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Abstract 
 
Casablanca, Morocco’s economic capital continues today to fight against the proliferation of informal settle- 
ments affecting its urban fabric illustrated especially by the slums. Actually Casablanca represents 25% of 
the total slums of Morocco [1]. These are the habitats of all deprived of healthy sanitary conditions and 
judged precarious from the perspective humanitarian and below the acceptable. The majority of the inhabi- 
tants of these slums are from the rural exodus with insufficient income to meet the basic needs of daily life. 
Faced with this situation and to eradicate these habitats, the Moroccan government has launched since 2004 
an entire program to create cities without slums (C.W.S.) to resettle or relocate families. Indeed the process 
control and monitoring of this program requires first identifying and detecting spatial habitats. To achieve 
these tasks, conventional methods such as information gathering, mapping, use of databases and statistics 
often have shown their limits and are sometimes outdated. It is within this framework and that of the great 
German Morocco project “Urban agriculture as an integrative factor of development that fits our project de- 
tection of slums in Casablanca. The use of satellite imagery, particularly the HSR, has the advantage of 
providing the physical coverage of urban land but it raises the difficulty of choosing the appropriate method 
to apply.This paper is actually to develop new approaches based mainly on object-oriented classification of 
high spatial resolution satellite images for the detection of slums.This approach has been developed for 
mapping the urban land through by integration of several types of information (spectral, spatial, contextual ...) 
(Hofmann, P ., 2001, Herold et al. 2002b; Van Der Sande et al., 2003, Benz et al., 2004, Nobrega et al., 
2006). In order to refine the result of classification, we applied mathematical morphology and in particular 
the closing filter. The data from this classification (binary image), which then will be used in a spatial data- 
base (ArcGIS). 
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1. Introduction 
 
The study by the World Bank [1] showed that Casa- 
blanca has the largest population of slums with approxi- 
mately 45,000 households located in 270 nuclei, or a 
quarter of the total national population of urban slums. 
This type of habitat is populated by the most impove- 
rished social strata, not complying with the Building 
Standards (illegal or non-regulatory), with a low or ab-
sent infrastructure and no security measure [2]. Often 
these habitats are covered with recycled materials (sheets, 
plastics, wood ...) and organized as clusters of strong 
condensation of several informal settlements. Some 

neighbourhoods such as Hay Mohammadi, Ben M’sik, 
Sidi Moumen has always housed the largest concentra- 
tions of slums and even wealthy neighbourhoods as Anfa, 
Ain Diab, Racine, California have their own islands of 
poverty so that it becomes excessive to conclude to a real 
structure of spatial segregation [3]. View the restriction 
of traditional methods employed (field visits/observation) 
and the unknown dynamic of the metropolitan population 
[4], the Moroccan government adopted in January 2005, 
a new innovative approach to monitor and map the slums 
through remote sensing (aerial photographs, satellite im- 
agery ...) in some pilot cities. 

Certainly, satellite imagery has shown several ad- 
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vances in extraction of different urban entities providing 
timely and accurate responses to the occupation of urban 
land. However, very few studies have focused on map- 
ping slums in urban areas [2,5-10] but their application 
in urban North Africa today remains marginal or even 
absent.  

The objective of this work is to extract, identify and 
map these slums in the city of Casablanca in 2004 
through an object-oriented classification of a SPOT-5 at 
2.5 m spatial resolution. 
 
2. Material and Methods 
 
2.1. Location of the Study 
 
Morocco’s economic capital and one of the largest cities 
in the continent, Casablanca is the largest city in Mo- 
rocco with more than 3 million inhabitants with a total 
area of 1,140.54 km2 [1] (Figure 1). Casablanca is 
located on the Atlantic coast about 100 km south of the 
administrative capital (Rabat). The Wilaya of Greater 
Casablanca includes two prefectures (Mohammedia & 
Casablanca) and two Provinces (Nouaceur or Nouasser 
and Mediouna) for a total of 17 municipalities, 10 urban 
and seven rural communities. 
 
2.2. Available Data and Preprocessing 
 
Satellite images become now an essential tool for plan- 

ning and land development due to the frequency of shots 
and the spatial resolution more and more efficient. The 
launch of satellites with high spatial resolution (HSR), 
such as SPOT-5 (2002) with 10 m spatial resolution 
multi-spectral mode and 5 m spatial resolution in pan- 
chromatic mode, allowed the extraction of different ur- 
ban entities. The main data used in this work are:  
 Image of SPOT-5 Casablanca taken March 16, 2004, 

georeferenced, orthorectified and merged with 2.5 m 
spatial resolution. This picture was taken during a 
sunny month which helped the contrast between dif- 
ferent urban entities. To improve the visual quality of 
this picture we have carried image enhancement and 
filtering operations (Figure 2). 

 Cards Master of Urban Planning of the Wilaya of 
Greater Casablanca provided by the Urban Agency of 
Casablanca used to validate. 

 Topographic map of the city of Casablanca, (NI-29- 
sheet XI-3B) wide 1/50000 used for tracking in the 
field and for areas difficult to access. The images of 
Google Earth Server Map and Google Map have been 
very useful.  

The satellite data processing was performed on Erdas 
Imagine then Envi Zoom. The classification results were 
vectorized and exported to ArcGIS.  
 
2.3. Methodological Approach 
 
The study of the urban fabric has always interested  

 

 

Figure 1. Geographical location of the city of Casablanca. 
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Figure 2. (a) merged Image SPOT-5 of the city of Casablanca; (b) Overview of slums on image SOPT-5 of Casablanca. 

 
several researchers in management and urban planning. 
The use of satellite imagery has the advantage of pro- 
viding the physical coverage of urban land but it raises 
the difficulty of choosing the appropriate method to 
apply. Several pattern recognition algorithms are used in 
urban areas on images HSR: the urban morphology 
[11-15], INDVI [16], the image thresholding [17], neural 
networks [18,19], semi-automatic procedure [20], Digital 
Elevation Model [21], yet the object - oriented approach 
[22,23], the index of landscape [10], clustering and 
geographic information system [24,25]. 

Choosing one method over another is not easy and 
depends on data availability and purpose of the study. In 
the context of detecting the slums, some studies have 
used aerial photographs [7], others a semi automatic [20] 
or supervised classification by maximum likelihood [10]. 
Also, urban space, by its very heterogeneous nature, 
becomes more complex to study by the presence in soil 
of many objects different by their shape, direction, size, 
material depending on the type of habitat [2] and this in 
addition to the constraints inherent to the pixel size (2.5 
m) [10]. The combination of the texture will certainly 
improve the quality of classification [26-28] and will 
make easier the identification of the slums among  other 
objects with similarities and which can lead to confusion 
in interpretation (built dense, unhealthy habitat, roof...). 

Since decades, the approach classification “object - 
oriented” has been developed for mapping the urban land 
through the integration of several types of information 
(spectral, spatial, contextual ...) [6,23,29-31] hence its 
adoption for this project. Figure 3 illustrates the metho- 
dology adopted in this work to map the slums of Casa- 
blanca. 

2.4. Object-Oriented Classification 
 
The object-oriented classification in ENVI is an iterative 
process carried out in two stages: 
 Segmentation: sequence of several steps of segment- 
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Figure 3. Methodological flowchart. 
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ing the image into regions. 
 Supervised classification. 
 
2.4.1. Segmentation 
It consists to subdivide the image in the visible range, in 
homogeneous regions, taking into account the spectral 
parameters (mean, standard deviation index calculation), 
space (size, shape) and contextual (spatial relationships 
between regions) [32-35]. During this process, segments 
are created by fusion of adjacent pixels forming sub 
objects that will be gradually merged with their neigh- 
bors to create objects of sizes larger and larger with 
similar forms well distributed in the urban space accord- 
ing to a scale parameter (or criterion of heterogeneity) 
defined by the user. The objects thus created are linked 
together by a hierarchical network representing the rea- 
lity on the field [28-36] (Figure 4). This parameter, also 
called “weight” determines the segmentation process and 
therefore the size of the segmented objects. The higher 
this parameter is, the higher the items are of larger size. 
These parameters were set at 30 for level 1 and 93.3 for 
level 2. 
 
2.4.2. Classification of the Image SPOT-5 
After segmentation, the second step is to group objects 
and assign them a probability or degree of belonging to a 
given class from the robust rules of recognition of the 
regions. Several knowledge rules can be combined to 
define the classification rule of a given object, corre- 
sponding to the method of “nearest neighbors”, or the 
method of “membership functions (fuzzy logic) or a 
mixture of two [37]. 

Supervised classification in ENVI Feature Extraction 
is an iterative process from the “nearest neighbor” 
algorithm based on K-nearest neighbor. The advantage 
of the approach “nearest neighbor” is that classes are  
 

 

Figure 4. Principle of multi-resolution segmentation modi- 
fied of [38]. 

defined based on a variety of attributes spatial, spectral 
and textural and is dependent on the choice of training 
sites. 

The choice of training sites was an important step in 
the classification process adopted. These training sites 
were chosen carefully for they are as representative as 
possible of the class slums. However, due to the strong 
heterogeneity of the urban environment and the com- 
plexity of the objects to be extracted, the result of object- 
oriented classification of SPOT-5 image shows the pre- 
sence of bad pixels assigned to predefined themes giving 
a salt-effect pepper. 

Certainly, the best classification results are closely 
related to the choice of training sites and in order to 
define the different thematic classes we performed an 
unsupervised classification based primarily on spectral 
signatures. Roughly, two classes are distinct urban image 
SPOT-5 (Frames, vegetation (dense and grass)). Thus a 
wide range, the most representative samples were 
collected for major urban classes (vegetation, built and 
slums). The result of this classification is a binary image 
(slums/No-slums). 
 
2.4.3. Validation of the Classification 
The evaluation of a classification is a complex concept 
that includes the reference to several criteria that can 
occur in several stages [39]. The main idea is to deter- 
mine the accuracy of this classification by comparing the 
results with data provided from the reality in the field. 
These realities comes from Master Plan (Department of 
Urban Planning of the Wilaya of Greater Casablanca [40] 
provided by the urban agency in Casablanca and physical 
verification. 

In general, the classification evaluation is done by 
calculating two indices from the confusion matrix: over- 
all accuracy and Kappa index. The Kappa index indicates 
how to classify the data agree with reference data [41,42] 
Given that the main theme of this study focuses on one 
topic or class slums, the evaluation of this classification 
will be calculated manually empirically using the ge- 
ographic information system (ArcGIS) and this by 
calculating commission and omissions errors on this 
class. 
 
3. Results and Discussions 
 
The choice of training sites was an important step in the 
classification process adopted. These training sites were 
chosen carefully for they are as representative as possible 
of the class slums. However, due to the strong heteroge- 
neity of the urban environment and the complexity of the 
objects to be extracted, the result of object-oriented clas- 
sification of SPOT-5 image shows the presence of bad 
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pixels assigned to predefined themes giving a salt-effect 
pepper. The result of the classification (binary image) is 
then exported to ArcGIS, mapping of slums in the city of 
Casablanca is achieved.  

In order to remove misclassified pixels and to refine 
the result of classification, we applied mathematical mor- 
phology and in particular the closing (succession of dila- 
tion and erosion). The tests showed that the window of 
the structuring element for better results is that of 9 * 9 
(Figure 5). 

After the classification and the passage of the filter 
(closing), evaluation of results was done according to 
quantitative (number of slums correctly present in the 
SDAU, 2004; errors of commission and omission) and 
qualitative methods (form, difference between slums and 
informal settlement...). The overlay map slums (SDAU) 
in 2004, provided by the urban agency in Casablanca, on 
the map after the object-oriented classification of the 
SPOT-5 shows that 64 of 75 slums have been properly 
classified and 29 items were incorrectly assigned to this 
class. Thus, the commission error is 29 * 100/93 = 31% 
and omission error is 11 * 100/64 = 17%, precision user 
(Pu) is 64 * 100/93 = 69% and the accuracy of producer 
(Pi) is 64 * 100/75 = 85%. We assume that the precision 
obtained through the classification of object-oriented 
image SPOT-5 is quite high. 

Knowing the heterogeneity and complexity of the 
spectral coverage of urban land, and for the spatial 
resolution of the image used, some objects appear to 
have similarities (show and textural) with slums which 
implies their assignment to this class. Analysis of urban 
objects committed to the class slums shows some visual 
similarity between them because of their shape and their 
spectral signature (Figures 6 and 7) these objects are 
either slums, densely built or in some cases bare soil. 

On slums that were omitted from the classification are 
primarily small sizes averaging 3800 m2 or 240 pixels,  
 

 

Figure 5. Image SPOT-5 classified. 
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Figure 6. Section of the SPOT-5 image of the city of Casa- 
blanca showing habitats unhealthy (white) assigned to the 
class of slum. 
 

 

Figure 7. Section of the SPOT-5 in the Casablanca slums 
showing (red) unclassified. 
 
these clusters are isolated rather than clustered buildings. 
Also, these slums have different spectral responses from 
those of all slums and who were chosen as training site 
(Figure 8). 
 
4. Conclusions 
 
Through this study, we demonstrated the importance of 
using satellite images with high spatial resolution 
SPOT-5 in particular the identification and quantification 
of these slums in the city of Casablanca. We also showed 
that object-oriented classification approach has proven 
remarkably effective for the extraction of slums (85%). 
This result is satisfactory and fulfills our stated objective. 
It also confirms the relevance of the image to SPOT5 2.5 
m spatial resolution to discriminate the class slums pre-  
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Figure 8. Sections of the SPOT-5 with slums unclassified. 

 
ssent in a heterogeneous environment such as urban 
areas.  

Even if the result obtained using the “feature extrac- 
tion” ENVI Zoom gives reliable results, but it never- 
theless remains limited. This limitation is due to the fact 
that some urban classes with a high spectral and textural 
similarity may be confused and will diminish the quality 
of the classification where the complexity of extracting 
the urban class. 

This research may provide a basis for more advanced 
work on the implementation of a map of urban settlement 
where we can distinguish between different urban en- 
tities. Thus, the map after this classification will be used 
as a basis for establishing a spatial vector database of the 
slums of the city of Casablanca. Another approach based 
on an analysis of the diachronic evolution of the class of 
slums can also be the subject of new research or even an 
estimate of the urban slum [43].To do so would require 
several images taken at different times as this will also 
identify the slums but also to assess the rate of pro- 
gression and use of satellite images of higher resolution 
will be an asset (eg IKONOS 1m spatial resolution). 
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