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EVALUATION OF THE CAPABILITIES OF SATELLITE IMAGES 
ALSAT 2-A FOR EMERGENCY MAPPING IN URBAN AREAS, 
CASE OF THE CITY OF M’SILA (ALGERIA) 

Tarek Medjadj, Hayet Ghribi

Summary

In this paper, we will show the capabilities and limitations of Alsat-2 images in mapping urban 
areas in emergency situation. The aim of the research was to provide urban information that 
is geo-referenced in real time during natural disasters (floods, earthquakes). It’s important for 
fast decision-making so that they will be a necessary support for the estimation of the damages.
The following study tests the spatial and radiometric quality of Alsat 2-A images and proposes 
technical solutions for theiruse in urban mapping.
In order to identify and extract the ground realities, we shall describe and make an effort to 
discern the perceptible aspects of features in urban area. The adopted methodology carries out 
a statistical analysis of the information extracted from Alsat-2 images of the studied area (the 
city of M’Sila, Algeria) using classification and segmentation methods. The statistics will show 
the percentage of the area in relation to the total size of geometric surface and the distance for 
linear objects. As a result, the quality of the extracted urban texture necessary for urban map-
ping will be determined. Image processing to improve resolution quality was carried out using 
merging method. However, the analysis of consistency and discrepancy of these statistics will be 
done by comparing samples of field data using confusion matrix.
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1.	 Introduction	

The lack of high spatial resolution imagery prior to 1997 is the main reason for insuf-
ficient research on remote sensing in urban areas. Since then, a variety of processes 
have been covered in multiple studies using high-resolution imagery [Dubois et al. 
1997, Shan Yu et al. 1999, Donnay et al. 2000]. With the emergence of very high-
resolution satellite imagery (Ikonos, Quickbird, OrbView, Cartosat, Spoot 5), great 
efforts have been made in the related fields of urban remote sensing [Puissant and 
Weber 2003, Bhatta et al. 2010, Van der Kwast et al. 2011, Weng 2012, Armand 2016, 
Brown and McCarty 2017, Leichtle et al. 2017]. In Algeria, the National Institute 
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of Cartography and Remote Sensing has adopted “two scales [that] were used for 
the base mapping: 1/50 000 for the northern part, which covers one fifth of the area 
of   Algeria and 1/200 000 for the entire national territory. The base map 1: 50,000 
was produced from the photogrammetric restitution of aerial photographs at scale 
1: 64,000” [Haddanou 2005]. However, the priority was to complete the base maps 
for the entire territory of Algeria, particularly, the northern parts of the country. 
Recently, a new satellite was launched that uses high resolution spatial satellite imag-
ery for mapping at finer scales including the production of space maps and base map. 
The satellite Alsat-2A was launched by the Algerian Space Agency (ASAL) in 2012. 
It has not yet been explored in urban studies except the papers published by Medjadj 
[2018] and Ourabia et al. [2016]. The availability of high resolution images of urban 
areas gives an opportunity to explore remote sensing for urban mapping more. These 
images disrupt our understanding of the complexity of urban space, and they have 
a capability of achieving good spatial and spectral resolution. This will open a new 
perspective in analysing the problems of urban spaces. We have already seen, in the 
case of Algerian cities, “a significant heterogeneity of urban forms, objects size and 
their spatial organisation due to the context of rapid urbanisation combined with the 
urban anarchy inherited from several planning models” [Medjadj 2018]. In the city 
of M’Sila (the area of study), there are several neighbourhoods experiencing flooding 
problems, often located on the side of a water stream, or even in a riverbed, while lack-
ing any rainwater catchment system. In the region of Hodna (2007, 2019) there are 
a lot of rainstorms that cause enormous damage, both material or human. Knowing 
“that 1066 000,00 DA is the investments committed to the fight against floods in 
wilaya of M’Sila in 2018/2019” [MRE 2019]. To minimise the risk of damages due to 
flooding in the city of M’Sila, we study the high spatial resolution images to produce 
maps for use in risk prevention and risk management (post-disasters). Our study does 
not only concern the extraction of feature objects from Alsat 2-A images but also the 
production of structured information that will be interoperable with GIS. The time 
factor is taken into account, therefore our estimates are based on quality tests and on 
the time required to meet the conditions and needs of risk prevention/management. 
The impervious surface has an important role in the process of collecting rainwater 
in the city of M’Sila. “Location, geometry and spatial patterns of impervious surfaces, 
and the previous-impervious surface ratio […] have a hydrological impact” [Weng 
2012]. However, it does not indicate only surface objects (such as buildings) but also 
linear objects. In the case of high-resolution images, linear objects in urban space 
will have one breadth and they had a surface (such as streets). Therefore, in our case 
we will concentrate on the extraction of the impervious surface, with less empha-
sis on interpretations of the urban features. Information on impervious surfaces is 
extremely important for urban planning, and particularly for rainwater harvesting. 
They could also be an indicator in the ranking of flood zones in the city of M’Sila.

Several techniques have been applied for mapping at the urban scale (photogram-
metric method, Radar, Lidar). The data quality depends on the performance of the 
techniques were used. The Global Positioning System (GPS) could also provide valu-
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able information on this subject, but at a  high costs and a  long time. In the past, 
operators have used digitalisation from aerial photographs to retrieve information 
from the ground. Recently, there have been new development sin algorithm-based 
automatic extraction methods. These were the results of research that were carried 
out in the field of urban mapping from high spatial resolution satellite imagery 
[Puissant and Weber 2003, Shen et al. 2011, Benza et al. 2016, Taubenböck et al. 
2017, Zhu et al. 2018].

2.	 Study	area	and	data	source	

2.1.	Area	of	interest	

M’Sila is a medium-sized city in Algeria. It covers an area of 18,175 km2 with an esti-
mated population of 1,210,952 inhabitants, an average density of 66 inhabitants/km2 
[RGPH 2008]. The population growth rate of the wilaya of M’Sila is estimated at 2.1%/
year between 2008 and 2022, according to the national statistics office.

The studied area is part of the municipality of M’Sila, and includes the land use of 
the city and land cover of the whole space covered by the Alsat 2-A image scene (Cf. 
Fig. 2). Located between two viewing circles: ‘35.48°, ‘35.67° north of the equator and 
linear length: ‘4.57°, ‘4.48° east of Greenwich line (Cf. Fig. 1).

Source: Authors’ own study

Fig. 1. Location of the study area
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The city of M’Sila is located in the Hodna Region. It is characterised by a semi-arid 
climate with precipitation of around 400 mm/year, according to data from the national 
meteorological office. The topography of the area is homogeneous with vast plains 
crossed by small hills. The vegetation cover is not dense and is characterised by small 
plants in theform of breedingpastures.

2.2.	Data	source	and	software	

The ALSAT‐2A satellite provides two types of images, panchromatic (PAN) and multi-
spectral (MS). We have used both types of images (PAN/MS) to cover the study area. 
Each kind of images is different in terms of radiometry and spatial resolution:
PAN mode: 2,5 m with spectral band: 0,45–745 µm 
MS mode: 10 m with spectral band (04 bands)

• B1: 0.45–0.52 µm (Blue),
• B2: 0.53–0.59 µm (Green),
• B3: 0.62–0.69 µm (Red),
• B4: 0.76–0.89 µm (Near Infrared). 

Swath of Both scene elementary (PAN/MS): 17.5 km × 17.5 km (306.25 km²)
There are several software packages for processing satellite imagery that have signif-

icant potential and capabilities in terms of analysis. We have used the orfeo toolbox 
under the Qgis open source which offers advanced functionalities and allows access 
to the sources of the programs to run and even improve the algorithms if necessary. 
Our choice was motivated by the analysis and processing capabilities providedby this 
software as well as bythe possibilitiesrelated to the rights of use as open source.The 
entire mapping process, whichwe called “Map chain”, could be done with the Qgis and 
the orfeo module. No other softwarecould do this task on its own. We have to use two 
types of software, one to processthesatellite images (remote sensing) and the other to 
processthe retrieved vector data (GIS).

3.	 Materials	and	methods	

The applied scale of mapping and spatial resolution of images are interdependent. 
However, identifying urban features comes a  san in convenience that is related, in 
particular, to the accuracy (the tolerance of geometric error) and the shadows gener-
ated by the buildings. Lhomme [2005] tried to propose a solution to this problem by 
developing an extraction method for buildings after a strict formalisation of objectives 
of approach based on textural building definition. In the following, additional informa-
tion (such as shadows and vegetation) are integrated to reduce commissions errors. 
The shadow casted by buildings, often generated by the angle of the solar incidence, is 
a visual noise of an image. The height of buildings in the majority of collective housing 
areas of the city of M’Sila does not exceed 5th floors. The reason for this is a directive 
of the master plan for development and urban planning (PDAU) and the land use plan 
(POS). So, the effect of the high building will have no impact on our case, especially, 
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if we choose the optimum moment for the shooting. In fact, the angle of incidence of 
electromagnetic radiation during the shooting must be taken into account to minimise 
the shadow cast by buildings which could obscure impervious surfaces (roadways and 
sidewalks). “Distortions in the shadows cast by buildings can also affect the accuracy 
and quality of urban information, as urban streets can be misclassified as vegetation, 
leading to an error rate of 30%” [Van der Linden and Hostert 2009].

The extraction of urban structures and objects, whether linear or planar, is a very 
active research area due to the usefulness of the information obtained for risk manage-
ment and the study of changes in land use. In particular, several methods have been 
developed based on mathematical morphology approaches [Mohammadzadah et al. 
2006, Benblidia et al. 2006], the pre-exile classification of images [Zhang et Lin 2010, 
Matgen et al. 2011, Zhu et al. 2018] and segmentation [Michel 1988]. 

After a review of the main methods used for the identification and extraction of 
urban objects it should be noted first that Puissant and Weber [2003] has conducted 
an interesting research for the detection of geographic information compared to the 
spatial resolution of satellite images. They arrive at the threshold of detection of opti-
mal geographic objects (Cf. Table 1). 

Table 1. The detection threshold of spatial objects of optimal spatial resolution 

Objects Optimal spatial resolution

Square objects with circular pavilions, individual trees 0.8 to 1 m

Linear objects, such as roads 1 to 2 m

Rectangular objects, such as square buildings 2 to 3 m

Areas of any shape type, vegetation zone 6 to 8 m

Source: Puissant and Weber [2003].

The analysis of Table 1 already shows the limits of Asat 2-A images (MS) that a spatial 
resolution of 10 m. Therefore, it is not sufficient for the identification of ground features 
in urban areas, as shown in Fig. 3: subset (a). Therefore, we thought of using the merg-
ing method to improve the quality of multispectral images (MS). It will be merged with 
a panchromatic image which has a resolution of 2.5 m as shown in Figure 3: subset (b). 
As a result, we will obtain a new merged multispectral image with a resolution of 2.5 
m. The value of the panchromatic channel is proportional to the integrated correlation 
it has with the multi-channel spectrum, using the following equation [Ranchin and 
Wald 1995]:

 pin (x, y) = [(Muln (x, y) ∙ (1 – coefn)) pan 2 + (x, y) ∙ (1 – coefn) 2] ½ (1)

where: 
pin – pixels resulting from the integration of Muln and panchromatic,
n – channel number, 
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Muln – numerical value of the pixel (x, y) of the n-channel multi-spectral image, 
coefn – correlation coefficient for the panchromatic channel with Muln channel.

Secondly, we will apply the classification and segmentation methods to perform 
tests on the Aalst 2-A images that were previously merged. At the end of each process 
we have to identify the urban features. An exhaustive list of all georeferenced details 
will be presented as the percentage of the total studied area. This test will be followed 
by a statistical analysis of the details of the extracted features. Also, the purpose of this 
stage of research is to create a  table for a  comparison between three cases of image 
processing applied to each subset of area of interest. Therefore, the characteristics 
and specificities of the form and size of urban objects will be described in order to 
certify the detection capability for each type of urban features. The statistics will then 
be presented as the percentage of areas in relation to the total size of the natural and 
geometric surface themes, and as the distance in kilometers for linear themes. These 
statistics will be examined in the next stage. 

Finally, an analysis of the consistency and discrepancy of these statistics will be 
run to validate the accuracy of the results. At this stage, we have planned to calculate 
a statistical index called the Kappa index. This index is used to select the best result 
according to the methods used to extract data. It will be calculated from the informa-
tion of the confusion matrix where the rows are reserved for the observation data (data 
field) and the columns for the extracted data. It is therefore a quality estimator which 
takes into account errors in rows and columns. Its value is between 0 and 1.

Source: Authors’ own study 

Fig. 2. Methodology flowchart

Aalst 2A
images MS (10 m)
and PAN (2.5 m)

Merging

Segmentation Classification
Features

extraction

Calculate KappaConfusion
matrix

4.	 Results	and	discussion	

4.1.	Which	resolution	for	which	needs?	

In order to definethe experimental protocols, the scientific user simply has to find the 
treatment that best suits his expertise and the objective he has set. We have planned 
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a  reprocessing chain of two images, raw multispectral and panchromatic satellite 
images. This chain starts with the radiometric correctionof the multispectral image 
and the geometric corrections of both images. These two images are superimposed and 
merged, in order to exploit the advantages of each of them. The multispectral image 
offers a better radiometric resolution to the radiometric classification, which is very 
useful, while the panchromatic image givesa better spatial resolution to discriminate 
urban objects.

In the following (Cf. Fig. 3), a subset of images which represents the spatial quality 
before / after processing with the “Merge” option (a + b = c). 

Source: Authors’ own study

Fig. 3. Merging process between MS and PAN Alsat 2-A images

A subset (a): image MS Alsat 2-A (10 m) A subset (b): images PAN Alsat 2-A (2 5 m).

subset (c): image MS Alsat 2-A merged (2 5 m).

Merging

“The lack of information on urban areas is the main inconvenience in facing and 
managing floods as 92% of the risk in cities” [UNSD 2022]. In our case, we focus on the 
geographic information need related to the emergency mapping of urban space. Before 
doing so, we will estimate the number of features extracted from a sample of urban 
areas and also examine the quality obtained by the images we use (Cf. Table 2). 
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Table 2. Accuracy of urban objects in the Alsat2-A image

MS (10 m) PAN (2.5) Merged (MS: 2.5 m)

Built-up impossible difficult easy

Street easy easy easy

Road impossible difficult easy

Vegetation difficult impossible easy

Soil impossible difficult difficult

Impervious surface impossible difficult difficult

Stream impossible impossible difficult

Bridge impossible easy difficult

As shown in Table 2, the identification of several objects (building, road, impervi-
ous surface, bridge) is difficult or almost impossible, especially in the MS and PAN 
images. When the images were merged (MS/PAN), we have obtained a better result 
but not sufficient some objects. However, the new, merged image in more capable of 
detecting objects, thus should be useful for easy extraction of buildings, streets, roads 
and vegetation. Elsewhere, it was difficult to identify other features such as soil, imper-
vious surfaces, stream and bridges. Therefore, we can confirm that the merged image 
with spatial resolution of 2.5 m is insufficient for urban mapping in the case of city of 
M’Sila where the urban area is characterised by a high density. It’s difficult to identify 
the features necessary for mapping urban disasters like floods, since such mapping 
requires more information about impervious surfaces, streams and bridges. The visual 
perception is not sufficient to extract data in a very short time that is necessary in urban 
disasters. So, to solve this problem, we will perform image processing with classifica-
tion and segmentation methods to improve the quality of identification and extraction 
of urban features whose quality is not sufficient, as was shown in Table 2. 

4.2.	Output	of	classification	method	

We have done the supervised classification of K-means options in the studied area 
(subset c). The results of processing have been presented in Figure 4. 

Urban areas are described by morphological aspects, usually using typo-morpho-
logical method analysis. Otherwise, the use of multi-spectral data with classification 
method leads to zonal descriptions of the urban space and is usually limited to the 
land or zonal descriptions of building densities [Gadal et al. 2012]. The shadows of the 
buildings are identified and classified as ground, especially in the case of unsupervised 
classification. To avoid this misclassification, we have created a  “shadow” class with 
the supervised classification method, and we obtained images classified separately. We 
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use it for filtering process to eliminate the noise caused by shadows. At the end of this 
process, we can distinguish three (3) groups of features as shown in Figure 4: 
• Features that are identifiable due to good quality like asphalt and ground (brown 

colours) but it’s difficult to distinguishing between this two types of objects.
• Features which are significant in identifying objects such as vegetation (green col-

our), but the contours of large vegetation areas are not clear and presented with 
low accuracy. Urban vegetation is detectable but it is not possible to distinguishing 
between trees and interstitial plant areas. 

• Objects that are difficult to identify and that have contours that separate them from 
other neighbourhood features. Therefore, they can only be identified in scattered 
urban areas.

Source: Authors’ own study

Fig. 4. Supervised classification of subsets image (c)

4.3.	Accuracy	assessment	of	classification	

This step consists in calculating the Kappa index. This index will be used to validate the 
results of classification and to evaluate the reliability of the map presented in Figure 
4. It is calculated from the information provided by the confusion matrix, the lines 
of which correspond to field observation data and the columns to classification data. 
We can also calculate the error mask images for each class showing which pixels were 
incorrectly classified. To calculate this index, we have generated a point layer with the 
Qgis software whose points are distributed randomly over the studied area. We have 
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defined a total of 200 points by assigning a number of points to each class (Cf. Table 
3). The points are filled according to the information from the image. We performed 
an intersection operation of this layer with the one resulting from the classification to 
obtain a layer in which the points are assigned to their land use class. Using an SQL 
query under GIS, the data of the confusion matrix was informed as shown in Table 3. 

Table 3. Confusion matrix (image c)

Classification

1 2 3 4 5 6 Total Producer
Accuracy

Field data

1 45 0 0 0 0 0 45

10

21

38

43

43

100%

2 1 7 0 1 0 1 70%

3 6 0 11 1 0 3 52%

4 0 0 2 18 12 6 38%

5 1 0 1 1 32 8 68%

6 5 0 5 5 9 19 46%

Total 58 7 19 26 53 37 200

User Accuracy 77% 100% 59% 68% 58% 56%

Global accuracy : 69 %
Kappa index: 0,6 

Explanations: 1. Impervious surface, 2. water, 3. soil, 4. built-up, 5. gardens and lawns, 6. vegetation

We obtained an index value of 0,6 for the classification of the image (c). The global 
accuracy was also provided by the ratio between the number of well-classified pixels 
and the total number of pixels of the observations. Its value is 69%, which means that 
there is a moderate agreement between the classification and our verification data.

The results from the land cover layer show an agreement with the field data. The “imper-
vious surface” class is close to 100%, and is followed by other classes, namely “water” (70%), 
“soil” (52%) and “built-up” (38%). The “built-up” class is difficult to classify as it interferes 
with other classes, knowing that the geometric shape is not taken into consideration in the 
classification. The vegetation cover is also difficult to define (Cf. Table 3).

4.4.	Segmentation	

We have carried out the segmentation with the Mean-Shift options. The results of 
processing have been presented in Figure 5. 

Segmentation method is more effective for extraction of surface features with contours. 
The result of feature extraction will be saved in vector format as is shown in Figure 5. 
However, it’s easy to use GIS software to improve the quality of data using geometric 
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correction tools. The scale parameters used have been determined in order to segment 
the objects very finely. This is the case for the “impervious surface” class, which includes 
objects with similar radiometric behaviour (asphalt, soil). We did the same for other 
objects, usually to determine their shape and compactness. We found it interesting to use 
the index values serving to best segment objects according to their shape and reflectance.

Fig. 5. Vector data retrieved from a subset of merging image (c)

5.	 Conclusion	

The aim of this study was to identify features that could be used for emergency mapping 
in urban areas. We have examined the Alsat 2-A satellite images by visual perception, 
the identification of several objects (buildings, roads, impervious surfaces, bridges) 
was difficult or almost impossible. We then made an attempt at improving the qual-
ity of resolution using the merging method. However, the results obtained are better 
after the classification and segmentation process. These processes have enabled us to 
extract important surfaces of land use like impervious surfaces, built-up areas, water 
areas and soil. However, some imperfection have been detected, in particular due to the 
confusion between some classes with very similar characteristics (such as impervious 

Output of segmentation process

Retrieved

Impervious surface and built-up Gardens, lawns and vegetation

0 250 500 m

N
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surfaces and soil). Also, we have observed a distortion of the shape of urban objects 
such as buildings. We applied the segmentation method to solve this problem and the 
results show a satisfactory quality of restitution. We estimate that the time of produc-
tion by Victor data is acceptable (max. 2 hours for the entire map chain). This was the 
main point of our study, and it will be an interesting factor for fast decision-making in 
the case of emergency disaster. 

Nowadays, urban mapping is not limited only to the analysis of the classification and 
segmentation of satellite images. This perspective can be supplemented by the analysis 
of spatial metrics to quantify and qualify shapes of urban objects with accuracy. The 
calculating of spatial metrics can be done using other specific indices.
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