviour towards a constant 
value for both high and low levels of soil moisture : 

 

  (Error! Main Document Only.) 

In which x is the ratio /sat of soil moisture to the saturated soil moisture level, for which we 
have used the fixed ECMWF valuevii of 0.472 m3/m3. Figure Error! Main Document Only. shows 
the resulting parameterisation, where we have found a = 0.81, b = 16.12 and c = 0.37 in the 

equation (Error! Main Document Only.) above. These values indeed show a low  for bare soil 
at low levels of soil moisture comparable to urban terrain, whereas high levels of soil moisture 

yield  which tend towards the values for vegetation and pure water bodies. By using this 
gauging procedure we make sure that the model’s large scale features match with ECMWF as 
can be seen from the time evolution of the domain averaged sensible and latent heat fluxes 
during the course of a summer in Figure Error! Main Document Only.. It is clear that towards 
the peak of the summer period the diurnal amplitude of the latent heat flux decreases, whereas 
the sensible heat flux amplitude increases, as the soil becomes dryer and dryer.  
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Figure Error! Main Document Only. : Comparision between the sensible (top) and latent 
(bottom) heat fluxes from the ECMWF ERA Interim data and the average model domain data 
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using the parameterization derived above. Time index 1 corresponds to June 1st 2008, July 1st 
at time index 1441, August 1st at 2929. 

 

0 0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4 0.45 0.5
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

Soil moisture level  [m3/m3]


s
o
il

 

 

 

Figure Error! Main Document Only. : Sensible vs. latent heat flux partition parameter alpha for 
bare soil, parameterisation as a function of soil moisture level. Note that we plot the 
parameterisation versus the soil moisture level itself, not versus it’s fraction w.r.t. the saturated 
soil moisture value of 0.472.  

 

 

Data assimilation scheme  

With proper initialisation one could let the model described above run freely, however after a 
couple of days the evolution of the model surface temperature and LST satellite observations will 
diverge due to the non-perfect OHM parameterisation and the fact that it is quite difficult if not 
impossible to determine correct bulk OHM parameters for each pixel. For this reason, we will 
assimilate thermal remote sensing data into the model, thereby constraining the temporal 
evolution of the surface temperature as well as sequentially estimating the OHM parameters. 
Tests revealed that a sequential Monte Carlo ( or particle filter ) (Doucet et al., 2001) method 
proved to be the most robust against erroneous LST values which slipped through the data 
quality checks. The idea behind this method is that we generate an ensemble of model states ( 
or particles ), which in our case consist out of the net radiation flux RN, the surface and deep soil 
temperatures Ts and Td as well as the OHM parameter a3 in each pixel. Each of the model states 
in the ensemble is propagated through the model equations yielding a set of ‘a priori’ model 
states at the next time index. Should there be a good LST observation available, normalized 
likelihoods can be computed for each model state based upon the difference between the 
modelled surface temperature Ts of the ensemble member, the observed LST value and an 
assigned observational uncertainty. Note that this uncertainty determines the relative weight 
which is given to the observation with respect to the model ensemble members. An accurate 
estimation of the uncertainty on LST retrievals however is a quite difficult task, and at present no 
detailed attempt was made to have a more advanced estimate than simply using a constant 
value of 3 K. This value might seem might seem large, but is in fact quite reasonable for a 
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number of reasons. First an foremost, no correction was made in the LST retrievals for a 
possible directional effect with respect to observation angle due to the urban anisotropy. It is 
known (Lagouarde et al., 2004) that such directional effects can affect LST retrievals by about 4-
5 K. Furthermore, the LST retrieval algorithms used are based upon NDVI and split-window 
techniques, which are typically tuned to natural surfaces. Retrievals made above urban surfaces 
are therefore prone to be more uncertain ! Finally, we can also state that having a slightly 
enlarged observational uncertainty makes the model more robust against ensemble collapses, in 
which a single ensemble member would receive maximal likelihood as a result of large 
background or ‘a priori’ departures.  

Once we have constructed the likelihood weights for each of the ensemble member states,  a 
systematic importance sampling routine selects those particles having the highest likelihoods to 
be carried over to what is called the ‘a posteriori’ ensemble, which will reflect better the observed 
LST value. This process is inherently random as well, i.e. a single particle can be carried over to 
the a posterior ensemble multiple times when having a large likelihood. Model uncertainty is 
represented in the data assimilation scheme by the addition of Gaussian noise to the a posteriori 
sample. Adding the a3 OHM parameter to the model state ( even though it does not have 
dynamic equations ), will result in a sequential best estimation of the parameter, given the 
observed LST and model equations due to the random walk and the importance sampling. Note 
that we have chosen to augment our model state with the a3 parameter, which is essentially an 
additive correction to the storage heat flux, as this was found to yield the best results. The 
addition of all 3 OHM parameters would underdetermine the estimation problem as we only have 
the observed LST to rely upon.  

The effect of the particle filtering is clearly visible in Figure Error! Main Document Only. below, 
where we see a time series for a single pixel in the Madrid domain for the beginning of July 
2008. At times of an LST acquisition we clearly see the ensemble standard deviation being 
reduced, and increasing in between acquisitions. The model evolution is drawn to the 
observations as can be seen from the top graph.  
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Figure Error! Main Document Only. : Time series for a single pixel in the Madrid domain for a 
period of 10 days beginning of July 2008. We show in the top graph the model surface 
temperature Ts in the bleu solid line, the ensemble standard deviation is indicated by the green 
striped line and the LST satellite observations are given by the red dots. In the bottom graph we 
show the ensemble standard deviation by itself.  
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For a in-depth description of the LST retrieval algorithms used in order to generate the LST 
dataset for different sensors within the UHI project, we refer to the project’s technical description 
(Ceriola et al., 2010).  

 

Atmospheric heat dispersion model   

The model components described so far essentially compute the sensible heat flux over urban 
terrain. These fluxes are now used as the lower boundary condition in a simple atmospheric 
dispersion model which calculates hourly maps of 2-m air temperature. The model is governed 
by the following equation : 

  (Error! Main Document Only.) 

in which  is the potential temperature and u, v the large scale horizontal wind speed 
components. On the right hand side the first term represents the vertical temperature diffusion, 

with K the diffusivity. It is exactly in this term that the sensible heat flux enters as lower 
boundary condition. The turbulent diffusion is numerically solved using the Crank-Nicholson 
scheme and the for the advection part we applied the van Leer scheme. The boundary 
conditions for the atmospheric dispersion model represent the large scale meteorology and are 
given by the ECMWF ERA – Interim data.  

Next to the sensible heat flux which is purely due to the radiative forcing, the thermal properties 
of the urban substrate and the available moisture level, the atmospheric model also takes into 
account a parameterization for anthropogenic heat flux. This parameterization is based upon a 
CO2 flux method (Demuzere et al., 2008) which was developed for the city of Marseille and a 
rescaling for other European cities based upon DMSP-OLS radiance calibrated nighttime lights 
datavii. 

 

The modeling approach we have described here is extremely fast, where a 200 ensemble 
member run takes on the order of 30 hours to complete on a typical 100 x 100 grid for a full 
summer period of 30 months. The atmospheric model takes on the order of minutes to process a 
domain for an entire summer. The model we have introduced here combines therefore simplicity 
and fast execution with an accurate, physical description of the urban heat island effect. The use 
of ECMWF forcings at the atmospheric model boundary and the gauging of the large scale 
sensible heat flux to the ECMWF value assures the accuracy in the air temperature retrievals.  

 

RESULTS 

In the urban heat island project, several data products were defined, the two applicable ones for 
this modelling approach being air temperature at a low resolution of 4-6 km, based upon LST 
retrievals from the SEVIRI sensor and air temperature at moderate resolution of 1 km based 
upon an archive of retrievals from the MODIS, AVHRR and (A)ATSR instruments. The 
underlying reason for the applicability of the model is connected to the temporal resolution of the 
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available satellite acquisitions. Given the prognostic nature of the model, the temporal resolution 
of the SEVIRI instrument is ideal, with acquisition attempts made every 15 minutes, which is 
particularly important for the data assimilation scheme. However, the spatial resolution of 4-6 km 
is quite insufficient to resolve the scales that urban planners and mitigation experts are 
interested in. A resolution of 1 km might be considered as the current optimal for the available 
satellite imagery, both in terms of temporal and spatial resolution. As data from multiple sensors 
is combined into a single LST product within the UHI project, we have several LST retrievals 
available a day, causing the data assimilation scheme to let the model drift not too far from the 
observations and thereby avoiding filter collapse. Also at a spatial scale of 1 km, large cities 
such as Madrid, Athens, Paris and London get resolved quite well. For detailed urban planning 
higher resolutions up to ~250 m or even 100 m would nevertheless be desirable, as frequent 
satellite observations are currently still lacking at those resolutions. Below we will report results 
of the model deployment over the Madrid and Lisbon areas.  

In Figure Error! Main Document Only. below we have displayed the modelling domains, which 
are both roughly 110 x 120 km in size centred around the cities.  

 

           

 

Figure Error! Main Document Only. : Model domains at 1 km for the Lisbon (left) and Madrid 
(right) areas. The pins show the location of a number of validation points for which we were able 
to obtain in-situ temperature data. (See further). 

 

Figure Error! Main Document Only. shows the daily model result for Madrid for a period from 
May – July in 2008 at 22:00 local time. The urban heat island effect is most pronounced around 
this time. And indeed we see for a number of days an increased temperature above the city 
centre of Madrid, which is made more clear if we look at Figure Error! Main Document Only. 
where we have plotted the difference between each pixel and the domain average. At specific 



174 

 

 

                                                                                                                                                                                            

 

days we see a clear temperature enhancement above the city which can go up to 6 K. The days 
for which the effect is most pronounced correspond to days with lower wind speeds, indicating 
the importance of meteorology.   

 

Figure Error! Main Document Only. : Time series of daily 2-m air temperature images at 22:00 
local time over Madrid on a 1 km resolution grid. 
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Figure Error! Main Document Only. : UHI intensity, represented by the temperature difference 
between each pixel and the domain average. Again, we show the field at 22:00 each day for a 
period from May - July 2008 over Madrid. 

Not only is the model able to reproduce the meteorological impacts on the UHI effect, also the 
fact that some cities tend to exhibit a small morning-time urban ‘cool island’ effect is well 
reproduced as can be seen from Figure Error! Main Document Only., where we display again 
daily snapshots for the same summer period over Madrid (May-July 2008), however this time at 
11:00 in the morning. We can observe a small negative temperature effect in the city centre, 
which is also visible in a graph of the hourly average temperatures over the course of a day 
during the entire summer period (a ‘mean day’ if you will), which is shown in Figure Error! Main 
Document Only.. This effect is consistent with observations in Barcelona, where (Moreno-garcia, 
1993) have measured a daytime cool island of 0.2 K.  
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Figure Error! Main Document Only. : Mean day during the 2008 summer period, showing the 
average temporal evolution  of the UHI effect over Madrid. 

 

Figure Error! Main Document Only. : Snapshots for the 1 km product over Madrid at 11:00 in the 
morning local time. The time period for these images is the same as in Figure Error! Main 
Document Only., and again we plot the pixel value minus the domain average.  
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Finally we show in Figure Error! Main Document Only. the time averaged air temperature maps 
for Lisbon and Madrid for the 2008 summer period (May-July). Where we clearly see an on 
average increased air temperature above the city centre.  

 

Figure Error! Main Document Only. : Computed time averaged 2m air temperature  during the 
course of the summer of 2008 for the cities of Madrid and Lisbon ( 1 km spatial resolution ). Note 
that these images are true means, running over all hours of the day and not only when the UHI 
effect is most pronounced. 

 

Due to the lack of public availability of good quality meteorological data, especially in urban 
environments, a proper validation is not a trivial task. Also the problem of representativity has to 
be kept in mind. Therefore direct validations of in-situ measurements against 1x1 km pixels are 
only partly indicative of the quality of a model. Here we will report on a first validation attempt we 
have performed using data coming from the Lisbon and Madrid airports. Admittedly, the location 
of airport measurement stations can’t be considered to be fully urban. However, for Lisbon, the 
Cago Coutinho airport is fairly close to the built up city centre, which is somewhat less the case 
for Madrid – Barajas Airport. Unfortunately, at the time of writing, we were not able to locate any 
suitable data to validate the urban – rural air temperatures. ( see further ). The two validation 
plots are shown in Figure Error! Main Document Only., with a number of statistical indicators in 
Table Error! Main Document Only.. 
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Figure Error! Main Document Only. : Validation time series for the Lisbon Cago Couthnho airport 
station ( top ) and the Madrid Barajas Airport station ( bottom ). The full line shows the model 
result for the 2m air temperature in the 1x1 km pixel in which the station is located , whereas the 
symbols show the in-situ measurements ( source: WMO). Data is shown for June 2008.  

 

 

Table Error! Main Document Only. : Statistical indicators for validation graphs in Figure Error! 
Main Document Only., showing the model bias, the mean absolute difference between model 
and observation and the Pearson correlation coefficient.  
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The statistical indicators for the two selected stations are encouraging. Again, however it must 
be said that in detailed validation of this approach is work in progress. Use will be made here of 
the 2009 THERMOPOLIS dedicated measurement campaign in Athens. A large number of 
urban sites were equipped here with air temperature probes and some flux measurements were 
performed as well. At the time of writing the resulting data is being analysed and compared to 
modelled results.  

CONCLUSIONS 

In this contribution we reported on a novel approach in deriving air temperature from satellite 
observed land surface temperature using data assimilation of satellite retrieved land surface 
temperature. The key characteristics of the approach is the fact that it combines the essential 
physics which govern the urban heat island effect without having to run a full meso or micro 
scale meteorological model. The modest CPU requirements for the model allow us to process 
accurate historic time series of air temperature fields over urban domains. An important caveat 
however is the availability of thermal infrared satellite imagery, thus the need for combining LST 
retrievals from different platforms at a spatial resolution of 1 km. A qualitative validation has 
shown that the model is well able to reproduce both the temporal and spatial characteristics of 
the urban heat island phenomenon and an initial quantitative validation results show good 
agreement with measured in –situ data at two airport locations. Further quantitative validation of 
the model results is ongoing, where use will be made from dedicated urban measurement 
campaigns such as the DESIREX 2008 campaign over Madrid and the THERMOPOLIS 2009 
campaign over the city of Athens.  
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ABSTRACT 

Impervious surface distribution impacts volume, intensity and contamination of runoff generated 
by rainfall events in catchments. The impact is significant in urbanized areas, where land-use 
classes with a high degree of imperviousness are dominating. This study aims to show how the 
method of estimation of impervious surface distribution impacts the results of the distributed 
hydrological WetSpa model. The study area is an urbanized catchment of the Biala River, 
situated in the northeastern part of Poland. Three modeling scenarios of impervious surfaces 
proportions distributions were considered of which two were based on hard classification of an 
Ikonos scene and a sub-pixel classification of a Landsat 5 TM scene. The third scenario uses a 
default modeling approach in which imperviousness is assigned uniform per land-use class. The 
scenario for quantifying impervious surfaces for estimation of WetSpa input parameters and 
which best performed for the hydrological modeling, was the sub-pixel approach, which showed 
a Nash-Sutcliffe efficiency (NS) of 0.74. A similar result was obtained for the hard-classification 
approach (NS = 0.72), moreover this approach performed best in the estimation of peak 
discharges. The default modeling approach resulted in the lowest simulation efficiency (NS = 
0.51). 

INTRODUCTION 

Watershed managers and decision makers should apply the modern concept of integrated water 
management, which forces them to take many aspects of the land and water system into 
account (vii). Useful tools for integrated water management are hydrological models, which are 
able to predict changes to many aspects of water quality and quantity caused by a change in a 
condition in the catchment. Models usually have elaborate concepts and structures, as their 
purpose is to explain processes in a complex environment. Because of that, they have to be fed 
with various data about an area of interest.  
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Important potential data sources for the hydrological models are remote sensing and GIS. The 
ability of hydrological models to benefit from these vary from case to case and is usually limited. 
In this case parameters used in physically based distributed models like SWAT (vii) or 
TOPMODEL (vii) lose their physical meaning. As a result application of such models e.g. in land-
use change scenarios is limited. The situation may be improved if models are adapted to profit 
from the remote sensing potential. An example of such a model is the WetSpa model (vii), which 
by means of GIS pre-processing is able to use parameters which are based on distributed 
remote sensing data.  

One of the important inputs used in hydrological models is the degree of imperviousness, also 
referred to as percentage of impervious or sealed area in the catchment. Impervious areas are 
strongly influencing runoff coefficients in a catchment, and also are indicators of quality of water 
and its ecosystem (vii, vii, vii). Recently it was shown that the spatial distribution of impervious 
surfaces with a high degree correspond to poor water quality in a river reach (vii).Moreover, 
continuous impervious surfaces increase surface runoff, by decreasing interflow and baseflow; 
they also promote transport of pollutants towards surface waters. These problems become more 
and more important due to the increasing urbanization and urban sprawl (vii). 

This latter issue makes information about the distribution of imperious areas crucial for 
integrated water management in urbanized catchments. An example of such a catchment is the 
Biala River catchment, which is predominated by the city of Bialystok, NE Poland. Recently, a 
hydrological study was made for the catchment (vii). Results show that the water quality is very 
poor and some of the hydro-technical infrastructure along the river may be endangered during 
extreme storm events. Certainly, one of the reasons is the presence of continuous impervious 
surfaces in the catchment.  

Various remote sensing techniques exist for impervious surfaces mapping: from applications of 
hard classification, through linear mixture analysis, to non-linear un-mixing (neural networks, 
fuzzy classifiers) and other spectral and spatial models like fractal geometry (vii, vii, vii). They 
employ high and medium resolution multispectral imagery as well as hyperspectral data. Hence, 
it is of interest to test which data source and method of estimation is most effective (and cost-
effective) for hydrological modeling purposes. Also it is interesting whether use of remote 
sensing data is necessary, or the default approach based on impervious cover assignment by 
land-use class is sufficient. Some conclusions concerning these issues are made by Chormanski 
et al. (vii), however due to lack of observational data the results have to be tested for other areas 
as well. 

STUDY AREA AND MATERIALS 

The study area is the Biala River catchment situated in the NE Poland (Figure 1) on the 
Podlaska Lowland; its area comprises 105.9 km2. The predominating land-use is urban (46%), 
which mostly occurs in the Bialystok City (53°07'N, 23°10'E) area, the second biggest land-use 
is agriculture (39%), a minor part is covered by forests (13%), and water (2%). The climate is 
continental, based on data from  1973 – 1982 and 1986 – 2008 the mean annual precipitation is 
588 mm (Error! Bookmark not defined.). The mean annual air temperature (1961 – 1995) is 
6.8º C with a maximum in July (mean: 17.3º C) and a minimum in January (mean: -4.3º C) (vii). 
The Biala River has a total length of 31.6 km (28.1 km in the study area). It has three small 
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tributaries with a total length of 15.6 km. Storm sewers within the study area have a length of 
231 km, its catchment comprises 45 km2. Due to the high urbanization and sewer system 
presence, discharge at the catchment outlet increases rapidly after rainfall and rapidly decreases 
when rainfall is ceases; after a long period without rainfall the river becomes nearly dry. Based 
on discharge data from the period 1964-1990 (vii), the highest recorded discharge at the 
catchment outlet is 21.50 m3/s and the lowest is 0.05 m3/s, the mean discharge is 1.20 m3/s. 

 

Figure Error! Main Document Only.. Study area overlain on a Landsat 5 TM true color 
composite image  

 

Remote sensing data 

The experiment employed medium and high resolution satellite imagery acquired by Landsat 5 
TM and Ikonos sensors. The Ikonos dataset was delivered as two separate scenes. Each scene 
consisted of 4 pan-sharpened, multi-spectral bands (Blue, Green, Red and Near Infrared – NIR) 
with a geometric resolution of 1 m, registered in the local coordinate system PUWG 1992. The 
first scene, acquired on August 16th 2007, covers the eastern and central part of the Bialystok 
city. The western part of the city was covered by the second scene, which was acquired 6 days 
later. This scene has a cloud coverage of 3%. In total, both scenes cover 79% of the study area.  

The TM dataset (path 187, row 23, Level 1T) was acquired on the same day, August 16th 2007, 
as the major part of the Ikonos dataset. A subset was extracted from the TM dataset with the 
same extent as the study area. This subset was co-registered to the Ikonos dataset by a first-
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degree polynomial transformation (RMS error: 10.50 m) with a bilinear algorithm while keeping 
the geometric resolution unchanged (30 m). Exoatmospheric reflectance was calculated based 
on the Landsat Technical Notes algorithm (vii). 

Hydrometeorological data 

Time series of air temperature and precipitation with 6 h time interval were obtained from NOAA 
National Data Center for the land surface station Bialystok. Potential evapotranspiration (PET) 
was calculated with the Pennman Monteinth equation (vii). Other meteorological variables of the 
equation were recorded in Nowy Lipsk situated 80 km north to the study area. Discharge time 
series were obtained from a stage-discharge relation and time series of surface water level. The 
relation (3rd degree polynomial function) was established based on hypothetical discharge data. 
Discharge values were estimated by calculation of velocity from the Manning equation in the 
cross-section (Error! Bookmark not defined.). Time series of water level were recorded by an 
automatic data logger. 

METHODS 

In this study remote sensing techniques were used to map proportions of main land cover types 
(i.e. impervious, vegetation, bare soil, water) in 30 m grid cells. Two approaches were followed: 
land-cover mapping of mixed high (Ikonos) and medium (TM) resolution imagery; sub-pixel 
classification of medium resolution imagery. Maps of land-cover type proportions from the both 
approaches were transformed into two maps of runoff coefficients, which were used as 
distributed parameters in the WetSpa model. Additionally, a map of uniformly distributed runoff 
coefficients was created based on the CLC (Corine Land Cover) (vii) land-use classes. It was 
used to compare the two distributed approaches with the semi-distributed. A flow chart of the 
methods is presented in Figure 2. 
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Figure Error! Main Document Only.. Flow chart of methods used in the paper. CLC – Corine 
Land Cover Map, HM Data – Hydrometeorological data. 

 

Land-cover mapping 

A land cover map of the study area was made by means of hard classification and post-
classification techniques of satellite images. Both Ikonos and TM datasets were processed. 
However, Ikonos was considered as a main data source, because it covered most of the study 
area (79%), with the most important part – the city. The TM dataset was used only in areas not 
covered by Ikonos. 

The Ikonos dataset was classified with the Maximum Likelihood classifier. Except of the 4 
multispectral bands, additional bands were calculated to be used in the classifier. The final set of 
14 input bands included: original bands (Blue, Green, Red, NIR), PC1, PC2, NDVI, band ratios 
(NIR/Blue, NIR/Green, Red/Blue, PC1/PC2, PC1/NIR, PC1/Blue, PC2/Red). 

The shadow class was removed by repeated Maximum Likelihood classification of shadow 
regions. Post-classification techniques were also applied to remove structural clutter. First, small 
clutter was removed by a majority filter applied on a mask with patches (separate, classified 
regions belonging to one class) smaller than 3 pixel. Second, a method proposed by Van de 
Voorde et al. (vii) was used to relabel cluttered patches to a proper class based on a context of 
adjacent patches.  
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TM dataset was also classified with the Maximum Likelihood method. Optimal bands selected for 
classification were original bands (Blue, Green, Red, NIR, SWIR1, SWIR2) and NDVI; the 
thermal band was excluded from the analysis. 

Evaluation of each step of the classification process was made with the overall accuracy score. 

 

Land-cover types proportions in a pixel 

The first source of land-cover type proportions in a pixel was the land-cover map. The land-cover 
map was split into 4 masks of major land-cover types: impervious, vegetation, bare soil and 
water. Each mask was spatially aggregated from 1 m to 30 m resolution, as a result 4 maps with 
land-cover types proportions per pixel were obtained. 

 

Sub-pixel classification 

The second source of land-cover types proportions per pixel was the TM dataset. In order to 
extract this information, use was made of a sub-pixel classifier developed in the R (vii) statistical 
software. The model consisted of four sub-models, one for each major land cover-type. The sub-
models were GLM (vii) (Generalized Linear Models) logistic regression type of models; they 
explain the relation between the TM Digital Numbers and proportions of area covered by a land-
cover type derived from the Ikonos high resolution imagery. This method was originally 
presented by Schwarz and Zimmermann (vii) and evaluated by Mathys et al. (vii). In order to 
remove the shadow component from the feature space and unify spectral signatures of pure 
land-cover-types, the method of spectral normalization proposed by Wu (vii) was used. Further, 
the set of explanatory variables was expanded by transforming normalized reflectances to 
Principal Components, all possible bands ratios and NDVI. The sample of response and 
explanatory variables were divided in two subsets, one for training and one for validation, each 
contained 9954 samples or 3.9% of the TM scene. Different sets of the explanatory variables 
were chosen for each sub-model by means of the stepwise model selection functionality of the R 
software. 

Sub-models were unconstrained, causing the sum of the four predicted proportions in a pixel not 
to be equal to 1. To avoid this problem, predictions of the sub-models were normalized, each 
pixel was divided by sum of corresponding proportions in the four maps.  

Validation of the sub-models was made by a Mean Error (METj) and a Mean Absolute Error 
(MAETj): 
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where: Tj is land-cover type j, Pij is proportion of land-cover type in a validation pixel i (ground 
truth obtained from land-cover mapping), P’ij is proportion predicted by a sub-pixel classifier in a 
pixel i and N is total number of pixels in the validation sub-sample. 

 

 

Hydrological modeling 

Simulation of hydrological processes in the catchment was made with the WetSpa hydrological 
model. Detailed description of the model and case studies for flood prediction may be found in 
Wang et al. (vii), De Smedt et al. (vii),  Liu et al. (Error! Bookmark not defined.) and in the 
User Manual (vii). WetSpa uses a rectangular grid in which in each grid cell vertical exchange of 
water is considered as precipitation, evapotranspiration, interception, depression storage, 
infiltration and groundwater storage. The model uses the Hortonian overland flow concept, which 
means that the whole catchment takes part in runoff generation and a main source of storm 
runoff is surface runoff. This concept is assumed to realistically reflect conditions in urban areas, 
where due to presence of impervious surfaces water has limited capacity to infiltrate.  

The part of precipitation that cannot infiltrate is determined by distributed runoff coefficients. To 
have a proper estimation of these runoff coefficients, additionally to the default WetSpa runoff 
coefficient estimation, a new procedure for estimation is proposed. Runoff coefficients are 
calculated as in Eq. 3 and Eq. 4. First, two maps of runoff coefficients for near-zero slope C0s [-] 
are calculated based on proportions of major land-cover types derived from land-cover mapping 
or sub-pixel classification: 
 C0s = Pimp s + Pwater s  + 0.16Pvege s + 0.33Pbare s (3) 

where Pimp s [-] is impervious proportion, Pvege s [-] is vegetation proportion, Pbare s [-] is bare soil 
proportion, and Pwater s [-] is water proportion in a grid cell, obtained from a technique s (land-
cover mapping or sub-pixel classification). Constant values in the Eq. 3 are default runoff 
coefficients for grass (0.16) and bare soil (0.33) at near-zero slope. Next, two runoff coefficients 
maps Cs [-] were calculated by taking into the account slope S [%] and a soil type dependent 
slope constant S0 [%]: 

 0

00 )1(
SS
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CCC sss


  (4) 

For comparison with the two distributed maps with runoff coefficients also a map with default 
approach was used in which semi-distributed impervious proportions were derived from the 
Ikonos dataset per CLC class. Result of the averaging was recalculated to C0s with an 
assumption that the remaining part of the pixel is grass. Finally, Eq. 4 was used to recalculate 
C0s to a map of runoff coefficients Cs.  

The temporal resolution was set to 6 h, the same as the resolution of precipitation time series. 
The size of the model grid cell was selected to be 30m, the same as geometric resolution of the 
TM dataset. Global parameters of the model were calibrated for the period from 10-05-2009 to 
31-05-2009 and validated from 01-06-2009 to 22-06-2009. For calibration the map of 
homogenously distributed runoff coefficients per CLC class was used. Global parameters 
obtained from the calibration were used in all simulation scenarios. Validation of the model was 
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made with systematic error (SE [m3/s]), mean absolute error (MAE [m3/s]) and Nash-Sutcliffe 
efficiency (NS [-]): 
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where Qi’ is the simulated, Qi is observed and Q  is mean observed discharge [m3/s], N is total 

number of time intervals i. 

 

Three simulation scenarios 

In total three maps of runoff coefficients were created. The first one is obtained from the land-
cover types proportions of the mixed high and medium resolution land cover mapping. The 
second is derived from land-cover type proportions of the sub-pixel classification of the medium 
resolution imagery. The third one has a homogenous distribution of imperious proportions per 
polygon of the vector land-use map. All three maps were used in the WetSpa model and 
evaluated with respect to their effect on the produced river discharge. 

RESULTS AND DISCUSSION 

Land-cover mapping 

Independent validation of Maximum Likelihood classification of the Ikonos dataset resulted in an 
accuracy of 91%. This high score was partially due to the absence of the water class, which was 
included in the shadow. The shadow removal process, based on repeated classification of the 
shadow regions, decreased the accuracy to 83%. This process introduced uncertainty to the 
map by additional clutter patches. Firstly, a correction was performed with a majority filter 
applied on a mask with patches less than 3 pixels. This removed a “salt and paper” structure, 
and slightly increased the accuracy to 84%. In the second method of clutter removal, proposed 
by Van de Voorde et al. (Error! Bookmark not defined.), knowledge-based rules in 42 steps 
were applied. Those rules allowed to relabel wrongly classified patches to a correct class, based 
on a context of adjacent patches. Corrections were aimed to remove commissions of grey and 
red surfaces to bare soil and decrease confusion in vegetation classes. In total this method 
increased the accuracy to 87%.  
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Classification of the TM dataset resulted in an accuracy of 97%; most of the confusions were 
between bare soil and grey surfaces.  

 

Sub-pixel classification 

Explanatory variables selected by the stepwise model selection of the GLM sub-models are 
summarized in Table Error! Main Document Only.. General validation of the four sub-models is 
presented in  

 

Table Error! Main Document Only.. METj, which represents the sub-models bias in all cases, 
was lower than 1%. MAETj, which represents magnitude of error, had the highest value for 
vegetation, slightly better predictions were obtained for bare soil and impervious cover, water 
was nearly perfectly predicted.  

Table Error! Main Document Only.. Explanatory variables used in the GLM sub-models of four 
major land-cover types after stepwise model selection. + was used, - was not used. 1 to 7 - TM 
bands, PC – Principal Component. Other variables described in the text, but not selected in any 
sub-model are neglected. 

Explanatory 
variable 

GLM sub-models 

Impervious Vegetation Bare soil Water 

1 - + + + 

2 - - + + 

3 + + - - 

4 + + + + 

5 + - + + 

7 - + + + 

3/1 - + + + 

4/1 + + + + 

4/5 + + + - 

5/3 + + + + 

7/1 + - + + 

7/2 + + + + 

7/5 + + + + 

PC1/7 + + + + 

PC2/2 - + + + 

PC3/4 + + + + 

PC3/7 + + + + 

PC1/PC2 + + - - 

PC1/PC3 + - - - 

PC2/PC3 + - - - 
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Table Error! Main Document Only.. Evaluation of the sub-pixel classifier.  Mean Error (METj) 
and Mean Absolute Error (MAETj) for GLM sub-models of four major land-cover types. In 
reference to ground truth obtained from Ikonos land-cover mapping. 

 Impervious Vegetation Bare soil Water 

METj -0.001 -0.001 0.003 0.000 

MAETj 0.060 0.079 0.065 0.002 

 

Comparison of maps with impervious surfaces proportions derived from land-cover 
mapping and sub-pixel classification 

In general, the impervious surfaces map obtained from the sub-pixel classification had a 
smoother texture and showed less structural details (Figure Error! Main Document Only.) than 
the impervious map from land-cover mapping. However, proportions had a similar pattern in the 
most urbanized part of the city, where imperviousness is near 100%. In the suburbs and 
residential areas, where impervious areas are mixed with other land-cover types the pattern was 
different (Figure Error! Main Document Only., Figure Error! Main Document Only.). Moreover, 
in Figure Error! Main Document Only., big homogenous regions can be distinguished where 
the sub-pixel classification underestimated the proportions. These were objects made of 
materials, which are non-characteristic for the study area. This may be explained by a too low 
ground truth sample to distinguish these particular materials. Furthermore, the sub-pixel 
classifier underestimated roads outside the city area. This is problematic for hydrological 
models, because such long impervious features have the ability to route surface water for a long 
distance. In general, the sub-pixel classifier underestimated by 13% the impervious surfaces in 
the urban area and overestimated by 0.4% in remaining part of the study area, in comparison to 
the land-cover mapping. The problem of impervious surfaces underestimation in urban areas 
and overestimation outside urban land-use by sub-pixel classifiers, is also noted by Wu (Error! 
Bookmark not defined.) and Wu and Muray (Error! Bookmark not defined.). Usually, it is 
explained as due to the similarity of spectral signatures of some impervious surfaces and bare 
soil, what in this case study is very important due to presence of bare soil in the Bialystok city. 
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Figure Error! Main Document Only.. Maps of impervious surfaces proportions in a 30m pixel 
derived by aggregation of 1m land cover map (left) and sub-pixel classification of 30m image 
(right) in an overlapping fragment of the study area. Values are linearly stretched between: white 
- 100% impervious cover and black - 0% impervious cover. 



194 

 

 

                                                                                                                                                                                            

 

 

Figure Error! Main Document Only.. Bias of sub-pixel classification of impervious surfaces. 
The result of the sub-pixel classifier was subtracted from result of the land-cover mapping 
(ground truth), in both cases proportions were dimensionless in range 0:1. Blue – 
overestimation; yellow – no bias; red – underestimation 

 

Hydrological modeling 

Calibration and evaluation scores for all three scenarios are presented in  

 

 

Table Error! Main Document Only.. It is clearly visible from the scores of NS that most of the 
variance in the observation data is only explained by the distributed Scenarios 2 and 3; in 
Scenario 1 the NS score is hardly acceptable. Hydrographs of predicted and observed 
discharges are presented in Figure Error! Main Document Only.. 
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Table Error! Main Document Only.. Calibration and evaluation of the hydrological WetSpa 
model. Scenario 1 – homogenous distribution of impervious surfaces; Scenario 2 –  sub-pixel 
classification of TM; Scenario 3 –  land-cover mapping of mixed Ikonos and TM scenes. 

 Calibration Evaluation 

 Scenario 1 Scenario 1 Scenario 2 Scenario 3 

NS [-] 0.54 0.51 0.74 0.72 

MAE [m3/s] 0.16 0.35 0.21 0.22 

SE [m3/s] -0.04 -0.08 0.00 0.03 

 

Figure Error! Main Document Only.. Observed and simulated discharge by the WetSpa model 
for the three scenarios of distribution of runoff coefficients: Scenario 1 - homogenous distribution 
of impervious surfaces; Scenario 2 - sub-pixel classification of TM; Scenario 3 - land-cover 
mapping of mixed Ikonos and TM scenes.  Precipitation (P) – blue bars. 

Scenario 1 

In this scenario the use was of the runoff coefficients map calculated from average impervious 
area in CLC classes was tested. This reflects a standard modeling approach, where information 
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about runoff coefficients is obtained from a land use map. In this case, the variability of runoff 
coefficients is limited to  the general polygons of different land-use classes. 

Peak discharges were mostly underestimated, flattened on the top and delayed in reference to 
the observational data. Moreover, the falling limb showed a higher overestimation than in the 
distributed Scenarios 2 and 3 (Figure Error! Main Document Only.). 

 

Scenario 2 

In this scenario the impact of the runoff coefficients maps derived from sub-pixel classification of 
the TM dataset was tested. In this approach impervious surface proportions were fully distributed 
and had a high variability. As mentioned in Section 4.3., impervious surfaces proportions were 
biased and their texture was smoother in reference to data obtained from land cover mapping. 
This directly influenced the values of the runoff coefficients mainly by underestimation in features 
like roads and single family houses. Such underestimation breaks hydraulic continuity and 
influences the model prediction.  

Inaccurate mapping of impervious surfaces resulted in underestimation of peak discharges. The 
timing of the peaks was correct, but the falling limb was still overestimated (Figure Error! Main 
Document Only.). NS score for this scenario was higher than in Scenario 3, despite the 
underestimation of the high peaks, while the remaining periods were comparable. Possibly, 
optimization of other parameters of the model may improve the remaining overall evaluation 
scores and hydrograph behavior. However, this may cause loss of physical meaning of the 
parameters. 

 

Scenario 3 

In this scenario the runoff coefficients maps derived from land-cover mapping with Ikonos (in 
urban area) and TM datasets was tested. Similar as in scenario 2 impervious surfaces 
proportions were fully distributed and had a high variability.  

Accurate estimation of distributed impervious surface proportions resulted in a good estimation 
of the magnitude of the peak discharges. The timing was correct, but the overestimation of the 
falling limb remained (Figure Error! Main Document Only.). This problem is a feature of all 3 
scenarios, it may be explained by a lack of a sewer system module in the WetSpa model. Only 
this scenario gave good estimation of the peak discharges.  

Results may be discussed and compared to the study of Chormanski et al. (Error! Bookmark 
not defined.), who performed a similar experiment on the Woluwe Catchment, Belgium. 
However, in that study no comparison could be made between simulated and observed runoff. 
The general results of both studies are similar: runoff coefficients estimated by land-cover 
mapping with high resolution imagery give higher peak discharges than these estimated by sub-
pixel classification and homogenous distribution. In this paper, due to availability of the 
observational data, it is clear that only the fully distributed approaches (Scenario 2 and 3) are 
useful to explain the variability of complex urban land-use in hydrological models. 
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CONCLUSIONS 

In this research the hydrological WetSpa model was used to test three scenarios of runoff 
coefficients with a different distribution of impervious surfaces proportions in the study area. Two 
of these were based on remote sensing techniques of estimation of major land-cover 
proportions, which were besides impervious surfaces, vegetation, bare soil and water. These 
scenarios gave similar, good prediction for the overall evaluation scores as well as for the 
hydrograph behavior. In this case study Scenario 3 (land-cover mapping of high and medium 
resolution imagery) gave better predictions of peak discharges than Scenario 2 (sub-pixel 
classification of medium resolution imagery), which suffered from breakage of hydraulic 
continuity. This leads to the conclusion that Scenario 3 should be used in high risk or peak 
discharge estimations, where a high level of certainty is needed, while Scenario 2 is a cost-
effective solution for simpler applications.  

The third approach tested in this work (Scenario 1) was a homogenous distribution of runoff 
coefficients, with impervious surfaces proportions estimated by averaging results of land-cover 
mapping in CLC classes. This scenario gives unsatisfactorily results for hydrological modeling in 
the urbanized study area, due to the complexity of urban environments, which is not reflected 
well in the non-distributed approach. Thus in physically based hydrological models land-use 
class averaged imperviousness values is not a proper concept of parameterization for the real 
imperviousness distribution. 
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ABSTRACT 

Thermal infrared (TIR) emissivities of soils with different textures were measured for several soil 
moistures (SM) contents under controlled conditions using the Box method and a high-precision 
multichannel TIR radiometer. In order to model the emissivity dependence on soil water content, 
different approaches were studied according to the a priori soil information. Soil-specific 
relationships were provided for each soil texture and different spectral bands, with standard 
estimation errors in emissivity lower than ±0.014. When considering a general relationship for all 
soil types, standard errors up to ±0.03 were obtained. This study was completed by providing 
emissivity measurements under field conditions without elimination of impurities, local 
heterogeneities or soil cracks appearing in the drying process. Surface emissivity values were 
now determined through a temperature-emissivity separation algorithm. Two bare soil plots were 
selected for this study in the framework of an experiment carried out during March and April 
2010 at the University of Arizona Maricopa Agricultural Center in central Arizona, USA. One of 
the plots was flood irrigated once a week and left to dry. A series of field emissivity 
measurements were collected for different values of soil water content. Field-based emissivities 
were compared to those obtained from laboratory measurements for a sample of the same soil. 
Under field conditions, when wetted soils subsequently dried, the final minimum emissivity was 
significantly greater than the initial minimum emissivity, due to cavity effects produced by soil 
cracks not originally present.  

INTRODUCTION 

Accurate estimate of Land Surface Temperature (LST), a key parameter in long-wave surface 
energy balance models, requires knowledge of the Land Surface Emissivity (LSE). In addition, 
knowledge of the emissivity spectrum is useful to map geologic and land-cover materials based 
on differences in wavelength-dependent spectral features. The influence of soil texture on 
emissivity is well-known from experimental studies (i). However, up to now, few published works 
analyze the soil moisture (SM) effect on thermal emissivities (ii,iii). Mira et al. (iv) recently 
assessed the importance of an accurate determination of the TIR emissivity variation with soil 
water content to permit accurate temperature retrievals. The study showed systematic errors 
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from 0.1 to 2 K due to SM influence on emissivity. The purpose of this work is to analyze the 
emissivity variation with SM for a set of soil samples of different textures at the laboratory, in 
order to obtain a general relationship to define the SM dependence of thermal emissivities of 
soils. However, field measurements may differ from the results obtained in laboratory due to a 
variety of factors that cannot be controlled outdoors. Thus another objective of this study was to 
compare and analyze the TIR emissivity and SM dependence under unaltered field conditions 
with those obtained under controlled laboratory conditions.  

 

METHODS 

Laboratory measurements 

We selected 8 soil samples with a diversity of soil types that complement the previous work by 
Mira et al. [iv]. They included one sample from the 710-km2 White Sands National Monument in 
New Mexico, USA, four soils sampled in the 610-km2 Little Washita River Experimental 
Watershed in south central Oklahoma, USA, and three soils from a rural area in São Paulo, 
Brazil. The samples were taken from the upper 15 cm of the A horizon, designated as the top 
layer and characteristic for being the layer darker in color than deeper layers and the mineral soil 
with most OM accumulation and biological activity. The measurement strategy and the 
configuration details of the container designed to keep the soils and allow water drainage and a 
practical execution of emissivity measurements are given in [iv]. In that study, the gravimetric 
method was chosen for measuring the SM. In the present study we calculated volumetric SM 
measurements using time domain reflectometry. In our experiment, the soil moisture sensor 
Delta-T SM200 was used, which has a calibration uncertainty of ±0.03 m3m-3 for θv 
determinations.  

TIR emissivities of the soils were determined in our laboratory using the two-lid variant of the 
Box method, whose methodology and background were analyzed in detail by Rubio et al. (v,vi). 
The radiance measurements were carried out with the high-precision multi-channel TIR 
radiometer CIMEL Electronique CE 312-1 (vii). It has four spectral channels: one broad, 8.0-13.3 
μm (channel 1) and three narrow channels (channels 2 to 4). The sensitivity analysis for the Box 
method showed that such radiometric errors yield uncertainties in emissivity of about ±0.012, 
and no systematic errors. According to the two-lid variant of the Box method, the emissivity of a 
sample is obtained from a sequence of measurements of radiance in which a bottomless box 
with specular reflective walls is used in four different configurations. Two interchangeable lids 
with different reflectivities were used as tops. One of them (the cold lid) has an emissivity 
εc=0.03, whereas the other (the hot lid) has an emissivity εh=0.98 and its temperature is kept 15-
20 ºC over that of the sample. A thick insulating material covers the outer walls and lids of the 
box to insure the thermal homogeneity of the system. For additional details on the measurement 
technique, the reader is referred to (vi). For each soil sample and SM value, a series of 30 
emissivity measurements in each spectral channel of the radiometer was carried out. 
Afterwards, the average value of the spectral channel emissivity of each soil and SM condition 
was obtained from these series. The sequence of soil saturation and drying was repeated at 
least two times in order to ensure the validity and reproducibility of emissivity measurements as 
well as to obtain intermediate values of emissivity along the SM range. For further details on the 
experimental set up, see (iv). 
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Field measurements 

We selected a field area located at the University of Arizona Maricopa Agricultural Center (MAC) 
(33º04´N, 111º58´W, 361 m MSL) in central Arizona, USA, where 2 plots were maintained as 
bare soil. One of the plots was flood irrigated every two-three days and left to dry, whereas the 
other was kept dry with rain as its only water supply. The structure of the wet soil surface layer 
deteriorated with time, while the dry soil surface layer remained unaltered. This was a 
consequence of the periodic flooding and drying events that caused soil crack development. For 
this reason we focused on the wet plot. The measurements were carried out from the end of 
March to middle of May, 2010. Only cloud-free skies and calm-wind conditions were accepted. A 
total of 13 days were considered. Radiance measurements were taken with a high-precision 
multichannel TIR radiometer CIMEL Electronique CE 312-2 (vii). The instrument has five narrow 
bands and one broadband in the spectral region between 8 and 13 µm. The Temperature 
Emissivity Separation (viii) algorithm was used for recovering surface emissivities from the 
ground-based measurements. Using the CE 312-2, four measurements of the at-surface 
radiance, Li

surf per channel, were made over each location. Eight data sets of Li
surf were 

measured over each site so that multiple emissivity spectra can be retrieved for comparisons. 
Close in time, a series of radiometric measurements of the sky were made to estimate the 
downwelling atmospheric radiance, Li

sky. The TES algorithm was then applied, and spectral 
emissivities were calculated using a simplified expression of the radiative transfer equation (ix), 
for different values of soil water content. The gravimetric method (x) was chosen for measuring 
the SM. Concurrent to the emissivity measurements we took four soil samples from the three 
first centimeters in depth. Their average value, together with their error, was considered as the 
SM measurement. Here, SM is expressed as the ratio of the volume of water present to the dry 
volume of the soil sample. 

RESULTS 

Laboratory measurements 

Figure 1 shows the influence of soil water content on the TIR emissivity of two of the samples. 
The drying process of the samples took from one to four weeks, depending on the soil texture. 
As expected, there is a common increase of TIR emissivities with SM. The increase is clearly 
larger than the standard uncertainty of the measurements, which is about ±0.003. The emissivity 
error is the estimated standard deviation of the set of 30 emissivity measurements taken for 
each sample, SM value and band. Quantitatively, the highest variation of emissivity with soil 
water content is observed in channel 4 (8.3–9.3 μm), followed by variations in channel 1 (8.0–
13.3 μm), and finally channel 2 (11.5–12.4 μm) and channel 3 (10.2–11.3 μm). A large increase 
of emissivity at low water content is observed in all samples, whereas there is almost no change 
in emissivity for moisture levels above the field capacity (FC) of the soils. Hence, the increase of 
soil water content results in a sharp decrease in spectral contrast since water is very strongly 
absorbing in the region of the quartz Reststrahlen bands (i). 
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Figure 1: Soil emissivity measurements for channels 1-4 of the CE 312-1, at various moisture 
contents. Dashed lines represent the fitting regression curves of emissivity against soil water 
content for each channel, according to equation (1): (left) Sample from White Sands, USA. 
(right) Sample from The Albufera, Spain. 

 

In order to quantitatively determine the behaviour of TIR emissivities of bare soils with SM 
variation, several relationships between both parameters were studied. Best results were 
obtained when measurements of each particular soil are fitted to a logarithmic dependence on 
SM following: 

εi = ai + bi θv + ci ln(θv)            (1) 

where θv is the volumetric soil moisture (m3m-3), a, b, and c are the regression coefficients (see 
(xi)), and the subscript i represents the CE 312-1 channel 1, 2, 3 or 4. Figure 1 plots the 
regression curves determined by equation (1). Average values from about 0.83 to 0.92, and from 
±0.003 to ±0.006, are obtained for the determination coefficient (R2) and the standard deviation 
(σ), respectively, considering all samples of a band. For further details see (ix). 

 

Field measurements 

Mean emissivities, along with their standard deviations, from the field measurements are plotted 
versus the volumetric soil moisture in Fig. 2. As expected, there is a common increase of TIR 
emissivities with SM. This increase is larger than the standard uncertainty of the measurements. 
The highest variation of emissivity with SM, reaching 5%, is observed in channels 4 and 5 (8.49 - 
9.34 µm). This is due to the strong absorbing capacity of the water in the region of the quartz 
reststrahlen bands (7.7 and 9.7 µm). The same maximum variation of 5% was obtained in the 
laboratory for a soil sample very similar in composition to the one studied here. However, the 
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variation obtained in our study site is lower than that shown in the laboratory for larger 
wavelengths. Presence of carbonates could explain these discrepancies; unfortunately 
information on soil components was not available at this time.  

Data were grouped in 3 subsets corresponding to different soil deterioration degree, drying time, 
and number of irrigation events (Fig. 3). Soil surface was deteriorating and density of cracks, as 
well as their depth and width, were increasing. It was generally observed that emissivity 
increased with SM, especially when soil cracking was minimal. The cavity effect produced by the 
presence of cracks in the soil tends to increase the TIR emissivity values, especially at lower 
wavelengths (Fig. 2). Similar findings are observed in Fig. 3. This figure shows the emissivity 
spectra of the soil for the different deterioration degrees mentioned before for a particular SM 
value of 0.09 m3 m-3. It is evident that the emissivity spectral contrast increases when the crack 
density is lower. This finding is reinforced by the inclusion of the emissivity spectrum measured 
before the first flooding. In this case, when no cracks were present, emissivity values were 
lowest, especially at lower wavelengths, with the consequent increase of the spectral contrast. 

Modelled emissivity values using equation (1) were superposed to plots in Figures 2 and 3. In 
the present work we tested both Soil-Specific Coefficient (SSC) and General Coefficient (GC) 
relationships. Coefficients corresponding to a specific sample (labelled as LW52 in (xi)) 
measured in the laboratory were considered, given the similarity between their compositions. 
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Figure 2: Soil emissivity measurements for the 6 channels of the CIMEL CE 312-2, at various 
moisture contents, together with modeled emissivity values by Eq. (1) for the 4 channels of the 
CIMEL CE 312-1. 
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Figure 3: Emissivity spectra, from the TES measurements, for different deterioration degree of 
the soil surface. All data correspond to a very similar value of SM content. 

CONCLUSIONS 

TIR emissivities of soils with different textures were measured for a wide range of controlled SM 
contents in order to obtain quantitative relationships between SM and spectral emissivities. As 
reported by previous studies, there is a common increase of emissivity with SM. This increase is 
more apparent in the 8-9 μm range for sandy soils due to either the presence of quartz or 
gypsum, while the 10-12 μm channels show little variation with either soil type or SM. Further, a 
large increase of emissivity is observed at low water contents, while there is almost no change in 
emissivity for moisture levels above the soil field capacity. Hence, the highest emissivity 
variations are observed in sandy soils, especially in the 8-9 μm range, due to the water adhering 
to soil grains and decreasing the reflectance in the 8 to 9 μm region. Two different approaches 
were presented, according to the a priori information about of the soil. When a specific retrieval 
procedure was applied to each soil, the standard estimation error of retrieved emissivities from 
volumetric SM was better than ±0.014 for any channel and soil. When a general retrieval 
procedure was applied, regardless of the soil type, rough estimates of the emissivities were 
retrieved with a standard estimation error from ±0.007 to ±0.03. This study provides the first 
database on SM effects on emissivity. Thus, this work could be used to estimate thermal 
emissivities of moist soils with a wide variety of textures, which has been difficult up to now due 
to the lack of published data. Similar emissivity-SM dependence observed in laboratory 
measurements, and modelled by equation (1), has been shown under real field conditions. The 
increase of emissivity with SM was again more apparent in the 8-9 µm range. The new finding 
was that the influence of SM on TIR emissivity depended also upon the conditions of the soil 
surface. We concluded that the behaviour of the TIR emissivity and SM dependence is 
dramatically influenced by the presence of soil surface cracks, whereas the effect of the increase 
in crack density was much less important. Some discrepancies were shown when comparing the 
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emissivity variations measured and modelled using equation (1). Upcoming soil compositional 
analyses to determine organic matter, carbonates, quartz, and other component concentrations, 
together with the continuous spectral response of the sample measured with a 
spectrophotometer, will provide essential information to help resolve these discrepancies. 
Results from this study are steps forward in our understanding of emissivity-soil moisture 
dependencies and might make possible the retrieval of SM from TIR emissivities. 
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ABSTRACT 
 
With increasing resolution of satellite imagery, object determination, which was a domain of 
aerial images, became possible with space images. The determination of high resolution digital 
surface models (DSM) in urban areas is discussed. With area based matching a good accuracy 
can be reached, but area based matching does not allow a satisfying determination of the 
building shape. Manual stereoscopic measurements are too time-consuming, so there is no 
discussion about the need of an automatic procedure. By pixel based matching with dynamic 
programming (DP) according to Birchfield and Tomasi and semiglobal matching (SGM) 
according to Hirschmüller, the building shape can be extracted automatically. DP has the 
disadvantage of striping, requiring a post processing. With the more time-consuming SGM this 
problem does not exist. DP and SGM are requiring epipolar images, a fast and satisfying method 
for the generation is shown.  

Keywords: satellite imagery, pixel based matching, epipolar images, semiglobal matching 
 

INTRODUCTION 

Digital Surface Models (DSMs) of urban areas are becoming more and more important. The 
shape of buildings of course can be generated by manual stereoscopic plotting, but this is very 
time-consuming. So the building shapes have to be generated automatically. Aerial images may 
not be available or the access is restricted in several countries, in addition very high resolution 
satellite have a resolution overlapping with aerial images, so the use of very high resolution 
satellite images is an alternative. Of course for three-dimensional object determination a stereo 
model is required. The images of the stereo model should come from the same orbit to avoid 
problems caused by changed shadows. IKONOS is a satellite, which can rotate fast enough for 
generating stereo models from the same orbit. This still has been improved with WorldView-1 
and WorldView-2 rotating very fast, but also with GeoEye-1 stereo combinations can be 
generated with 0.5m ground sampling distance (GSD). 
 
The automatic extraction of DSMs in urban areas has been made with some IKONOS stereo 
pairs, having the standard 1m GSD resolution. Traditionally the height information was extracted 
by area based matching. By least squares matching satisfying height accuracy can be reached, 
but the least squares matching has the disadvantage of smoothening objects with sudden height 
changes as it is the case for buildings. The results of the simulation of a height profile 
determination by area based matching can be seen in figure 1. It is based on a view with 17° 
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from left and 17° from right hand side. This corresponds to the common height to base relation 
of 1.6. The template size varies from 10 x 10 pixels over 8 x 8 to 6 x 6 pixels. Obviously with a 
smaller template size the smoothening effect is reduced, but even with 6 x 6 pixels the shape of 
the buildings cannot be determined very well. Operationally a small template size is not leading 
to acceptable results caused by the image noise, so in most cases the least squares matching 
needs a template size of at least 10 x 10 pixels, smoothing the DSM. With a combination of 
eccentric pattern matrixes the fit to buildings can be improved, allowing a correct shape 
determination of large buildings, but not for small buildings, building extensions and buildings 
with not flat roofs. An improvement is possible by feature based matching e.g. with interest 
operators or SIFT, but this does not lead to satisfying details. 
 

 

View direction -17°, 
17° 

Template size 10x10 
pixels,   1m GSD 

 

View direction -17°, 
17° 

Template size 8x8 
pixels 

1m GSD 

 

View direction -17°, 
17° 

Template size 6x6 
pixels 

1m GSD 

Figure 1: simulated height profiles according to area based matching (green = inclined lines = 
generated by area based matching) 

 

Figure 2: problem of corresponding pixels in epipolar line pair including a building – the facades 
are only available in one image, causing occlusions at first in left, later in right image – the 
building top corresponds to a sudden change of the x-parallax against the ground (3 pixels here) 
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Test Data Sets 
Three IKONOS stereo scene combinations have been analyzed in urban areas. The height to 
base relation of 7.5 corresponds to an angle of convergence of just 7.5°, while the values 1.6 
and 1.7 are corresponding to 35° respectively to 32°.  

 

Table 1: technical data of analyzed IKONOS stereo scenes 

Test area Maras Istanbul San Diego 

Acquisition 30.01.200
3 

16.05.2005 
07.02.2000 

Height-base-
relation 

7.5 1.6 
1.7 

Sun elevation 50.8° 65.5° 34.2° 

 

Generation of Epipolar Image Pairs 

The height determination by least squares matching can be made with the original IKONOS Geo 
scenes, allowing parallaxes in x’- and y’-direction. But the both other methods, the pixel based 
matching with dynamic programming and the semiglobal matching require epipolar images – 
images where the object heights are causing changes just in the image x’-direction or in other 
words, lines in both epipolar images with same y-value are corresponding to each other, 
including the same imaged object elements. IKONOS Geo scenes are projections of the satellite 
images to a plane with constant height, oriented in north direction. Such images can be 
transformed into epipolar scenes, just by rotating the images to the base direction. The base 
direction of perspective images is the direction from one projection centre to the other. In the 
case of line scan images as IKONOS we have not one projection centre, we have projection 
centre lines, but for IKONOS the field of view is just 0.9°, so the projection centre corresponding 
to the scene centre can be used. The Hannover satellite orientation program CORIKON 
computes the projection centre lines by means of the nominal collection elevation and azimuth 
together with the satellite orbit, allowing the determination of the base direction related to the 
scene centres of a stereo pair. The IKONOS Geo scenes rotated to the base direction 
(approximately 80°), and shifted in y-direction if the scenes do not have the same size, are with 
satisfying accuracy epipolar images. A comparison of corresponding image points in the epipolar 
images showed root mean square y-parallaxes below 1 pixel. This is satisfying for image 
matching searching corresponding points just in the epipolar line direction. 

 



214 

 

 

                                                                                                                                                                                            

 

Matching Algorithm 

The automatic image matching started with the cross-correlation, finding the corresponding 
image positions in the two images of a stereo pair at the position of maximal correlation 
coefficient of a pattern matrix in a search matrix. This type of image matching with its different 
versions, e.g. vertical line locus, is operational and leads to satisfying results in open and flat 
areas. In inclined locations the size of the sub-matrixes in both images does not cover the same 
size in object space, leading to a degradation of the accuracy. The least squares matching 
(LSM) [Förstner, 1982] avoids this problem by affine transformation of one sub-matrix to the 
other (formula 2). In addition to the geometric fit of the sub-matrixes, a grey value shift and grey 
value drift in x- and y-coordinate direction is adjusted (formula 1). 

 

V(x,y) = g (x, y) – [r0 + r1 * g’ (x’, y’) ] . (1) 

x’ = a0 + a1 * x + a2 * y            y’ = a4 + a5 * x + a6 * y . (2) 

Least squares matching, g= grey value left, g’=grey value right, rn, an = unknowns 

   

  

 

IKONOS sub-images Grey value coded DSM Sub-area of grey 
value coded DSM 

Figure 3: DSM generated by least squares matching – above Maras, below Istanbul 

 

The results of image matching by LSM shown in figure 3 with the grey value coded digital 
surface models (DSMs) shows the typical blurring at objects as buildings with sudden change in 
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height. Especially in the enlargement on right hand side it becomes obvious, that the building 
shape cannot be determined in a satisfying manner by area based matching confirming the 
simulation in figure 1. 

The algorithm for pixel based matching with dynamic programming of [Birchfield, Tomasi 1999], 
requiring epipolar images, avoids the problem of area based matching by working pixel for pixel. 
It is based on the dissimilarity between the pixels in corresponding epipolar lines, identical to the 
absolute difference of grey values. This method requires an additional constraint. The algorithm 
is focused especially on the determination of height values for the case of sudden height 
changes, avoiding the smearing effects of LSM. Each pixel of one epipolar line is compared with 
all pixels of the corresponding epipolar line in the range of the maximal expected x-parallax, 
combined with constraints to reward successful matches and to respect occlusions. The 
matching is expressed as an optimization for each pair of epipolar lines, based on a pre-defined 
cost function. The grey value of each pixel of one line is compared with the grey values of all 
pixels of the other line, leading to a 2D dissimilarity matrix. As compensation of the integer 
nature of sampling, not the original grey values are used. In relation to the handled pixel the grey 
values of the average to the neighboured pixels in the epipolar line are computed. From these 
average values and the grey value of the handled pixel, the minimum dissimilarity to the 
reference grey value of the pixel in the other image is used. From the minimal differences left 
with ½-neighbours to right and minimal difference right with ½-neighbours to left, the minimal 
value finally is used. This is insensitive to sampling. 

 

Figure 4: dissimilarity matrix based on grey values of 2 epipolar lines respecting minimum of ½-
neighbours, to right = left epipolar line, down = right epipolar line 

 

 The optimal path through the dissimilarity matrix would lead to corresponding pixels, but this 
would cause noisy results, so based on the dissimilarity matrix a cost function with additional 

 

 

 

(3) Cost function 
of DP 
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The first component is the sum of the dissimilarities d(xi,yi) between the matched pixels (fig. 4), it 
should dominate the cost function.  

The second component (Nm*Kr) is a reward for correct matching, where Nm is the number of 
matched pixels and Kr is the chosen match reward per pixel. As value for the empirical match 
reward for the handled data, values between 3 and 12 have been used. Kr is interpreted as the 
maximum amount of dissimilarity (difference of grey values) expected between two matching 
pixels. 

The third component (Nocc*Kocc) is a penalty for occlusions, where Nocc is the number of 
occlusions (not the number of occluded pixels) and Kocc is the chosen occlusion penalty. As 
value for the empirical occlusion penalty for the handled data, values between 10 and 46 have 
been used. The number of matched pixels plus the number of occluded pixels is identical to the 
number of pixels in the handled line – in the case of the example shown in figure 2, 3 pixels are 
occlusions. 

Based on formula 3 with some side conditions a cost matrix is generated by forward-looking 
algorithm (fig. 5). By dynamic programming the optimal path (lowest sum of cost) in the cost 
matrix is determined backward in the range from the first column to the last row, giving the 
geometric relation between the left and the right epipolar line, as shown with the black marked 
optimal path in figure 3. The path doesn’t have to be searched in the region exceeding the 
chosen limit of possible size of x-parallax (7 pixels in fig.5). The black path corresponds to a fast 
search, preferring the expansion to neighboured row / path with the lower value, searched from 
both directions. 

 

Figure 5: dissimilarity matrix with 3 possible paths, the black path has the lowest cost, 
corresponding to the optimal solution (geometric relation of left to right epipolar line), no search 
in upper left and lower right triangle because exceeding maximal x-parallax 
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Table 2: cost for the path in figure 5 with Kr=5 and Kocc=20 

path 
dissimilarity 

matched 
pixels 

reward 
Kr 

occlusions Penalty 
Kocc 

cost 

M1 68 8 (-)5 5 20 128 

M2 66 8 (-)5 5 20 126 

M3 65 9 (-)5 4 20 100 

 

   

   

Grey value coded 
original DSM 

Grey value coded DSM 
after filtering 

Sub-area of grey 
value coded DSM, 
filtered 

Figure 6: DSM generated by pixel based matching with dynamic programming – above Maras, 
below Istanbul – same area as in figure 3 

The pixel based matching with dynamic programming handles any epipolar line pair individually. 
The neighbourhood is not respected, showing matching problems by striping in x-direction as it 
can be seen in figure 6, left hand side. The disturbing striping has been reduced by Median filter 
with a filter matrix of just 1 pixel in x-direction and 7 pixels in y-direction to avoid a degradation of 
the building shape. This has a similar function as the post processing propagated by [Birchfield 
and Tomasi, 1999] in chapter 8. A larger filter matrix leads to less clear building shapes. In 
general the building shapes are quite clearer as achieved by least squares matching. 
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IKONOS 

Maras 

  

 

IKONOS 

Istanbul 

Grey value coded DSM Sub-area of grey value coded 
DSM 

 

Figure 4: DSM generated by Semiglobal Matching,   same area as in figure 2 

 

Semiglobal matching (SGM) [Hirschmüller 2008] is an extension of the DP, it avoids the problem 
that any pair of epipolar lines is handled separately, leading to striping. First, the dissimilarity is 
expressed pixel per pixel by Mutual Information (MI). MI finds the correspondence between 
conjugate pixels without assuming that conjugate points have similar intensity values. Instead, 
the joint probability distribution in the form of the joint intensity value histogram is used. MI has 
been shown to be robust in respect to radiometric differences. A global 2D smoothness 
constraint across multiple intersecting lines is introduced. It is approximated by combining many 
one-dimensional constraints. The first step for SGM is to obtain an initial disparity matrix that is 
required for warping one of the stereo images before MI can be calculated. Corresponding to 
[Hirschmüller 2008] the process is started with a random disparity image, and then continued in 
a hierarchical manner. Subsequently, the joint histogram is derived over the whole images. It is 
stored as a 256×256 histogram and is smoothed using a Gaussian kernel. Then, the MI values 
are computed. The third step is the determination of a disparity image that minimizes the energy 
function by path wise optimization of several one-dimensional-paths toward the pixel under 
consideration. After this, the costs are summed up over all paths in relation to the handled pixel. 
The final disparity image is computed based on the minimal cost. 

A visual inspection of the grey value coded DSMs in urban areas (figure 4) shows the clear 
improvement against DP. No striping can be seen and the building shapes became clear. Also 
smaller objects, as parking cars, became very clear. Such small objects have been eliminated by 
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the required Median filter following pixel based matching with dynamic programming.  The cars 
are still visible in the height models based on least squares matching, but they are not as clear 
as with SGM. 

Analysis of achieved results 

  

  

Figure 5: 3D-view to generated digital surface models, IKONOS San Diego 

                above: LSM                                  above: DP without filtering 

      below: DP with filtering                         below: SGM 

 

   

Fig. 6: profiles through DSMs, left: LSM, centre: DP without filter, right: SGM 

 

The 3D-views to the digital surface models generated by the described matching algorithm 
(figure 5) and the profiles in figure 6 shows clearer as the grey value coded DSMs the 
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advantages and disadvantages of the methods. The shape of the buildings determined by LSM 
is not very clear, the facades are tilted. The DP without filtering is influenced by striping, causing 
disturbances looking like walls – partially crossing streets. Most of these effects have been 
removed by Median filtering just across the epipolar lines. But with SGM such effects do not 
exist and also the fine structure on top of buildings is more realistic. Nevertheless, also SGM had 
some problems with a group of smaller buildings in the lower left side of figure 5. This group of 
buildings is more realistic in the DSM based on filtered DP. The filtered DP is generalizing the 
results, which sometimes is requested. The profiles through the height models (figure 6) confirm 
the findings – the building shapes determined by LSM are not clear, the facades are inclined and 
the building tops are not flat. If the DSM determined by DP is not filtered, it shows several 
spikes. The building shapes from SGM are clear and realistic. 

 

 LSM DP SGM 

Maras          height-base-relation = 7.5 0.9m 1.1m 0.5m 

Istanbul       height-base-relation = 1.6 0.7m 0.8m 0.6m 

San Diego   height-base-relation = 1.7 0.8m 1.0m 0.4m 

Table 3: standard deviation of building heights by different matching algorithm 

 

The visual inspection is only one part of the analysis. The matching results also have been 
geometric verified. In the San Diego test area the building heights have been measured 
stereoscopically by an experienced operator. In Istanbul reference heights from stereoscopic 
measurement of aerial images have been available and in Maras the building heights have been 
estimated by the length of building shadows on flat terrain together with the sun elevation 
available in the IKONOS header files. 

The standard deviation of the building heights shown in table 3 is without the influence of the 
accuracy of the reference measurements, which has been respected. In all three data sets the 
results achieved with LSM is slightly better as with DP. For the determination of the building 
height, the centre of the building and not the edges smoothened by LSM, have been used, 
improving the results achieved with LSM. DP is based just on one vector of grey values and not 
as the LSM on a matrix of grey values. By this reason the DP is noisier, reducing slightly the 
accuracy. The SGM is not influenced by smoothing effects and because of the used high 
number of profiles, the results are based on an area, reducing noise - this explains the clearly 
better results achieved by SGM. The accuracy achieved in all three test areas is similar, even if 
the height to base relation of the test area Maras is very large. This confirms earlier results 
[Büyüksalih, Jacobsen 2007], that the height to base relation is not so important because the 
disadvantage of a smaller angle of convergence is at least partially compensated by better  
matching results in the image space caused by more similar images. 
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CONCLUSION 

The automatic determination of building shapes based on a very high resolution stereoscopic 
stereo pair became possible with automatic image matching by pixel based matching with 
dynamic programming according to [Birchfield & Tomasi 1999] and with Semiglobal Matching 
[Hirschmüller 2008]. With traditional area based matching of Least Squares Matching [Förstner 
1982], the building outlines cannot be determined in a satisfying manner. DP has the 
disadvantage of not respecting the neighboured lines, leading to a striping of the determined 
DSM, but with Median Filter just across the epipolar line the striping can nearly be eliminated. 
The Median filter has a similar effect as the post-processing described by [Birchfield & Tomasi 
1999]. The filtering causes a loss of small details, so the buildings do not show small elements 
on the top of the buildings. This corresponds to a generalization, which sometimes should be 
made. The more computing intensive SGM describes the visible surface more in detail, but it 
also may fail in case of too small structures. In general with both methods of pixel based 
matching the automatic generation of building shapes became possible. 
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ABSTRACT 

The goal of this study is the evaluation of DSMs extracted from high resolution satellite stereo 
pairs for their application in hydraulic hazard analysis, which studies the outflow of water after 
river floods and downpours. The investigation has been carried out on a GeoEye-1 stereo pair 
acquired in a rural area in the province of Ferrara (Northeastern Italy, near the Reno river) on 
March 2010.  

Both the stereo orientation and the image matching and DSMs extraction have been performed 
with the commercial software PCI Geomatics OrthoEngine v10.3 and with the scientific software 
SISAR, developed at La Sapienza University of Rome, using both the Panchromatic pair and the 
NIR one trying to improve the matching step. 

To evaluate the DSMs accuracy, areas with different land cover have been selected, in order to 
identify critical zones with low mean accuracy which may introduce significant errors in hydraulic 
modeling. All the generated DSMs have been compared with a reference DSM derived from a 
recent photogrammetric flight, with an accuracy (height RMSE) of about 0.8m in the rural area. 

INTRODUCTION 

The quality achieved in the acquisition of 3D information using technologies such as LIDAR, 
inSAR, GPS, photogrammetry and remote sensing make it possible to use Digital Surface 
Models as fundamental information in many applications (orthoimages generation, urban 
planning, data visualization, environmental impact evaluation of new infrastructures, spatial and 
temporal change detection both in urban and rural areas) (vii,vii). Among all these possible 
applications, an important field is the forecast and management of environmental emergencies: 
the forecasting hydraulic models, which study the outflow of water after, for example, river floods 
or downpours, need as preliminary input a very good model of the studied area (vii). The DSMs 
used for this purpose need to reach a very high precision, especially with regards to the correct 
identification of all the man-made and natural elements, like riverbanks or roads in relief, which 
may interfere with the outflow of water (deviating or stopping it) or, on the contrary, of all the 
crosses, which are a preferential way to water’s flow (vii). Furthermore, this demand becomes 
more important for flat area, as the one studied in this work, because little errors in height 
definition could cause important variations in the identification of flooded areas. 

mailto:alberto.pellegrinelli@unife1.it
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The use of satellite imagery could bring advantages in terms of costs reduction, fast data 
acquisition and elaboration also for big areas. Moreover, the capability of the new satellites of 
acquiring imagery with GSD of less than one meter improved the height accuracy of the 
extracted models, which is now better than 2 meters (vii). Using commercial software good 
results are achievable concerning stereo orientation, while some drawbacks are inherent to 
image matching: a typical problem is the raising of the DSMs heights over the road level in urban 
areas; something similar happens also in rural areas, where is difficult to identify the bare ground 
level during the matching step due to vegetation, orchards and cultivated lands. As a result false 
barriers are generated in the final DSM; the main problem is that, especially for huge areas with 
the same farming, it is difficult to identify and correct these kind of error before the 
implementation of the hydraulic model. 

This work describes the evaluation of DSMs extracted from a high resolution Geoeye-1 stereo 
pair acquired near to Ferrara (Northeastern Italy), in order to evaluate the accuracy obtainable in 
a flat rural area and check if the generated DSM could be useful in the forecasting of hydraulic 
hazard. 

METHODS 

Data set 

The in-track Geoeye-1 stereo pair, acquired on 28th March 2010, covers a flat rural area of about 
12km in width for 8km in height with ground elevation between -3.5m and +8m. This area covers 
cultivated fields (some of them are orchards), the village of Argenta (Ferrara, Northeastern Italy), 
some others little built-up areas, the bank of the Reno river and part of the Campotto Valley (a 
protected natural wetland). The main characteristics of the stereo pair are described in Table 1 
and Figure 1. 

Table 1: Characteristics of the Geoeye-1 stereo pair. 

Detail Value Detail First image Second image 

Acquisition date 28-03-2010 Acquisition time 10.21 GMT 10.20 GMT 

Processing level 

Standard  

Geometrically  

Corrected 

Acquired 
Nominal 
GSD 

PAN cross scan 0.51m 0.45m 

PAN along scan 0.49m 0.44m 

MS cross scan 2.03m 1.79m 

MS along scan 1.95m 1.77m 

Bits per pixel per band 11bits Scan azimuth 1°.11 359°.68 

Scan direction Reverse Nominal collection azimuth 229°.5155 309°.1042 

Percent cloud cover 0% Nominal collection elevation 61°.51207 72°.00957 

Intersection angle 46°.4784 Sun angle azimuth 159°.2959 158°.9901 

Pixels (rows x columns) 16604x23804 Sun angle elevation 46°.61131 46°.55763 

 Camera-Target-Sun 70°2196 150°.1141 
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Figure 1: Geometry of the stereo pair acquisition and sun position.  

 

In order to orientate the stereo pair, 78 GCPs (some of them used just as CPs) distributed over 
the whole area (Figure 2, left) were collected by stop&go GNSS surveys, with 3D accuracy of 
about 0.1m. In addition, to validate the extracted DSMs, other 12000 points were collected by 
kinematic GNSS surveys with a 3D accuracy of about 0.3m (Figure 2, right). In both cases, 
heights above ellipsoid were converted in orthometric ones using VERTO3 (ITALGEO99) 
software, provided by the IGM (Istituto Geografico Militare Italiano). 
 

 

 

Figure 2: GCPs () and CPs () distribution, tiles used to test SISAR software () (left); 

distribution of the check points collected by kinematic GNSS surveys (right).  

Moreover, in the validation step, also a reference DSM derived by a photogrammetric flight 
carried out in July 2008 (the GSD of each image was about 0.43m) was used. This DSM is given 
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over a  2x2m grid, where the automatic correlation process has been manually controlled in 
order to edit areas with low correlation to correct any errors. 

 

Image orientation 

The orientation tests of the Geoeye-1 stereo pair were performed using both commercial 
software OrthoEngine (PCI Geomatics v.10.3) and scientific software SISAR, developed by the 
team of Geodesy and Geomatic Area - La Sapienza University of Rome and designed for the 
orientation of high resolution satellite imagery. The stereo pair was oriented using the so-called 
rigorous models implemented in both software (vii). These models are based on a standard 
photogrammetric approach where the image and the ground coordinates are linked through 
collinearity equations. To evaluate the orientation accuracy, the whole set of 78 points collected 
was divided in two groups: 38 were used as CPs, while using the remaining 40 points 17 tests 
were run increasing the number of GCPs from 8 to 40. 

 

Image matching and DSM extraction 

After the orientation tests, the attention was focused on the image matching and DSM extraction, 
using both the scientific and the commercial software (with OrthoEngine both the Panchromatic 
imagery and the NIR ones have been tested). 

With OrthoEngine, using the test performed with 40 GCPs, after the extraction of the epipolar 
imagery, the automatic DSM generation was performed, without the filling of the No data zones 
to avoid the general smoothing of the final model. Due to the fact that the covered area is mainly 
rural, only the 40% of the imagery was successfully matched (see Figure 3): the built-up areas 
and the streets (also the dirty tracks among the cultivated fields) were recognised, while almost 
all the fields (in March they were just ploughed or covered by grass) were too homogeneous to 
be matched. 

A manual editing in order to fill the No data zones would have been too much time consuming, 
so two different automatic procedures were performed: 

1. Automatic fill option in the Geocode extracted DSM step with PCI Geomatics; 

2. Automatic fill option of ArcMap 9.3 (Spatial Analyst Tools | Hydrology | Fill), useful to 
correct erroneous areas with holes or peaks in raster imagery (called GIS in the following 
Tables). 
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Figure 3: GeoEye-1 image (left) and DSM extracted using OrthoEngine (right): almost all the 
cultivated fields don’t have an height value (white pixel).  

Analysing the edited DSMs it was found that also in the areas matched correctly during the DEM 
extraction the height value changed: this was known for the toolbox of ArcMap, but it was 
unexpected for the OrthoEngine command (which was supposed to correct only the failure value 
in the extracted DSM). In addition, little errors in the height definition or objects with very 
different heights (building, trees, ...) near a No data zone caused problems during the fill 
operation: in some cases wrong height values of more than 2m were found. 

In order to reduce this kind of problem, a new procedure was developed in ArcMap: for each No 
data zone a buffer of 2m was done, and the new height value became the mean of all the pixels 
of the DSM in the buffer area (called UNI in the following Tables). During this preliminary tests 
this approximation was accepted considering that the studied area is a strongly flat country in 
which the height differences between each field and the dirty tracks among them is less than 
1m. 

To test the scientific software SISAR, 3 tiles of 3000x3000 pixels in areas with different land 
cover were selected (urban, rural and mix; see Figure 2, left). Adapting the size of the correlation 
window and the correlation threshold to each tile, various test were performed. 

RESULTS 
IMAGE ORIENTATION 

In both cases, the orientation accuracy has been evaluated and compared, giving the same 
results in term of RMSE on the CPs residual varying the GCPs number (38 fix CPs; GCPs from 
8 to 40). The results of the image orientation are presented in Figure 4: a good stabilization is 
obtained with SISAR using 12 GCPs, while with OrthoEngine at least 16 are needed. In N and E 
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direction the residuals are about 0.2-0.3m while in Up direction it’s of about 1 pixel, and better 
results are reached with OrthoEngine checking both the sets of points (iii). 

 

 

Figure 4: Results of stereo orientation: RMSEs on the CPs residuals using OrthoEngine (top) 
and SISAR (bottom).  
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IMAGE MATCHING AND DEM EXTRACTION 

As far as the extraction with OrthoEngine is concerned, all the edited DSMs (extracted for the 
Pan stereo pair with a pixel resolution of 1px to test the imagery potentiality, 2px as standard 
value and 4px to compare the results with the NIR band, extracted only at 1px of resolution) 
were compared both with the GNSS check points (RasterValue - Point Z value) and with the 

reference DSM (RasterValue – ReferenceValue), as shown in Table 2 and 3, where the bias,  
and RMSE are computed at 95% probability level (LE95). 

 

Table 2: Results of accuracy assessment of OrthoEngine DSMs using GNSS check points 
(computed trimming the 5% of the data). 

  PCI GIS UNI PCI GIS UNI PCI GIS UNI PCI GIS UNI 

All points pan_1px pan_2px pan_4px nir 

LE95 [m] 2.49 2.47 2.64 2.42 2.38 2.57 2.22 2.38 2.45 4.70 4.60 4.65 

Mean [m] -0.14 -0.20 -0.20 -0.16 -0.20 -0.18 -0.22 -0.18 -0.17 -0.24 -0.23 -0.24 

StDev [m] 0.90 0.90 0.94 0.89 0.89 0.92 0.85 0.89 0.90 1.49 1.48 1.52 

RMSE [m] 0.91 0.92 0.96 0.90 0.91 0.94 0.88 0.91 0.91 1.51 1.50 1.54 

The behaviour of different interpolation algorithms were evaluated both as a whole set and 
identifying 3 different land covers (vii), considering a total amount of about 500 points in urban 
areas, 1250 in vegetation areas and 10000 in cultivated zones. The results show that from the 
comparison with the reference DSM the three procedures give the same results. 

The difference between the values of RMSE calculated over GNSS check points and the RMSE 
calculated over reference DSM (the error increases by 50%) is due to the difficulty of software 
OrthoEngine to recognize urban areas (GNSS points present in the urban area were surveyed 
only at street level). 

Table 3: Results of accuracy assessment (trimming the 5% of the data) of OrthoEngine DSMs 
using the reference DSM (Pan DSM extracted with 4px resolution). 

 PCI_pan GIS_pan UNI_pan PCI_nir GIS_nir UNI_nir 

LE95 [m] 
4.50 4.20 4.20 12.00 12.00 10.50 

Mean [m] 
0.17 0.23 0.23 0.40 0.58 0.38 

StDev [m] 
1.38 1.37 1.37 3.44 3.16 3.02 

RMSE [m] 
1.39 1.39 1.39 3.46 3.21 3.05 
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Table 4: Results of accuracy assessment of OrthoEngine and SISAR DSMs using the reference 
DSM (computed at LE95). 

 OrthoEngine UNI SISAR 

 urban rural mix urban rural mix 

Total points 299106 559825 560591 290104 530912 544263 

LE95 [m] 3.95 1.85 4.45 3.7
5 

2.4
4 

6.1
5 

Mean [m] -
0.90 

0.39 -
0.75 

-
0.78 

-
0.17 

-
0.14 

StDev [m] 1.22 0.62 1.15 1.2
7 

0.9
7 

1.5
3 

RMSE [m] 1.52 0.73 1.37 1.4
9 

0.9
8 

1.5
4 

 

The DSMs extracted with SISAR and the corresponding tiles of OrthoEngine were compared 
and validated using the reference DSM, as shown in Table 4. The results show that the two 
software are comparable for each kind of land cover even if the values of RMSE of OrthoEngine 
are slightly lower (about 30 cm) over the mix and the rural area. To understand the differences 
between the two software more tests were done, in the open area and in the mix area the small 
gaps between the residuals are due to the interpolation method used by SISAR, that at the 
moment performs just a triangulation of the matched points, which are then regularized in a grid. 
For this reason few no correct homologous points, due to some correlation errors (especially 
among orchards), generate large area with no correct height.  

Regarding the assessment of DSMs in urban area the value of RMSE is influenced by errors 
due to terrain morphology. Figure 5 illustrates the problem with a typical urban step profile: the 
true profile of the terrain surface is represented by the dashed black line, while the modeled 
profile is represented by the thick black line. Even if the measurements (white points) are 
accurate, the modeled profile cannot follow the true one. Consequently if the terrain height is 
compared with a check point P (black point), a large difference DZ may be measured. For that 
reason the computation of RMSE in this kind of land cover was performed excluding all points 
with this kind of errors. 
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Figure 5: Surface modelling error 

Finally, checking the extracted DSMs in the urban tile, it was also found that in several cases 
(principally for detached houses) the height values of buildings were wrongly identified by 
OrthoEngine, while, on the contrary, SISAR gave a correct identification, as shown in Figure 6. 

 

Figure 6: Comparison of extracted DSMs in the urban tile: the Geoeye-1 image (a) the reference 
DSM (b), OrthoEngine DSM (c), SISAR DSM (d): in several cases OrthoEngine identifies the 
planimetric position of the building but the height value is very different from the real one.  

CONCLUSIONS 

In this work DSM’s extraction from high resolution satellite stereo imagery to be used in 
forecasting hydraulic models has been evaluated. The whole process has been performed both 
with commercial PCI Orthoengine software and with the scientific software SISAR.  

In regard to image orientation, with both software an accuracy better than the pixel size has 
been achieved: SISAR reaches a good stabilization with less GCPs than OrthoEngine, which on 
the contrary has slightly better Up RMSEs (0.1-0.15m better than SISAR). 

With regard to the image matching, OrthoEngine matched only the 40% of the image due to the 
homogenous cultivated lands, so different fill procedures were tested: the automatic 
OrthoEngine and ArcMap ones create peaks in the cultivated fields and moreover they vary also 
height values in the previously matched area. Consequently, a preliminary test implementing a 
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manual procedure to fill the No data zones in Arcmap was performed. The validation tests show 
that the three procedures are comparable, other studies will be carried out in the future in order 
to improve the performance of fill algorithms.  

The DSMs derived by SISAR testing three different land cover are comparable with the 
OrthoEngine ones, the accuracy at 95% probability level achieved by both software is around 2 
pixels in open areas and 3 pixels in urban area, where building shapes and heights are enough 
correctly reconstructed. The small gaps between the two software are mainly due to the SISAR 
interpolation algorithm, which will be improved to solve this problem. In addition, new matching 
strategy will be tested, in order to evaluate and merge also the data derived from the 
multispectral bands, which showed positive results also in these preliminary tests. 

In conclusion, the accuracy achieved show that with GeoEye-1 imagery good DSMs could be 
extracted, even if they cannot be used at the moment in forecasting models as unique input 
data: all the barriers and the crosses cannot be well identified, so their characteristics need to be 
acquired with other surveying technologies. 
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ABSTRACT 

Urban agriculture is a phenomenon that can be observed world-wide, particularly in cities of 
developing countries. It is contributing significantly to food security and food safety and has 
sustained livelihood of the urban and peri-urban low income dwellers in developing countries for 
many years. Population increase due to rural-urban migration and natural, coupled with formal 
as well as informal urbanization are competing with urban farming for available space and 
scarce water resources. A multitemporal multisensoral urban change analysis over the period of 
25 years (1982-2007) was performed in order to measure and visualize the urban expansion 
along the Kizinga and Mzinga valley in the South of Dar es Salaam. Airphotos and VHR satellite 
data were analyzed by using a combination of a composition of anisotropic textural measures 
and spectral information. 

The study revealed that unplanned built-up area is expanding continuously and vegetation 
covers and agricultural lands decline at a fast rate. The validation showed that the overall 
classification accuracy varied depending on the database. The extracted built-up areas were 
used for visual interpretation mapping purposes and served as information source for another 
research project. The maps visualize an urban congestion and expansion of nearly 18% of the 
total analyzed area that had taken place in the Kizinga valley between 1982 and 2007. The 
same development can be observed in the less developed and more remote Mzinga valley 
between 1981 and 2002. Both areas underwent fast changes where land prices still tend to go 
up and an influx of people both from rural and urban areas continuously increase density with 
the consequence of increasing multiple land use interests.  

 

INTRODUCTION 

Urbanisation is one of the major problems of mankind in the near future. In 2008, for the first 
time in history, more than half the world’s population lived in urban areas. The world’s urban 
population is expected to double from 3.3 billion in 2007 to 6.4 billion by 2050, and it is predicted 
that by 2030, over 56% of the world’s population will live in cities (0). This urban population 
growth will be most significant in low income countries, notably in Africa and Asia (0). Sub-
Saharan African countries have the world’s highest rates of urban growth and the highest levels 
of urban poverty. The slum population in these countries doubled in the period 1990 to 2005, 
when it reached 200 million (0).  
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As cities expand, so do the food needs of urban families. The capacity of local municipalities to 
manage this urban growth is threatened in many developing countries, or already on the decline. 
The identification of ways to provide food, shelter and basic services to the city residents and 
create “sustainable cities” are challenges for many city authorities around the world. The 
phenomenon that a growing number of urban dwellers are engaging in agricultural activities, 
especially in the less developed countries has been witnessed all over the world. It is estimated 
that 800 million people are engaged in urban (intra-urban and peri-urban) agriculture world-wide 
and play an important role in feeding the world’s cities (0, 0).  

The urbanisation process in many developing countries goes hand in hand with increasing urban 
poverty, growing food insecurity and malnutrition, especially of the urban poor. Food production 
in the city is in many cases a response of urban poor to inadequate, unreliable and irregular 
access to food and inadequate access to formal employment opportunities (0). Therefore the 
contribution of urban agriculture to enhancing urban food security, healthy nutrition, poverty 
alleviation, and social integration, especially of the poorer sections of the urban population, is of 
high importance.  

Despite substantial growth, urban agriculture received very limited recognition from the 
authorities in the past. The uncertain legal status of urban agriculture is such that official projects 
or programmes aimed at improving urban agriculture have been rare. Typically urban agriculture 
is not taken into account in the urban planning process. In the case of Dar Es Salaam the city 
government has recognised the need to develop strategies that can enhance urban agriculture 
in order to ensure sustainable human development. In 1992 the city has integrated urban 
agriculture in urban planning through a bottom-up approach, under the Environmental Planning 
and Management (EPM) Process and the Strategic Urban Development Plan (SUDP) has 
officially set apart several areas to be used for large and medium scale urban agriculture (0). 

However, rapid urbanization means that city boundaries as defined by administrative 
jurisdictions may be overtaken by new expansion almost as soon as they have been redrawn to 
account for previous spread (0). Locations that are rural at one moment become peri-urban the 
next, and urban soon after. For this reason the fringes of most African cities are unstable with 
respect to settlement patterns, population density and land use (0). Of late, professionals and 
politicians have realised that if urban agriculture is taken seriously and properly organised, it can 
be effective land management (0).  

Remote sensing is an important tool to provide information about land use and its development 
over time. It has been used to investigate urban environments, urban land cover changes and 
city growth in particular. Many publications illustrate the automatic or semi-automatic spectral 
analysis of medium to high spatial resolution data, e.g., Landsat TM, SPOT HRV. Spectrally 
derived land cover classifications are further enhanced by visual interpretation of either airphoto, 
or more recently, of very fine spatial resolution (VHR) optical satellite imagery, e.g., IKONOS or 
Quickbird [0-0].  

Aerial photographs as well as VHR data provide very fine spatial but coarse spectral resolution 
data, by comparison with medium and fine spatial and spectral resolution satellite data. So far, 
these kinds of data were analyzed mainly by analogue, visual interpretation, which is very time 
consuming, which has led to the new challenge of finding ways to successfully extract and 
classify urban areas in a more automated way. Single buildings, roads, gardens and lawns that 
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make up the complex heterogeneous urban fabric [0] are visible in detail and VHR imagery 
provides an opportunity for their classification and delineation. Carleer and Wolff [0] combined 
spectral information on VHR imagery together with spectral, textural and morphological features 
for the improvement of urban land cover classification. The features were calculated after 
previously segmenting the image into meaningful objects. Herold et al. [0] conducted a similar 
segmentation or object based classification of an urban area in California based on IKONOS 
data. Another approach is the use of image textural information to discriminate built-up 
structures. Zhang et al. [0] successfully merges spectral and textural information for improving 
urban recognition by analysing SPOT panchromatic data. Another methodology was developed 
by Pesaresi [0] and is based on a fuzzy rule-based composition of anisotropic textural measures, 
based on the gray-level co-occurrence matrix (GLCM). This method was successfully applied 
with medium resolution data of different source and quality dealing with built-up area 
discrimination in urban and suburban areas [0-0, 0], therefore it was tested in this study to 
successfully derive built-up areas on b&w aerial photographs and VHR satellite data, in order to 
map the remaining agricultural areas suitable for urban agriculture. The maps will then be used 
as important information source for a project on the suitability of wastewater irrigated agriculture 
in the Kizinga and Mzinga valleys in the South of Dar es Salaam.  

METHODS 

Aerial photographs of 1981, 1982, 2003 and VHR satellite data of 2007 was used to monitor 
urban development in two valleys of high importance for urban agriculture of Dar Es Salaam 
(Table 1, Figure 1).  

 

 

Figure 1: Overview of Dar Es Salaam and the two analyzed areas: Kizinga (a) and Mzinga (b) 
valleys. 
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Two sample data subsets are shown in Figure 2. Vector features of building footprints of a 1km x 
1km area were available for validation purposes. All remote sensing data was mosaiked and 
georeferenced and resampled to a spatial resolution which is considered optimal for the 
discrimination of built-up areas using the proposed textural approach. It was applied to the black 
and white and red-green-blue coloured areal photographs as well as to the visible-near-infrared 
VHR satellite data. 

Table 1: Remote sensing data. 

Acquisition 
date/Year 

Sensor Approx. Resolution of 
texture kernel used 
[m] 

Area Coverage 

1981 B&W analogue camera 2.0 Mzinga 

1982 B&W analogue camera 0.7 Kizinga 

2002 RGB colour analogue 
camera 

1.8 Mzinga 

2007 RGB, NIR Quickbird 2.4 Kizinga 

 

Figure 2: Sample subset area (1km x 1km) of Quickbird data acquired in 2007 (left) and b&w 
aerial photograph of 1982. The urban congestion and expansion towards Kizinga river in the 
South are clearly visible.  

 

The anisotropic rotation-invariant built-up presence index [0] was applied to delineate urban and 
non-urban regions. The main component of the workflow computes the contrast textural statistic 
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based on the grey-level co-occurrence matrix (GLCM) as introduced by Haralick et al. [0]. The 
method is based on image texture and therefore is advantageous for multisensor and 
multitemporal image analysis. The efficiency of this method to delineate built-up areas has been 
shown to work for optical panchromatic images [0] as well as SAR images [0]. Pesaresi [0,0] has 
shown that the GLCM contrast statistic is the most efficient at discriminating between built-up 
and non-built-up areas. To determine good contrast statistics between building roofs, shadows 
and background, the input imagery must have a spatial resolution that is equal to or better than 
the dimensions of the discernable built-up objects. Different displacement vectors are used to 
compute the contrast statistic to take advantage of the anisotropic nature of the urban texture. 
The directional components of the contrast statistic are used to produce a single texture layer 
using the intersection and union operators (0).  

The result provides structural information on the urban regions, including buildings and tarmac 
areas, such as roads, squares or other open spaces. The final binary built-up mask is produced 
by interactively choosing a threshold value that delineates the image into built-up and non built-
up areas. These thresholds were chosen by comparing the built-up area result with the natural 
color input imagery to maximize urban area overlap. 

 

RESULTS 

The validation of the resulting built-up mask is not easy, since the procedure classifies not only 
buildings but also sealed, open spaces and roads as built-up areas. Still, a validation was 
conducted for a randomly selected area of 1km x 1km in the suburbs of Dar Es Salaam, close to 
the Kizinga river. First, the roads in the generated built-up mask were excluded from the 
validation. Second, buildings in the validation area were digitized and buffered by 2.5m to assure 
the generation of a comprehensive buildings reference layer. The validation was done for two 
remote sensing datasets used for the analysis of the Kizinga valley area: the Quickbird dataset 
as well as the aerial photographs acquired in 1982. The achieved accuracies are listed in Table 
2. 

 

Table 2: Validation results of built-up (BU) and non-built-up (NBU) classes for a subset area of 
1km x 1km in the Kizinga valley.  

 2007 1982 

 BU NBU BU  NBU 

Overall Accuracy 80.85 82.63 

Kappa Coefficient 0.56 0.42 

Producer Accuracy 64.50 89.70 47.08 91.49 

User Accuracy 77.22 82.36 58.48 87.13 
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The classification accuracy varied depending on the database, with the Quickbird data of 2007 
achieving a better result than the b&w aerial photograph of 1982. Figure 3 clearly shows that a 
lot of buildings in the aerial photograph were not recognized as such leading to a high omission 
error. Additionally, areas of high contrast such as trees and bare soil in the background, along 
roads, and areas around buildings identified as buildings lead to a high commission error. 
Another reason contributing to the omission error is the fact that the reference contains only 
buildings whereas the presented methodology classifies also bare soil areas, parking lots, 
construction sites, side roads or dumps as built-up areas (Figure 3).  

 

Figure 3: Validation area in the Kizinga valley for the built-up mask derived from Quickbird data 
(left) and b&w aerial photographs (right). Correctly classified built-up (BU) (dark green) and non-
built-up (NBU) (light green). Errors of omission are presented in (orange) and errors of 
commission in (red).  

 

The same reasons lead to classification errors when applying the methodology to the Quickbird 
dataset but due to a better radiometric resolution and a generally better quality of the data the 
accuracy is generally higher than that of the b&w aerial photograph dataset. Actually, most 
buildings are detected as such only that the areas of detection are smaller than the actual built-
up area. This is clearly visible in the South of the subset area where a lot of new buildings had 
been constructed in recent years. The performance of the methodology, basing on textural 
contrast, depends not only on the materials used for the roof but also on the surroundings of 
buildings. If roofs are made of red adobe, rusty corrugated iron sheets or are surrounded or 
partially covered by large trees leading to little contrast between the buildings and the soil 
background the detection of buildings may fail. 
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However, the results show that the methodology works with b&w aerial photographs of reduced 
quality as well as high-resolution VHR satellite data. Built-up masks may be extracted in a fast 
and uncomplicated way and built-up maps may be generated that, on a smaller scale, e.g. on 
regional or city level, offer the possibility to recognize and address the challenges of uncontrolled 
urban sprawl and its consequences for peri-urban and urban farming. 

 

CONCLUSIONS 

The anisotropic rotation-invariant built-up presence index [0] was applied to delineate urban and 
non-urban regions. So far the method had been applied mainly on medium resolution data of 5 -
10 m geometric resolution. In this study VHR data as well as b&w and rgb aerial photographs 
with higher geometric resolution but some of them of lower quality, served as input data. The 
validation showed that some of the generated built-up/non-built-up masks contain rather larger 
errors. The reasons of which have been discussed in the results section. However, the extracted 
areas can still be used for a visual interpretation of change analysis and mapping purposes 
(Figure 4). Additional manual editing could further improve the results in a way that statistical 
data may be derived. It could also be tried to geometrically further resample the data in order to 
derive more generalized built-up/non-built-up classifications suitable for urban change analysis 
on a larger scale. However, Figure 4 visualizes well the urban congestion and expansion that 
had taken place in the Kizinga valley between 1982 and 2007. The same can be observed in the 
Mzinga valley between 1981 and 2002. Both areas undergo rapid changes where land prices 
tend to go up and an influx of people both from rural and urban areas increase density with the 
consequence of multiple land use interests. Both valleys, for example, are also prone to flooding 
and serve as water reservoirs. They also have the potential of becoming important recreational 
areas and function as “green lungs”. All these multiple interests call for a coordinated urban land 
use management officially integrating urban agriculture and strengthening its role as a 
sustainable source of income, employment and food.  
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Figure 4: Generated maps representing urban development in the Kizinga valley (top) and the 
Mzinga valley (bottom), where pink represents built-up areas in 1982/1981 and orange in 
2007/2002 respectively. The delineation of the analysed areas was determined by the 
geographic overlap of the remotely sensed data. 
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ABSTRACT 

This study evaluates the capabilities of existing image fusion techniques to successfully 
integrate the spatial information coming from high resolution TerraSAR-X data into multispectral 
RapidEye imagery. For this purpose, standard methods such as Brovey or Principal Component 
Substitution (PCS) as well as more sophisticated approaches like Ehlers, Gram-Schmidt (GS), 
High Pass Filtering (HPF), modified Intensity Hue Saturation (IHS) and Wavelets are 
investigated. Qualitative assessment is carried out by visually comparing the synthesized 
imagery in different band combinations. Quantitative assessment follows the evaluation protocol 
proposed by the EARSeL special interest group on data fusion. The study results suggest that 
most of the available fusion methods are not capable of injecting the high-frequency components 
of the SAR signal into the multispectral dataset without significant colour distortions. Only the 
HPF resolution merge and, to a somewhat lesser extent, the Ehlers fusionproduce outputs that 
are both visually appealing and statistically satisfying. Moreover, these methods offer the 
flexibility that allows users to control the trade-off between spatial enhancement and colour 
preservation during the fusion process. Future investigations schedule the high resolution 
RapidEye imagery, as synthesized by the HPF method, to become input to an object-oriented 
urban land cover classification in order to analyse its potential to improve mapping accuracies. 

Keywords: Image fusion techniques, TerraSAR-X, RapidEye, Performance evaluation, Synergy 

INTRODUCTION 

With the recent advent of the two German satellite missions TerraSAR-X (2007) and 
RapidEye (2008), new opportunities for a wide range of remote sensinganalysesopen up to the 
data user community.The synthetic aperture radar (SAR) data provided by the TerraSAR-X 
missionare acquired at a spatial resolution of up to 1 m. RapidEye offers optical imageryat up to 
5 m spatial resolution and in five multispectral bands.Amongst many other potential applications, 
the complementary nature of both satellite missionsmay be of particular interest in the 
framework of urban land cover classifications, where multispectral data are usually required to 
be of 5 m spatial resolution or even higher in order to safeguard accurate spatial representation 
of common urban land cover objects such as buildings, roads or urban vegetation patches (i–iii). 
For this reason, the present study evaluates the capabilities of existing image fusion techniques 
to successfully integrate high resolution TerraSAR-X data and multispectral RapidEye imagery 
into a single remote sensing product of both high spatial and high spectral resolution. As part of 
future investigations, the high resolution multispectral RapidEye dataset, as synthesized by an 
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appropriate fusion method, can then be incorporated into an urban land cover classification 
scheme in order to analyse its potential to improve mapping accuracies. 

MATERIALS AND METHODS 

Data basis and pre-processing 

The present work employs high-resolution TerraSAR-X data and multispectral RapidEye 
imagery that have been acquired over Cologne on the Rhine, Germany.The TerraSAR-X image 
has been recorded on the 9th of August 2009 in High Resolution Spotlight modeand was 
provided by the German Aerospace Centre (DLR) (Fig. 1, left). Pre-processingcomprised 
radiometric calibration, multi-looking, geocoding and topographic normalisation. Moreover, 
speckle filtering was applied to the SAR scene using the Enhanced Lee algorithm (iv) with a 3×3 
kernel size. Theeffective resolution of the geocoded and despeckled Multi-Look Intensity (MLI) 
imageis 2 m. 
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Figure 1: Subset of thehigh resolution TerraSAR-X scene (left) and the multispectral 
RapidEyeimagery (right) used in this study (© DLR 2009, © RapidEye AG 2009). The area of 
investigation is Cologne on the Rhine, Germany. 

The RapidEye dataset has been recorded on the 24th of May 2009 (Fig. 1, right). After the 
selection of 12 well-distributed Ground Control Points (GCPs), it was orthorectified with the help 
of a Digital Elevation Model (DEM) covering the area. Orthorectification resulted in a geocoded 
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multispectral image with a geometric resolution of 5 m. However, due to the architecture of many 
image fusion methods, the resolution ratio between the panchromatic and the multispectral input 
should be at least an integer number (v). This precondition was accounted for by resampling the 
optical data to 6 m, which causes the final resolution ratio between the TerraSAR-X scene and 
the RapidEye imagery to be 3:1. Resampling was carried out by means of the bicubic spline 
interpolation technique following the recommendations of (v–vii).Finally, the RapidEye layerstack 
was clipped andmanually coregistered to the TerraSAR-X image with subpixel accuracy. 

Image fusion techniques 

This study investigates seven different image fusion techniques that are readily available in 
standard remote sensing image analysis packages. Use is being made of standard methods 
such asBroveyand Principal Component Substitution (PCS) as well as more sophisticated 
approaches like Ehlers, Gram-Schmidt (GS), the modified Intensity Hue Saturation (M-IHS) 
transform, High Pass Filtering (HPF) and a Wavelet decomposition. The algorithms under 
consideration shall be described in the following paragraphs. 

The IHS fusiontransforms the multispectral input from the RGB domain to the IHS colour space. 
This enables the separation of spatial (Intensity) and spectral (Hue and Saturation) information. 
Following, the Intensity component is replaced by the panchromatic input. To achieve higher 
quality fusion results, the panchromatic image is matched to the Intensity histogram prior to the 
replacement procedure. The final step comprises the reverse transformation of the replaced 
Intensity component and the original Hue and Saturation components to the RGB domain (viii). 
Using the IHS transform, the best results are to be expected when the high resolution 
panchromatic image and the lower resolution multispectral dataset are highly correlated (ix) – a 
preliminary that is hard to fulfil when a SAR scene is used as panchromatic input. In order to 
obtain a better fit between the fused and the original data, a modified IHS transform(M-IHS)has 
been developed(x) which is used in this study. 

The Principal Component Substitution (PCS) is a statistical method that transforms a correlated 
imagery into a set of uncorrelated images(xi). For this purpose, the covariance matrix, 
eigenvalues as well as eigenvectors are calculated in order to transfer the multispectral fusion 
inputs into eigenspace. This results in a set of principal components of which the first one (PC1) 
is replaced by the high resolution panchromatic image because it contains the spatial details that 
are common to all bands. In analogy to the IHS transform, the substitution is carried out after the 
panchromatic input is matched to the histogram of PC1. Subsequently, an inverse PC transform 
takes the fused layerstack back into multispectral feature space (viii). 

Another statistical method to sharpen digital images is the Gram-Schmidt (GS) transform. It first 
simulates a low resolution panchromatic image either by using the multispectral fusion inputs or 
by degrading the high resolution panchromatic band. Next, a GS transformation is applied to the 
simulated panchromatic image (as the first band) and the multispectral fusion inputs (as the 
remaining bands). Mean and standard deviation of the high resolution panchromatic band are 
matched to the histogram statistics of the first Gram-Schmidt component (GS1), which arises 
from the simulated low resolution panchromatic image. GS1 is then replaced by the high 
resolution panchromatic band. Finally, a reverse GS transform is conducted to generate the 
multispectral imagery at high resolution(xii). 
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A last statistical approach comes with the University of New Brunswick (UNB)pansharpening 
(xiii). UNB was primarily designed to overcome two major problems of existing data fusion 
techniques, namely the problem of colour distortion and the problem of operator/data 
dependency. It is a fully automatic method that processes the fusion inputs within one step. UNB 
‘utilizes the least squares technique to find the best fit between the grey values of the image 
bands being fused and to adjust the contribution of individual bands to the fusion result to reduce 
the colour distortion, and […] employs a set of statistic approaches to estimate the grey value 
relationship between all the input bands to eliminate the problem of dataset dependency (i. e., 
reduce the influence of dataset variation)’ (xiv, page 659). 

The Brovey transform(xv)is a numerical method that employs mathematical combinations in 
order to sharpen colour images with the help of high resolution data. According to (viii), its 
formula basically normalizes the multispectral bands of an RGB display before they are 
multiplied with the panchromatic imagery. Thanks to the normalization step, the Brovey 
transform overcomes the disadvantages of other numerical techniques like the multiplicative 
method. 

The High Pass Filtering (HPF) resolution merge first computes the resolution ratio between 
themultispectral dataset and the panchromatic image. Following, a high-pass convolutionkernel 
filters the panchromatic input using a window size that is based upon the ratio. Afterthe 
multispectral imagery is oversampled to fit the pixel spacing of the high resolution data,the HPF 
image is weighted relative to the global standard deviation of the spectral bands. The resulting 
weighting factors are then employed to inject the HPF image into the individual spectralinput 
bands via addition. As the final step of the HPF resolution merge, the output images are 
rescaled by linearstretching in order to match the mean and standard deviation of the original 
multispectralimages. Initially proposed by (xvi), the optimized HPFmethod described and used 
here refers to the work of (xvii). 

Wavelets are elementary functions in which a given input signal can be decomposed. InWavelet 
fusion, a high resolution panchromatic band (PAN) is first decomposed into four components: A 
low resolution approximation of the panchromatic image (PAN’) and three images of horizontal 
(H), vertical (V) and diagonal (D) Wavelet coefficients representing the spatial details in the high 
resolution panchromatic image. As a next step, the individual bands of the multispectral dataset 
(MS) substitute the low resolution panchromatic image. The spatial details of the high resolution 
data are finally injected into each spectral band (MS*) by applying an inverseWavelet 
transformation that makes use of the corresponding Wavelet coefficients for reconstruction (xiv, 
xviii). In this study, atool for Wavelet-based image fusion provided by(xix) is employed. 

The Ehlers fusion combines the IHS approach with filtering in the frequency domain and can 
therefore be considered as a hybrid technique. In a first step, the multispectral dataset is 
resampled to the pixel spacing of the panchromatic image. Three spectral bands are then 
selected and transferred into IHS color space. The histogram of the panchromatic band is 
matched to the statistics of the Intensity component and both images are carried over to the 
frequency domain by means of a two-dimensional Fast Fourier Transform (FFT) (xx). Next, the 
transformed Intensity component is processed with a low-pass filter to remove high-frequency 
information from the spectral bands, while the transformed panchromatic image is processed 
with a high-pass filter to remove low frequency information. The filtered images are transformed 
back to the spatial domain using an inverse FFT. Their addition leads to a new Intensity 
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component which is matched to the histogram of the original Intensity. Together with the 
unchanged Hue and Saturation components, the fused Intensity channel is finally transferred to 
the RGB domain. The Ehlers fusion has been extended to include more than three bands by 
using multiple IHS transforms until the number of bands is exhausted. Moreover, the method has 
been modified in a way that it is capable of integrating high resolution SAR data and 
multispectral imagery. Filter settings can be automatically determined or can be specified in 
order to find a compromise between color preservation and spatial improvement. A detailed 
description of the Ehlers fusion is provided by (xxi)and (xxii). 

Assessment of fusion quality 

Fusion quality was assessed in two regards: (1) visual analysis and (2) statistical evaluation. 
Visual analysiswas carried out by comparing different band combinations (most notably RGB 3-
2-1 and RGB 5-3-2) and by opposing individual bandsof the fusion results(at 2 m spatial 
resolution) to the original multispectralRapidEye imagery. In this way, radiometric distortions like 
the predominance or fading of colours, but also blooming or blurring effects, were adequately 
accounted for and both main trends of errors as well as local artefacts could be identified (xxiii). 
In order to check for spatial improvement during visual analysis, it was tested if and to what 
extent the geometric details of the TerraSAR-X scene were present in the synthesized 
imagery.These impressions led to a first qualitative ranking. Because visual analysis is always 
subjective and depends on the interpreter’s experience (xxiv), emphasis was put on a 
comprehensive quantitative assessment of the fusion results and their underlying techniquesto 
safeguard objectivity. 

To enable the statistical evaluation of the fusion results, the strategy to assess the synthesis 
property of a given image pansharpening technique, as proposed by the EARSeL special 
interest group on data fusion (vi, xxv, xxvi),has been adopted.The synthesis property requires 
that ‘any synthetic image […] should be as identical as possible to the image […] that the 
corresponding sensor would observe with the highest spatial resolution […], if existent’ (xxv, 
page 6). As there was no multispectral reference available at the highest spatial resolution (i.e. 
2 m), a change of scale was necessary to compare the fusion results to the only genuine 
reference – the original RapidEye image at 6 m. Thus, both the SAR data and the optical 
imagery were downsampled by a factor of 3 (i.e., the resolution ratio) prior to their fusion with the 
algorithms investigated.Similarities and discrepancies between the synthesized images and the 
reference were then quantified by means of different performance metrics. Assuming that the 
relative differences amongst the synthesis quality of each fusion technique are independent of 
the scale on which they are assessed completed the procedure (xxv, page 7). The interpolation 
method used for downsampling is bicubic spline (cf. vi, vii). 

The selection of appropriate statistics to evaluate fusion performance based upon the findings 
of(vi, xxv, xxvi). To avoid redundancies amongstexisting quality metrics, these authors proposed 
a set of fusion criteria of which each shouldbe tackled by a dedicated performance measure. 
Besides some slight modifications, thisassessment scheme is also adopted here. Table 1 
opposes the quality criteria consideredfor the quantification of the synthesis property to their 
respective statisticalmetrics.Even though the spatial enhancement property of the methods 
under consideration was taken into account, the focus was put on the quantification of the 
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spectral preservation characteristics after fusion because radiometric content is assumed to be 
of greater importance in the context of image classification and related mapping applications (vi). 

Table 1: Performance measures used to assess fusion quality(after vi; xxvi). 

Quality criterion Performance measure 

Colour preservation Mean preservation Mean Bias (MB) 

 Loss/Gain of image content Difference of Variances (DV) 

 Per-pixel level of error Std. Dev. of the Difference Image (STD-DI) 

 Structural similarity Correlation Coefficient (CC) 

 Spectral fidelity Spectral Angle Mapper (SAM) 

 Global error Error of Synthesis (ERGAS) 

Spatial improvement Detail retention spatial Correlation Coefficient (sCC) 

 Local sharpness Profile Intensity Curve (PIC) 

Mean preservation was checkedfor with the help of the Mean Bias (MB) in relative value 

 

where  and  denote the mean values of the fused respectively the reference image 

(i. e., the original RapidEye dataset) for band .The ideal value of this measure is 0. Loss or 
gain of image content can be quantified using the Difference of Variances (DV) in relative value, 
which is defined as 

 

with  and  being the standard deviation of the fused respectively the referenceimage 

for band .While negative scores of DV indicate a loss ofradiometry during the fusion process, 
positive scores represent an invention of artificialimage information.The ideal value of this 
measure is therefore 0.The level of error on a per-pixel basis was evaluated consulting the 
Standard Deviation of theDifference Image (STD–DI) 

 

where is the standard deviation of the image of difference between the fused image  and the 

reference image  for spectral band ., divided by the mean value of the reference image 

to obtain relative values. The ideal value of this measure is 0. To assess the similarity 
between small scale structures, the CorrelationCoefficient (CC)was used 
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where  and  are the same bands of the original and the fused image,  and ) are 

their means and  and  are the elements of image  and  with  respectively  
samples per column and row. The ideal value of this measure is 1. An appropriate metric to 
estimate spectral fidelity is the Spectral Angle Mapper (SAM), which arises from 

 

where  and  describe the vectors inmultispectral feature space that are spannedby 

the pixels of the reference and the fused layer stack at each position ( )(xxvii).The smaller the 
resulting angle is, the greater the spectral fidelity of thesharpened data. SAM was used as 
multimodal statistic and its pixel wise scores were averagedfor the whole fusion product. A 
summary of the global discrepancies between the synthesized and the reference imagery is 
provided by the dimensionless global relative error of synthesis, called ERGAS after its French 
name ‘Erreur Relative GlobaleAdimensionelle de Synthèse’ (vii, page 14).This multimodal 
measure is defined as 

 

where  and  are the pixel spacings of the high-resolution panchromatic respectively the 

lower-resolution multispectral fusion inputs,  is the number of spectral bands,  is the 

Root Mean Square Error of the fused spectral bands  and  is the mean value of the 
original spectral bands (xxviii). Ranchin et al. (vii, page 14)report that ‘an ERGAS larger than 3 
corresponds to fused products of low quality, while an ERGAS less than 3 denotes a product of 
satisfactory quality or better’. 

The bandwise retention of image details was estimated by the spatial Correlation Coefficient 
(sCC)(xxvi).The equation is thesame as for the Correlation Coefficient (CC) and, thus,the ideal 
value of this measure is 1.The only difference is that the correlation is computedbetween the 
pixels of the high-pass filtered versions of both the synthesized images andthe multispectral 
reference. For this purpose, the fused products and the original RapidEyedataset were 
processed with a Laplacian kernel prior to the correlation estimation. 

For the quantification of local sharpness, only few measures have been proposed yet in the 
literature andAlparone et al.(xxii, page 3015)warn that these indexes are ‘more recent and less 
documented’. For this reason, an alternative strategy was followed. Inspired by the simplicity of 
the Profile Intensity Curve (PIC) approach introduced by (xxix)and (xxx), a spatial profile was 
generated for the Near Infrared (NIR) channel of the original RapidEye data comprising 60 
pixels. In order to cover various types of land cover/land use, the PIC starts off on a lawn of an 
inner-urban green space, crosses a main road, continues on a water body and ends up on a 
patch of grassland, running in North-South direction. Along this curve, a comparison between 
the pixel values of the fused products and the multispectral reference is enabled. In this sense, 
the Correlation Coefficient (CC) between Digital Numbers (DNs) as well as their Mean Absolute 
Error (MAE) (xxxi; xxxii) were consulted to substantiate the visual impression and to propose a 
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ranking of fusion techniques in this category. The NIR band was considered for this undertaking 
because of its particular importance in multispectral classifications.As the last step of the data 
fusion contest, individual rankings for the quality criteria of visual analysis and the statistical 
evaluation were averaged to obtain a final ranking of the data fusion techniques investigated. 

STUDY RESULTS 

Visual analysis 

In order to describe the qualitative differences of the techniques under consideration, a subset of 
the fused images at 2 m spatial resolution is shown in Figures2–5.The images are displayed as 
true color composite since this form of visualization is very representative for the fusion effects 
that need to be commented on. The respective false color representations of these images 
basically carry the same message and are therefore excluded from further description. The 
subset features a large variety of land cover objects that are different in color, shape, size and/or 
orientation. Therefore, many aspects of Cologne’s urban scenery are covered, which is essential 
for estimating fusion quality in terms of color preservation and spatial enhancement. Ideally, 
fusion methods should be able to capture the trade-off between these two properties. The 
results of the visual comparison are presented in alphabetical order with respect to the image 
fusion techniques under consideration. 



254 

 

 

                                                                                                                                                                                            

 

 

Figure 2: Results for the Ehlers fusion (left) and the GS transformation (right). 
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Figure 3: Results for the HPF fusion (left) and the M-IHS transformation (right). 

The Ehlers fusion (Fig. 2, left)performs well at integrating the high resolution TerraSAR-X data 
into the multispectral RapidEye imagery. Original colours are not preserved, but rather 
intensified in the fused product. As a result, image contrast is clearly enhanced, even though this 
may be accompanied by a slightly unnatural appearance. Globally, the geometric resolution of 
the original RapidEye scene is markedly improved using the Ehlers method. And also on the 
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local scale, spatial details coming from the Radar scene are passed to the synthesized output 
without any major losses. The fusion result obtained from the GS transformation (Fig. 2, 
right)suffers from both spectral inaccuracies and a lack of image sharpness. Radiometric 
distortions are most prominent in vegetated areas. For example, the patch of trees in the centre 
of the subset is violet, but should of course be green. The synthesized images do not look 
sharper but rather. This is particularly evident for transitions between adjacent land cover types. 
The HPF resolution merge (Fig. 3, left) does a good to very good job at striking the balance 
between spectral preservation and spatial enhancement. Besides some slight blooming effects 
occurring at bright objects, colours do appear very naturally. At the same time, high frequency 
components of the panchromatic input are injected well into the fused product. Most notably, the 
HPF method has the ability to reproduce the surface roughness created by the patch of trees 
that is visible in the filtered TerraSAR-X image. 
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Figure 4: Results for the PCS (left) and the UNB pansharpening (right). 
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Figure 5: Result for the Wavelet decomposition. 

The M-IHS transformation (Fig. 3, right) features the heaviest radiometric distortions of all 
methods analysed. Severe colour changes are observed for nearly all types of urban land cover 
elements. The synthetic image is dominated by turquoise tones. Even though spatial details of 
the panchromatic input are retained, pixels values of high SAR intensity are inversed after 
fusion. As a consequence, the result looks sharper but seriously lacks interpretability. The PCS 
(Fig. 4, left) puts too strong emphasis on the spatial information coming from the filtered 
TerraSAR-X image. On the one hand, only some of the original spectral characteristics can be 
found in the fusion result. For example, shades of red tile roofs and tennis courts are close to 
reality, whereas vegetated areas and others as well suffer from fading of colours. On the other 
hand, the PCS preserves the small-size structures of the Radar scene and, thus, sharpens the 
multispectral fusion input. The results obtained from the UNB pansharpening algorithm (Fig. 4, 
right) are similar to those of the PCS. While geometric improvement of the original RapidEye 
data is almost equal, UNB performs slightly better in terms of spectral fidelity. In particular, the 
representation of vegetation is enhanced and the blooming of objects is prevented. 
Nevertheless, radiometric distortions are still significant and too much weight is put on the 
injection of high-frequency content from the TerraSAR-X image into the fused product. The 
Wavelet fusion (Fig. 5) captures the trade-off between spectral preservation and spatial 
enhancement and parallels can be drawn to the HPF method. Colours are represented in a very 
natural fashion, just like in the case of HPF. However, blooming effects appear to be more 
pronounced. In addition, the sharpness of the fused imagery is not as good as for the results of 
the HPF method or the Ehlers algorithm. This is a known behaviour of Wavelet-based fusion 
techniques within the framework of optical–SAR image fusion (e. g., xxxiii). 

All in all, the findings of the qualitative performance evaluation suggest that only the data fusion 
techniques Ehlers and HPF produce visually appealing outputs. It is now necessary to check 
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whether this first impression is in agreement or disagreement with the results of the statistical 
evaluation. 

Statistical evaluation 

The performance metrics calculated to quantitatively assess fusion performance cover the 
quality criteria mean preservation, loss and gain of image content, per-pixel level of error, 
structural similarity, spectral fidelity, detail retention, local sharpness and global error.The mean 
preservation property of the synthetic images is checked using the relativeMean Bias (MB).The 
ideal value of this measure is 0. Table 2 illustrates the per-bandMB scores in dependence of the 
fusion operator used tomerge the TerraSAR-X data and theRapidEye imagery. It becomes clear 
that nearly all methods considered are able to retain themean value of a spectral band after 
synthesis. Best results are obtained from the algorithmsUNB and HPF with average MB values 
of only 0.06 % and 0.12 %, respectively. Moreover,it is favourable that these techniques feature 
low values for all image channels in a veryconsistent way. Ranks three and four are occupied by 
the M-IHS and the GS transformationwith mean scores of –0.71 % and 0.74 %. If it weren’t for 
the NIR band, the output imagesgenerated by the GS transformation would be even better than 
those of UNB, HPF andM-IHS in terms of mean preservation.The fifth rank goes to the Ehlers 
fusion, which stillperforms very good having a relative MB of less than 1 %. Finally, bias is too 
high for thePCS and, even more relevantly, for the Wavelet fusion with average scores of up to 
5.04 %and –42.48 %. 

Table 2: MB scores as a function of the data fusion techniques investigated. 

 
Blue Green Red Red-Edge NIR Mean 

Ehlers -0.74 -0.89 -1.17 -0.70 -0.63 -0.83 

GS 0.01 -0.01 0.00 -0.02 3.74 0.74 

HPF 0.09 0.11 0.16 0.12 0.13 0.12 

M-IHS 0.08 -0.38 -1.98 -0.81 -0.46 -0.71 

PCS -26.62 -27.26 -53.13 0.03 81.77 -5.04 

UNB 0.04 0.06 0.08 0.08 0.05 0.06 

Wavelet -35.90 -39.25 -47.40 -39.27 -50.58 -42.48 

Loss and gain of image content during the fusion process can be traced by the per-band relative 
Difference of Variances (DV). Again, while negative differences suggest a loss of image content, 
positive differences indicate invention of artificial image information (vi). The ideal value of this 
measure is therefore 0. Given the numbers in Table 3, the smallest differences between the 
fused products and the multispectral reference scene occur using HPF or Ehlers. For these 
methods, individual DV values are almost exclusively below ±1 %. Still good is the performance 
of the UNB algorithm with an average score of –4.05 %. Except for the Blue channel produced 
by the M-IHS transformation, serious losses of image content are recorded for the remaining 
methods. Mean DV values for the merging techniques M-IHS, PCS, Wavelet and GS range 
between –16.27 % and –27.75 %. The overall impression arising from these statistics is that the 



260 

 

 

                                                                                                                                                                                            

 

loss of image content, rather than the invention of artificial information, is the greater problem of 
the synthetic images after fusion with a certain operator. 

Table 3: DV scores as a function of the data fusion techniques investigated. 

 
Blue Green Red Red-Edge NIR Mean 

Ehlers -0.22 -1.00 -0.36 -1.05 0.26 -0.47 

GS -9.63 -15.00 -11.87 -21.13 -81.10 -27.75 

HPF 0.03 -0.26 -0.25 -0.12 -0.16 -0.15 

M-IHS 36.34 -17.52 -48.72 -41.80 -9.67 -16.27 

PCS -22.11 -16.32 -25.36 -5.67 -40.69 -22.03 

UNB -3.29 -4.32 -4.44 -5.54 -2.64 -4.05 

Wavelet -17.42 -24.85 -30.04 -13.16 -43.39 -25.77 

Table 4: STD-DI scores as a function of the data fusion techniques investigated. 

 
Blue Green Red Red-Edge NIR Mean 

Ehlers 19.62 23.46 30.58 26.03 28.25 25.59 

GS 8.26 9.50 17.33 18.19 42.39 19.13 

HPF 13.87 18.75 29.40 20.14 30.00 22.43 

M-IHS 28.79 31.62 37.55 28.02 29.38 31.07 

PCS 15.28 18.25 31.41 16.46 42.18 24.72 

UNB 22.79 30.46 46.90 28.90 34.68 32.75 

Wavelet 14.05 18.26 27.19 21.72 25.80 21.40 

Table 5: CC scores as a function of the data fusion techniques investigated. 

 
Blue Green Red Red-Edge NIR Mean 

Ehlers 0.46 0.57 0.72 0.47 0.81 0.61 

GS 0.90 0.92 0.90 0.72 0.10 0.71 

HPF 0.74 0.73 0.73 0.70 0.77 0.73 

M-IHS -0.18 -0.02 0.35 0.15 0.75 0.21 

PCS 0.60 0.69 0.60 0.77 0.35 0.60 

UNB 0.16 0.13 0.17 0.26 0.66 0.27 

Wavelet 0.73 0.73 0.75 0.65 0.81 0.74 

The relative Standard Deviation of the Difference Image (STD-DI) between the downsampled 
fusion outputs and the original RapidEye scene is used to quantify the per-pixel level of error. 
The ideal value of this measure is 0. Table 4 highlights that the performance differences among 
the fusion methods are less distinct in this regard. Considering the average scores of STD-DI, 
the ranking is led by the GS transformation with 19.13 %, followed by the Wavelet fusion with 
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21.4 %, the HPF method with 22.43 %, the PCS with 24.72 % and the Ehlers algorithm with 
25.59 %. Only the M-IHS and the UNB techniques feature an even higher level of error having a 
relative standard deviation of 31.07 % and 32.75 %. 

Similarities between the small-size structures of the synthesized images and the RapidEye 
scene are assessed making use of the Correlation Coefficient (CC) on a per-band basis. The 
ideal value of this measure is 1. Table 5 shows that highest average correlations can be 
observed for the methodsWavelet, HPF, and GS with values of 0.74, 0.73 and 0.71, 
respectively. The midfield in this comparison consists of the Ehlers fusion and the PCS 
technique yielding a mean CC of 0.61 respectively 0.6. Inacceptable results are recorded for the 
UNB pansharpening and the M-HIS transformation. 

Spectral fidelity of the fused products is measured by the so-called Spectral Angle 
Mapper (SAM). The ideal value of this multimodal statistic is 0. As can be seen in Table 6, the 
techniques HPF, Ehlers and Wavelet are superior to the remaining methods with only minor 
spectral deviations of 0.092, 0.096, and 0.097. This is in general agreement with the findings of 
the visual performance evaluation. The fourth and fifth rank goes to the UNB pansharpening and 
the M-IHS transformation with an average SAM of 0.109 and 0.15, while GS and PCS occupy 
the last ranks with SAM values of 0.165 and 0.462, respectively. 

Table 6: SAM scores as a function of the data fusion techniques investigated. 

 
Ehlers GS HPF M-IHS PCS UNB Wavelet 

SAM 0.096 0.165 0.092 0.150 0.462 0.109 0.097 

To assess the detail retention property of the data fusion techniques under consideration, the 
spatial Correlation Coefficient (sCC) between the high-pass filtered versions of the fusion 
products and the multispectral reference can be consulted. The ideal value of this measure is 1. 
In this context, the HPF approach and, to some extent, the GS transformation clearly outperform 
all other methods (Tab. 7). HPF yields relatively high sCC scores over all spectral bands. This 
results in a mean sCC of 0.71. Only the NIR band and the Red-Edge channel generated by GS 
causes the algorithm to rank second with an average sCC value of 0.7. Even though their 
bandwise statistics may vary, satisfactory outputs are obtained from PCS, Wavelet and Ehlers 
with a mean sCC of 0.63, 0.62 and 0.51, respectively. The weakest performances can be 
attributed to the UNB pansharpening and the M-IHS transformation featuring only marginal 
similarities of 0.25 and 0.22. 

Table 7: sCC scores as a function of the data fusion techniques investigated. 

 Blue Green Red Red-Edge NIR Mean 

Ehlers 0.34 0.45 0.63 0.39 0.76 0.51 

GS 0.91 0.96 0.91 0.65 0.08 0.70 

HPF 0.72 0.70 0.70 0.66 0.75 0.71 

M-IHS -0.15 -0.01 0.32 0.17 0.79 0.22 

PCS 0.60 0.72 0.60 0.87 0.34 0.63 
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UNB 0.13 0.10 0.14 0.22 0.66 0.25 

Wavelet 0.60 0.61 0.65 0.47 0.79 0.62 

For the estimation of image sharpness on the local scale, a Profile Intensity Curve (PIC) 
comprising 60 pixels was generated for the NIR band of the original RapidEye data (Fig. 6). 
Running in North-South direction, the spatial profile starts off on a lawn of an inner-urban green 
space, crosses a main road, continues on a water body and ends up on a patch of grassland. 
Based on that, it is possible to make a comparison between the pixel values of the fused 
products and the multispectral reference along this curve. As shown in Table 8, the smallest 
Mean Absolute Error (MAE) in terms of Digital Numbers (DNs) is achieved by the methods HPF 
and Ehlers, followed by the UNB pansharpening and the M-IHS transformation with differences 
of round 843, 927, 1149 and 1224 DNs, respectively. Larger errors are recorded for the Wavelet 
fusion, the GS algorithm and the PCS with values of 2799, 3129 and an alarming number of 
7120 DNs. The more discriminating indicator of local sharpness is the Correlation Coefficient 
(CC) for each evaluation pair because it is able to express similarities and discrepancies 
between the courses of two given PICs in a single quantity. That is why the ranking of spatial 
profiles follows the values of the CC. In terms of correlation, the best performances are on the 
account of the Wavelet fusion and the HPF method with CC values larger than 0.9. Still good 
results yield the Ehlers fusion, the M-IHS transformation and the UNB algorithm featuring 
correlation scores of 0.88, 0.87 and 0.85, respectively. Similarities decrease for the NIR band 
generated by the PCS method with a CC of 0.54. Strongest decorrelations can be observed for 
the GS transformation that results in a negative CC. 

Table 8: MAE and CC scores for the generated PIC. 

 
MAE CC 

Ehlers 927 0.88 

GS 3129 -0.22 

HPF 843 0.91 

M-IHS 1224 0.87 

PCS 7120 0.54 

UNB 1149 0.85 

Wavelet 2799 0.91 



263 

 

 

                                                                                                                                                                                            

 

 

Figure 6: PIC used to assess local sharpness. 

The global error of each multispectral fusion product is quantified with the help of the 
dimensionlessglobal relative error of synthesis, called ERGAS. In the context of optical–pan 
fusion applications, for example the fusion of the Ikonos multispectral bands and the 
corresponding panchromatic image, Ranchin et al. (vii, page 14) report that ‘an ERGAS larger 
than 3 corresponds to fused products of low quality, while an ERGAS less than 3 denotes a 
product of satisfactory quality or better’. However, Table 9 clearly shows that these requirements 
cannot be fulfilled when high-resolution SAR data and optical imagery are merged at pixel-level. 
Surprisingly, the GS transformation performs ‘best’ having an ERGAS of only 24.77. This 
corresponds to a value that is 8 times higher than it should be for optical–pan fusion scenarios. 
The second, third and fourth ranks are occupied by the methods HPF, Ehlers and UNB with an 
ERGAS of 41.61, 58.91 and 68.36, respectively. The weakest performances in this competition 
can be observed for the M-IHS transformation, the PCS and, unexpectedly, the Wavelet fusion, 
for which the error of synthesis is 86.36, 92.09 and 115.6. Even though these absolute numbers 
may be hard to interpret, note that ERGAS is considered as a robust measure due to its 
independence of units, the number of spectral bands as well as the resolution ratio (xxviii). 

Table 9: ERGAS scores as a function of the data fusion techniques investigated. 

 
Ehlers GS HPF M-IHS PCS UNB Wavelet 

ERGAS 58.91 24.77 41.61 86.36 92.09 68.36 115.6 

Given these numbers, it is possible to propose the final ranking of image fusion techniquesby 
averaging the individual rankingsobtained from both the visual analysis and thestatistical 
evaluation(Tab. 10). The first three ranks belong to the fusionoperators HPF, Ehlers and 
Wavelet, which basically reflects the findings from the visualperformance evaluation (second 
column of the table). In addition, only HPF and Ehlers offer the flexibility that allowsusers to 
control the trade-off between ultimate spatial enhancement and optimum colorpreservation 
during the fusion process.The middle section comprises the GS transformation and the UNB 
algorithm, whereas the last ranks are represented by the PCS and the M-IHS transformation. 
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Finally, it is interesting to see that HPF clearly outperforms all of its competitors because it 
constantly ranks among the best methods, regardless of the fusion aspect that is analysed. This 
algorithm does the best job at striking a balance amongst all fusion quality criteria that have 
initially been defined. Thus, if the question is which data fusion technique is suitable to 
successfully integrate high resolution TerraSAR-X data and multispectral RapidEye imagery into 
a single remote sensing product, the answer should read HPF. 

Table 10: Final ranking of the image fusion techniques investigated. 

 
Visual MB DV STD-DI CC SAM ERGAS sCC PIC Mean Rank 

Ehlers 2 5 2 5 4 2 3 5 3 3.44 2 

GS 6 4 7 1 3 6 1 2 7 4.11 4 

HPF 1 2 1 3 2 1 2 1 2 1.66 1 

M-IHS 7 3 4 6 7 5 5 7 4 5.33 7 

PCS 5 6 5 4 5 7 6 3 6 5.22 6 

UNB 4 1 3 7 6 4 4 6 5 4.44 5 

Wavelet 3 7 6 2 1 3 7 4 1 3.77 3 

DISCUSSION 

Fusion quality and scale dependency 

The most vulnerable part of the statistical evaluation of fusion methods is certainly the 
assessment strategy for the synthesis property. Following this approach, the relative differences 
amongst the synthesis quality of each fusion technique investigated are assumed to be 
independent of the scale on which they are assessed (xxv) – a hypothesis that is worth 
discussing. Wald et al.(vi) investigated a number of papers dealing with the influence of 
resolution on the quantification of parameters extracted from satellite imagery. The authors 
come to the conclusion that ‘the quality of the assessment of a parameter is an unpredictable 
function of the resolution’ (vi, page 698). Hence, it cannot be proved if the results of the 
statistical evaluation at low resolution can be extrapolated to the highest spatial resolution. 
Nevertheless, the authors state that it is reasonable to assume that ‘the quality of the synthetic 
images at the highest resolution […] is close to that at the lowest resolution’ (vi, page 698). This 
finding is substantiated by the recent work of Thomas & Wald (xxxiv), who analysed changes of 
fusion quality budgets with scale for an overall number of 44 case studies. For most of them, the 
above-discussed assumption is validated. However, the authors still argue that individual 
outcomes might depend on several factors such as the set of performance measures used, the 
resolution ratio, the fusion methods investigated or the resampling process. The need for further 
investigation is therefore underlined. 

What means ‘good’, ‘better’, ‘best’? – Fusion potential of TerraSAR-X and RapidEye 
imagery for urban mapping applications 
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The main outcome of the data fusion contest is that the HPF resolution mergeis suitable to fuse 
high resolution TerraSAR-X data and multispectral RapidEye imagery at pixel level. While this 
enables the a priori selection of the HPF method for its use withinthe framework of an urban land 
cover classification, this finding does not verify the potentialof the resulting synthesized images 
to improve mapping accuracies. For this reason, a briefpre-up evaluation shall be given in the 
following. 

Taking a look at the qualitative and quantitative results of this study, it becomes clear thatlabels 
such as ‘good’, ‘better’ or ‘best’ are inarguably relative attributes to describe fusionperformance. 
In order to put these descriptors into context, the ERGAS statistics, providinga view on the 
global error of each multispectral fusion product, can be consulted as abenchmark. In the 
corresponding ranking, the GS transform performs ‘best’having an ERGAS of ‘only’ 24.77. 
However, Ranchin et al. (vii, page 14)state that ‘an ERGAS largerthan 3 corresponds to fused 
products of low quality, while an ERGAS less than 3 denotes aproduct of satisfactory quality or 
better’.This means that thesynthesis error of the spectral bands produced by the GS method is 8 
times higher than it isrequired.The second rank in this comparison is occupied by the winning 
algorithm of thedata fusion contest.The HPF resolution merge features an ERGAS score of 
41.61, which isalmost 14 times worse than it should be in order to confirm quality in synthesis. 
Amongstothers, these observations exemplify the relativity of the contest results. And in the 
sense of Wald(xxxv, page 1191), this indicates that ‘best’ does not necessarily mean ‘of greater 
quality’ oreven suitable for an improved urban land cover characterization.Therefore, future 
research schedules the high resolution multispectral RapidEye imagery, as synthesized by the 
HPF method, to become part of an object-oriented urban land cover classification in order to 
analyse its potential to improve mapping accuracies. 

CONCLUSIONS AND OUTLOOK 

This study evaluated the capabilities of existing image fusion techniques to successfully 
integrate high resolution TerraSAR-X data and multispectral RapidEye imagery into a single 
remote sensing product of both high spatial and high spectral resolution. Results suggest that 
only two of the pansharpening algorithms available in standard remote sensing image analysis 
software produce outputs that are both visually appealing and statistically satisfying. Amongst 
them are the High Pass Filter (HPF) resolution merge and, to a somewhat lesser extent, the 
Ehlers fusion, which outperform all other methods in qualitative as well as quantitative regards. 
Moreover, these approaches provide the flexibility that allows users to control the trade-off 
between optimum spatial enhancement and ultimate color preservation during the fusion 
process. The HPF resolution merge deserves special acknowledgement because it very 
constantly ranked among the best methods, regardless of the fusion aspect that is analysed.The 
spectral bands synthesized by this algorithm are of consistently higher quality – an observation 
that does not apply to any of the other algorithms. Obviously, the design of this method is 
highlysuitable for the combination of high resolution SAR data and multispectral datasets at pixel 
level. 

Although these findings suggest the a priori selection of the HPF method for its use within the 
framework of an urban land cover classification, they do not verify the potential of the resulting 
synthesized images to improve mapping accuracies. For this reason, a brief pre-up evaluation 
led to the conclusion that labels such as ‘good’, ‘better’ or ‘best’ are inarguably relative attributes 
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to describe fusion performance. In order to put these descriptors into perspective, a quality 
measure providing a view on the global error of each multispectral fusion product was consulted 
as a benchmark. In the case of the HPF resolution merge, which ranked second in this 
comparison, the error was almost 14 times worse than it is required in order to confirm quality in 
synthesis. Amongst others, this observation exemplified the relativity of the study results. 

The approval of this initial evaluation will be part of future investigations, where the high 
resolution multispectral RapidEye imagery,as synthesized by the HPF method, becomes part of 
an object-oriented urban land cover classification in order to analyse its potential to improve 
mapping accuracies. It seems reasonable to assume that the characterization of certain image 
features may be enhanced after fusion, while the detection of others might be hindered as well. 
Close attention will be paid to the system-immanent geometric and radiometric distortions that 
are introduced by the Radar scene during the merging process because it is believed that their 
impact on the fusion output is crucial to the success of the classification. This ultimately helps 
clarifying the qualities and drawbacks of a pixel level fusion of high resolution TerraSAR-X data 
and multispectral RapidEye imagery in this regard. If its shortcomings outweigh the advantages, 
the conclusion that should be drawn is that the optical–SAR integration should rather be 
performed on the next processing stage of image fusion, that is, the feature level. This would 
allow for a selective merging of features that are only visible in one of the complementary 
datasets without introducing any undesired information to the fusion result. 
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