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Abstract: The expansion of secondary towns in Africa, although less rapid than that of capital cities, 

poses significant challenges for environmental sustainability. Sarh town (Chad) is an example of 

this urbanisation phenomenon, which has led to a significant loss of vegetation. This research aims 

to analyse the dynamics of land use, focusing on the expansion of built-up areas and the loss of 

vegetation. The methodology used includes the analysis of Landsat images from 1994, 2003, 2013 

and 2022, supplemented by field data, statistical analysis, interviews and documentary analysis. 

The results show that the built-up area, estimated at 806 hectares in 1994, reached 2,603 hectares in 

2022, representing an annual increase of 4.1%. Moreover, the area of vegetation decreased from 759 

hectares to 231 hectares, a reduction of 69%. In addition, there is a strong negative correlation (r = ̵ 

0.93) between the expansion of built-up areas and the loss of vegetation. On average, the annual 

growth of built-up areas (4.1%) exceeds that of the population (3.33%). Field surveys reveal that this 

situation is due to a preference for more spacious housing, inadequate land management and 

limited resources for vegetation rehabilitation. These results highlight the need to adopt effective 

planning tools to ensure sustainable land use. 

Keywords: built-up areas; vegetation; urban sprawl; secondary towns; urbanisation 

 

1. Introduction 

Rapid urban expansion and its implications for vegetation dynamics are major concerns for the 

21st century, particularly in developing countries [1]. Globally, trends show a rapid increase in 

urbanisation, leading to urban sprawl and massive land-use change [2–4]. If left unchecked, such 

rapid growth could have detrimental effects on the environment, seriously threatening green spaces 

[5,6]. However, vegetation is part of the composite urban ecosystem, providing ecological services 

that are essential to the construction of the urban ecological environment [7]. 

In sub-Saharan Africa, rapid urbanisation is a major challenge for sustainable development, 

leading to significant transformations of urban landscapes and surrounding ecosystems [8]. This 

urban expansion often results in the occupation of peripheral areas without respect for town planning 

regulations [9–11], posing a serious challenge for environmental management in urban areas [12,13]. 

This phenomenon is particularly prominent in small towns or secondary cities with fewer than 

500,000 inhabitants, where the majority of the world's city dwellers live [14]. According to Tripathi 

and Mitra [15], small towns play a crucial role in current economic development. Maru et al. [16] 

noted that these cities lack specific data on urban problems, as does the necessary analysis for spatial 
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planners and policymakers. The dynamics of built-up areas and their implications for urban 

vegetation remain poorly studied. 

Understanding urban dynamics and their consequences in sub-Saharan Africa has become an 

important research topic [17]. Many studies have demonstrated that the remote sensing and spatial 

measurements can be used to quantify and compare urban growth, as well as its shape, pattern and 

spatiotemporal structure [17–22]. Earlier work, such as that by Blakime et al. [24], explored the 

dynamics of built-up areas through the analysis of satellite images, highlighting changes in land use 

in Greater Lomé in Togo. Furthermore, studies have revealed a negative correlation between the 

expansion of built-up areas and the loss of vegetation, highlighting the direct impact of urbanisation 

on local ecosystems [25]. As far as capital cities are concerned, research by Abo-El-Wafa et al. [26] on 

Addis Ababa, by Nshimiyimana et al. [27] on Kigali and by Seth et al. [28] on Dar El Salam, Accra 

and Luanda has demonstrated an increase in built-up areas accompanied by a reduction in vegetated 

areas. 

However, despite these significant contributions, there are gaps in the literature. In general, 

scientific studies on urban life are carried out in metropolises, thus failing to represent its full 

diversity [29]. Few studies have focused on small African cities, leaving a gap in our understanding 

of the specific features of their urban development. For example, the works of Awuh et al. [30] on 

Calabar in Nigeria, Takam Tiamgne et al. [31] on Solwezi in Zambia, Dechaicha and Alkama [32] on 

Bou Saâda in Algeria and Takyi et al. [33] on Kwabre East in Ghana, although important, present 

certain shortcomings. These shortcomings concern mainly the methodological approach, particularly 

cross-validation with existing field data and cadastral plans, the integration of demographic data and 

interviews, and statistics in the analysis of urban dynamics. Moreover, very few of these studies focus 

on spatiotemporal changes in the dynamics of built-up areas and their implications for secondary 

towns in Central Africa. 

Sarh town, located south of Chad in the Sudanian zone, is characterised by its abundant 

vegetation, which has often been destroyed by urban development, depriving the town of its natural 

spaces, which were once intended to refresh the urban environment. According to Teadoum 

Naringué et al. [13], Sarh is one of the Chadian urban centers whose spatial growth exceeds the limits 

of the official spatial planning tool, particularly the reference urban plan (RUP). Its spatial expansion 

is the result of a preference for single-family homes and more spacious accommodations, as well as 

the conversion of certain rural areas into urban zones. Although population growth does not keep 

pace with that of capital, it requires access to land that is not effectively managed by local authorities. 

This situation has led to an alarming loss of vegetation, which is essential for cooling the urban 

environment and providing the ecological functions needed to maintain ecosystems. As a result, the 

dynamics of built-up areas and the management of natural resources are becoming central issues for 

urban planning and sustainable land use in Sarh. The literature reveals that uncontrolled urban 

expansion leads to an increase in spontaneous occupation, thereby aggravating land speculation and 

environmental problems [34]. 

The research question that emerges from this issue is as follows: how do the dynamics of built-

up areas in Sarh affect vegetation, and what are the challenges associated with sustainable land-use 

planning in this context? This issue is crucial, as it affects not only the quality of life of local residents 

but also the sustainability of natural resources in a rapidly changing environment. Recurrent 

flooding, exacerbated by uncontrolled urbanisation, illustrates the dramatic consequences of this 

dynamic, as highlighted [35]. 

The production of scientific knowledge on the dynamics of land occupation and use could be an 

important step in informing town managers and other urban players about its growth and the spatial 

transformations that accompany it. Few studies have explored the dynamics of built-up areas and 

their impact on vegetation in Sarh town. It is therefore essential to fill this gap in academic research 

to make a significant contribution to sustainable land-use planning and urban development. 

This research aims to analyse the dynamics of land use, focusing on the expansion of built-up 

areas and the loss of vegetation between 1994 and 2022. Specifically, the aims of this study are to (1) 

quantify the dynamics of built-up areas and the loss of vegetation in Sarh town; (2) measure the 
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degree of expansion of built-up areas in relation to population growth in Sarh town; and (3) identify 

development and planning issues for sustainable land use. The results of this research will be used 

to support urban land-use planning in Chad and other developing countries. 

2. Materials and Methods 

2.1. Materials  

2.1.1. Study Area 

This study was carried out in Sarh town, the capital of the province of Moyen-Chari, and the 

Department of Barh-Kôh in Chad, which is located between 09° and 10° North latitude and 18° and 

19° East longitude [36]. Sarh town is bounded to the north and east by the municipality of Hellibongo, 

to the south by the municipality of Banda, and to the west by the municipality of Balimba [13]. It is 

subdivided into 6 districts and 30 neighbourhoods, with a population of 97,224 in 2009 [37] and an 

estimated total population of 180,000 in 2018 [38]. It covers an area of 38.04 km², or 0.003% of the 

national territory [13], and is the 4th largest city in Chad in terms of population, after N'Djamèna, 

Moundou and Abéché [38]. The location of Sarh town is shown in Figure 1 below. 

 

Figure 1. Location of Sarh Town. 

2.1.2. Acquisition of Landsat Satellite Data 

The data used in this study come from Landsat sensors. These are four satellite images from 

different dates. The satellite images for 1994 and 2003 were acquired by the Landsat 5 Thematic 

Mapper (TM) and Landsat 7 Thematic Mapper (TM), respectively, and those for 2013 and 2022 were 

acquired by the Landsat 8 Operational Land Imager-Thermal Infrared Sensor (OLI-TIRS). Numerous 

studies on urban land consumption analysis have been carried out using Landsat images [2,39–44]. 

These images were downloaded from the United States Geological Survey (USGS) platform at the 

following address: https://earthexplorer.usgs.gov/. They are referenced to the WGS 1984 global 

geodetic system and reprojected onto the WGS84 UTM zone 33 N ellipsoid. The acquisition format is 

essentially GEOTIFF and its metadata (txt, json, xlm, enp, jpg). 
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According to Whitcraft et al. [45], clouds represent a major challenge for remote sensing. To 

minimise this impact, images were acquired between November and April, a period corresponding to 

the dry season in the study environment. Using images during the dry season reduces the bias 

introduced into the results by seasonal variations and the impact of cloud cover [2,46,47]. This choice 

made it possible to obtain images with very low cloud cover (10%). Level 2 products (surface 

reflectance) from the Landsat 5, Landsat 7 and Landsat 8 satellites from 1994, 2003, 2013 and 2022 were 

selected to obtain data in which atmospheric effects and other biases were removed or reduced [48]. 

Landsat images were selected because of their open-source nature and good temporal, spectral, 

spatial and radiometric resolutions. In addition, the dates on which the satellite data were acquired 

were chosen to correlate them with the years of the general population and housing censuses and the 

dates of the sociodemographic surveys carried out in Sarh town. The years were chosen with 

reference to those of the general population and housing censuses, which, according to United 

Nations recommendations, should be carried out every 10 years [37]. The characteristics of the images 

collected are shown in Table 1 below. 

Table 1. Characteristics of the images collected. 

Years 

 

Landsat 

Scenes 

Sensors Spatial resolutions  Acquisition 

dates 

Cloud cover 

1994 Landsat 5 TM 30 m 29/11/1994 

-10% 
2003 Landsat 7 ETM+ 30 m 30/01/2003 

2013 Landsat 8 OLI-TIRS 30 m 19/12/2013 

2022 Landsat 8 OLI-TIRS 30 m 28/12/2022 

2.1.3. Acquisition of Landsat Satellite Data Auxiliary Data Acquisition 

In addition to satellite data, the following ancillary data were used: the administrative boundary 

of Sarh town obtained from the cartography department of the National Development Research 

Center (CNRD), high-resolution (5 m) Google Earth Pro ortho photos recorded at various Landsat 

image acquisition dates (1994, 2003, 2013 and 2022), and georeferenced cadastral plans obtained from 

the provincial delegation for development, housing and urban planning. In addition, general census 

and demographic survey data obtained from the National Institute of Statistics, Economic and 

Demographic Studies (INSEED) were also used in this study. 

2.2. Methods 

2.2.1. Determination of Land Use and Land Cover (LULC) Classes 

The LULC classes were defined in two stages. First, four land use and occupancy classes were 

defined on the basis of the four spectral indices calculated. These areas included built-up areas, 

vegetation, water areas and bare land (Table 2). The residential area was then categorised into three 

subclasses to analyse changes in the density of built-up areas in Sarh town (Table 3). This method 

was used in previous work by Blakime et al. [24]. 

Table 2. Categories of LULC. 

Occupation classes Description  

Built-up area Urban features such as buildings, streets and landscaped areas 

Vegetation Landscaped green areas, large trees and shrubs 

Bare Land  All areas other than built-up areas, developed land and vegetation 

Water area Ponds, marshes 

Table 3. Subcategories based on built-up areas. 
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Occupation classes Description  

High built-up area Areas more than 75% covered by built-up area 

Medium built-up area Areas covered by between 50% and 75% of built-up area 

Low built-up area  Covered areas with less than 50% built-up area 

Other classes Vegetation, bare land and water area 

2.2.2. Satellite Data Processing and Classification 

For the processing and classification process, in addition to the conventional bands (B2, B3, B4, 

and B5) for all the Landsat family sensor collections, four spectral indices were used [49,50]. These 

indices are the bare soil index (BSI), the normalised difference building index (NDBI), the modified 

normalised difference water index (MNDWI) and the ground-adjusted vegetation index (SAVI). 

According to Zhao et al. [51], the integration of these indices into the classification process allows for 

a more comprehensive analysis of LULC, capturing key features related to vegetation, built-up areas 

and water areas. This technique improves the accuracy and efficiency of the classification results. All 

these indices vary between -1 and 1. 

The bare soil index (BSI) is a numerical indicator that combines information in the blue, red, near 

infrared and shortwave infrared spectral bands to capture soil variations [52]. According to Ettehadi 

Osgouei et al. [53], this index provides a better understanding of the transformations that have taken 

place in the areas examined and enables more reliable results to be obtained. This index is calculated 

via equation (1): 

 
BSI =

((Red − SWIR)) − (NIR − Blue))

 ((Red − SWIR)) + (NIR + Blue))
 (1) 

where Blue, Red, NIR, and SWIR are the blue, red, near infrared and shortwave infrared reflectances, 

respectively. 

The normalised difference building index highlights urban areas with higher reflectances in the 

shortwave infrared (SWIR) region than in the near infrared (NIR) region [54]. A higher value 

represents built-up areas, a lower value represents vegetation, and a negative value represents water 

areas [24]. This is illustrated by the following equation (2): 

 
NDBI =

SWIR − NIR

SWIR + NIR
 (2) 

where SWIR is the shortwave near-infrared reflectance and NIR is the near-infrared reflectance. 

The modified normalised difference water index (MNDWI) uses the green and SWIR bands to 

enhance the characteristics of open water [24]. The MNDWI is sensitive to water masses, with higher 

values indicating the presence of water [50]. Compared with the NDWI, it is more suitable for 

enhancing and extracting water information for aquatic regions with backgrounds dominated by 

built-up areas because of its ability to reduce or even suppress built-up noise [55]. This index is 

calculated via equation (3): 

 
MNDWI =

Green − SWIR

Green + SWIR
 (3) 

where Green represents the reflectance in the green range and SWIR represents the reflectance in the 

shortwave region near the infrared region. 

The soil adjusted vegetation index (SAVI) is an index developed by Huete to measure plant 

biomass via light reflectance at red and near-infrared wavelengths [56]. This is an important index for 

scientists studying vegetation, as it is stable and does not vary according to soil color and moisture or 

saturation effects due to high-density vegetation [52]. It is determined by the following equation (4): 

 
SAVI =

(NIR − Red)

(NIR + Red + L)
× (1 + L) (4) 

where L represents a correction factor for ground luminosity. To take account of soil brightness for 

most LULC types, the L types are defined as 0.5. 
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Principal component analysis was carried out on the four spectral indices via Orfeo Toolbox 

9.0.0, integrated with QGIS 3.24, to maximise the information contained in the bands and improve 

the discrimination of LULC classes. These indices were combined and include the bare soil index 

(BSI), the normalised difference building index (NDBI), the normalised difference moisture index 

(MNDWI) and the soil adjusted normalised difference vegetation index (SAVI) [51]. A principal 

component analysis was carried out for the four years considered in this study, i.e., 1994, 2003, 2013 

and 2022. The results of this analysis were then used to carry out a supervised classification based on 

the training plots collected during the fieldwork and using Google Earth pro ortho photos and 

georeferenced cadastral maps for the years 1994, 2003 and 2013 (Figure 2). 

 

Figure 2. Results of principal component analysis. 

Classification was carried out via the random forest (RF) algorithm in Orfeo Toolbox 9.0.0, which 

is based on a sample of 300 to 400 training plots (ROIs). The random forest algorithm is an efficient 

machine learning algorithm proposed by Breiman [57]. It has been widely used in previous studies 

for satellite image classification and geo-information processing [56–60]. This algorithm was chosen 

because it is an effective tool for predicting land cover [55,60]. It is generally insensitive to data noise 

and overfitting and is extremely useful for classifying data [60,61,63]. In addition, the RF classifier 

has allowed us to successfully handle high data dimensionality and generally achieves higher 

accuracy than other approaches, such as maximum likelihood, single decision trees and single-layer 
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neural networks [61]. In addition, RF allows missing values to be estimated and several types of data 

analysis to be performed, including regression, classification and unsupervised learning [64]. 

2.2.3. Validation of the Classification Result via the Kappa Index and Overall Precision 

The first validation of the classification accuracy was carried out by calculating the Kappa index 

and the overall accuracy using the transition matrices. The kappa index developed by Cohen is a 

powerful statistical measure widely used to assess the performance of a model generating 

presence/absence predictions [65]. It is accepted as a measure of classification accuracy for both the 

model and the user of the classification model [30]. The value of the kappa coefficient varies from 0 

to 1, where 0 represents the lowest accuracy between the ground truth and classified images, and a 

value > 0.85 indicates high agreement between the two datasets [12]. An overall accuracy of 50% is 

poor, that between 50% and 70% is moderate, and an accuracy above 70% is considered good [19]. 

The overall accuracy and kappa index are expressed in equations (5) and (6): 

 
Kappa (K) =

Po − Pe

1 −  Pe
 (5) 

Po (observed agreement) is the proportion of correct classifications (sum of true positives). 

Pe (random agreement) is the proportion of agreement expected by chance. 

 
PG =

∑ Xiin
��1  

N
 × 100 (6) 

where PG is the overall accuracy; Xii is the value on the diagonal of the confusion matrix representing 

the correct predictions for each class; and N is the sum of all the values in the confusion matrix. 

2.2.4. Cross-Validation of the Classification: Overlay of the Classification with Ortho Photos from 

Google Earth Pro and Existing Cadastral Maps 

After classification, the results were superimposed on cadastral plans and spatially referenced 

field data on the one hand and on Google Earth Pro ortho photos on the other hand. To do this, 

archives of cadastral plans and high-resolution Google Earth ortho photos were used to compare and 

improve the accuracy of the classification. Google Earth Pro ortho photos associated with control 

points (field data) have been widely used to compare and validate classification results [21,63,64]. 

Four Google Earth Pro ortho photo backgrounds were used, corresponding to the acquisition dates 

of the Landsat images (1994, 2003, 2013 and 2022). These orthoimages were recorded more or less on 

the same days as the Landsat images were acquired to obtain the same information on LULC. For 

each date, the LULC classes were superimposed on the field data, the Google Earth Pro orthophoto 

background, and the existing cadastral maps. The exercise was made possible by the following 

manipulations: 

The raster image resulting from the classification was polygonized (conversion from raster mode 

to vector mode). This operation was carried out for each year of analysis. The vectors resulting from 

the polygonization were projected onto the field data, Google Earth Pro ortho photos and cadastral 

maps to detect any errors. The spaces corresponding to the incorrectly classified pixels were selected 

and reclassified to obtain the final classification result. 

2.2.5. Change Detection 

The maps classified between two years were compared via the multivariate alteration detector 

(MAD) algorithm in the OTB 9.0.0 plugin, which was integrated into QGIS version 3.24, to obtain the 

changes in the different LULC classes for the periods considered in this study. The MAD algorithm 

produces a set of N change maps, where N is the maximum number of bands in the first and second 

input images [68]. In addition, the results of the distribution of LULC areas were used to calculate 

occupancy and use trends, net changes, percentage changes and LULC rates between the years 1994, 

2003, 2013 and 2022. The overall rate of change (Tg) is used to estimate the overall increase (the 

proportion of gain or loss) in the area of LULC units [58]. It is obtained from the following 

mathematical formula (7): 
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TG = [ 

S2 − S1

S1
 ] × 100 (7) 

where Tg is the overall rate of change (%); S1 represents the area of the class at date t₁ (initial date); 

and S2 is the area of the class at date t₂ (final date). 

To obtain the annual rate of change for each type of LULC, the rate of change for the previous 

year was subtracted from that for the initial year and then divided by the total number of years [24]. 

This is obtained via equation (8). 

 
TV =

TF − TI

N
 (8) 

where TV is the rate of change; TF is the final year; TI is the initial year; and N is the number of years 

between two analysis dates. 

A post classification change map was then produced to visualise these changes. The product of 

change detection via the MAD algorithm was overlaid with the LULC classes for each year to identify 

the nature of the change (change from class a to class b). This technique for detecting post 

classification changes provides important information about the conversions that have taken place 

between the different LULC classes. 

2.2.6. Correlation Analysis Between the Variations in LULC Classes 

The Pearson coefficient (r) was estimated to assess the linear correlation between the variation 

in built-up areas and that of the other LULC classes. This coefficient ranges from -1 to +1, where -1 

indicates a perfect negative correlation, +1 indicates a perfect positive correlation and 0 indicates that 

there is no linear correlation between the variables [50,58]. Next, the coefficient of determination (R²) 

was determined via simple linear regression to estimate the percentage of variance shared between 

the variation in built-up areas and that in the other LULC classes [69]. The simple linear regression 

model was run via R-studio software version 4.4.1. The Pearson correlation coefficient is expressed 

in equation (9): 

 
rxy =

n ∑ xiyi − ∑ xi ∑ yi

�� ∑ xi² − (∑ xi)² �n ∑ yi² − (∑ yi)²
 (9) 

where rxy is the Pearson correlation coefficient r between x and y, n is the number of observations, x 

i is the value of x (for the ith observation) and y i is the value of y (for the nth observation). 

2.2.7. Analysis of Built-Up Area Growth and the Population Growth Rate 

The average annual of urban land consumption rate (ULCR) was calculated between the 

different analysis years. The average urban land consumption rate is an important indicator for 

understanding the rate of expansion of a city [10]. It is calculated via equation (10): 

 

ULCR =
LN �

U2

U1
�

n
× 10 

(10) 

where U2 = built-up area in the Sarh town at final year; U1 = built-up area in the Sarh town at initial 

year; n is the number of the years between t2 and t1. 

The average annual growth rate of the population (PGR) is an important indicator for 

understanding the rate of population growth for the period between two general censuses [70]. It is 

calculated via equation (11): 

 

PGR =
LN �

P2

P1
�

n
× 10 

(11) 

where P2 = population counted in Sarh town at final year; P1= population counted in Sarh town at 

initial year; n is the number between two censuses. 

The efficiency and sustainability of land use in Sarh town was assessed on the basis of indicator 

11.3.1 of Sustainable Development Goals [71,72]. It is defined as the ratio between the average rate of 

urban land consumption and the average rate of population growth [73,74]. A ratio (ULCR/PGR) ≈ 1 

indicates that urban land consumption was almost equivalent to the rate of population growth. A 
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ratio (ULCR/PGR) < 1 indicates urban land consumption at a slower rate than its population has 

grown. On the other hand, a ratio (ULCR/PGR) > 1 indicates that urban land has been consumed 

faster than the population has grown. The ratio between ULCR and PGR was calculated using the 

following equation (12).  

 
ULCR/PGR =

ULCR

PGR
 (12) 

where ULCR/PGR is the ratio of ULCR to PGR, ULCR is the average rate of consumption of urban 

land (built-up areas in the town), and PGR is the average annual growth rate of the population. 

2.2.8. Key Informant Interviews 

To increase the robustness of the analysis of the dataset used for this study, qualitative data were 

collected via interviews with key informants. These were civil servants/employees from the technical 

services of the land registry, environment and urban planning of the provincial delegation of 

planning, housing development and urban planning of the Moyen-Chari province. The interview 

questions concerned the principles of land allocation in force in Sarh town, land management, the 

causes and factors of the degradation of green spaces, and the challenges associated with the 

occupation and use of urban land. These data were analysed to gain a better understanding of the 

correlation observed between the expansion of built-up areas and the loss of vegetation in Sarh town. 

3. Results 

3.1. Dynamics of Land Use and Land Cover (LULC) 

Sarh town has undergone a significant change in LULC, marked by a sharp increase in built-up 

areas. An analysis of the results of the classification evaluation via the random forest algorithm 

reveals the accuracy at the pixel level, the values of which are shown in Table 2 below. 

Table 2. Overall accuracy of Random Forest classification. 

Years Kappa index Overall accuracy Years 

2022 93.31 94.33 2022 

2013 91.66 93.10 2013 

2003 87.00 91.33 2003 

1994 86.65 90.25 1994 

As the overall accuracy values are between 90.25% and 94.33%, we can confirm that the 

classification is good enough for an analysis of land use dynamics. 

To validate the classification results obtained via the random forest, these results were compared 

with real-life observations provided by Google Earth pro ortho photos, cadastral maps and field data. 

These operations increased the accuracy of the results. Table 3 below summarises the areas of 

misclassified parcels that have been reclassified. 

Table 3. Summary of areas of misclassified plots. 

Area in hectares (ha) of reclassified plots 

LULC 1994 2003 2013 2022 

Built-up area 35.28 30.78 20.67 25.66 

Vegetation 16.65 15.06 12.74 09.23 

Bare Land 51.28 45.66 40.86 33.13 

Water area 2.16 0.01 0.0 0.0 

Between 1994 and 2022, the growth of Sarh town resulted in a sharp increase in built-up areas 

to the detriment of vegetation and bare land (Table 4). The surface area of built-up areas has increased 
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from 806.46 ha in 1994 to 2603.52 ha in 2022. Moreover, the area of vegetation has decreased 

considerably, from 758.65 ha to 231.18 ha. Similarly, bare land has decreased significantly, from 

2095.57 ha to 922.37 ha. The change in water area is not significant. Over time, there was a 

considerable increase in built-up areas, whereas the areas of bare vegetation and land decreased 

(Figure 3). 

 

Figure 3. Sarh LULC from 1994 to 2022. 

Table 4. Occupation and use of space in relation to LULC classes in Sarh town from 1994-2022. 

Classes Area in hectares and percentage by year of analysis 

1994 (%) 2003 (%) 2013 (%) 2022 (%) 

Built-up area 806.46 21.44 1420.97 37.78 1815.78 48.28 2603.52 69.23 

Vegetation  758.65 20.17 422.35 11.23 327.23 8.70 231.18 6.15 

Bare land 2095.57 55.72 1915.10 50.92 1612.98 42.89 922.37 24.52 

Water area 100.27 2.67 2.52 0.07 4.95 0.13 3.87 0.10 

Total 3760.89 100.00 3760.89 100.00 3760.89 100.00 3760.89 100.00 

3.1.1. Correlation Analysis Between Variation in Built-Up Areas and Other LULC Classes 

Table 5 below shows significant correlations between built-up areas and vegetation and between 

built-up areas and bare land. There is a negative correlation (r = -0.974, R² = 0.950) between built-up 

areas and bare land. There was a strong negative correlation (r = -0.930, R² = 0.86) between built-up 
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areas and vegetation. On the other hand, the correlation between built-up areas and water areas (r= 

0.751, R² = 0.562) is moderate and not significant. 

Table 5. Correlation between built-up areas and other occupancy classes. 

Correlation type Coefficient of 

Correlation (r) 

Determination 

coefficient (R²) 

Built-up area & vegetation -0.930 0.864 

Built-up area & water area -0.751 0.562 

Built-up area & bare land -0.974 0.950 

The strong negative correlation between built-up areas and vegetation, on the one hand, and 

between built-up areas and bare land, on the other hand, shows that the variation in vegetation and 

bare land in Sarh town is explained by the variation in built-up areas (Figure 4). 

 
(a)                          (b)                          (c) 

Figure 4. Linear regression models: (a) between built-up areas and vegetation; (b) between built-up 

areas and bare land; (c) between built-up areas and years of observation. 

Somes direct observations during the fieldwork made it possible to identify certain green spaces 

used for construction (Figure 5).  

  
(a)                               (b) 

  
(c)                               (d) 

Figure 5. Photos illustrating the vegetations areas used for built-up areas: (a) and (b) in the residential 

district; (c) in the garden district; and (d) in the Blablim district. 
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Between 1994 and 2022, the urban space varied according to the built-up areas (dense zone, 

moderate zone, and weak zone). Over time, the town has become progressively denser from the 

center outwards, particularly to the north and south (Figure 6). Expansion to the east and west is 

limited by the presence of the Chari and Bahr-Kôh Rivers. The surrounding village cores have 

gradually been integrated into the town. For example, Kemkian, Maïlaou, Badi, Kissimi and Maïgara 

2, which were once small villages, gradually became neighbourhoods of Sarh. 

 

Figure 6. Dynamics of built-up areas in Sarh town from 1994 to 2022. 

Table 6 below shows the change in surface areas in hectares and percentages of built-up areas 

between 1994 and 2022. There has been a sharp increase in densely built-up areas, from 127.71 ha in 

1994 to 1034.86 ha in 2022. Similarly, medium and low-density built-up areas increased from 102.19 

ha to 666.47 ha and from 576.37 ha to 902.32 ha, respectively. 

Table 6. Land use and land cover zones centred on built-up areas. 

Classes Area in hectares and percentage by year of analysis 

Years 1994 (%) 2003 (%) 2013 (%) 2022 (%) 

High built-up area 127.71 3.30 454.26 11.99 683.89 18.18 1034.86 27.51 

Medium built-up area 102.19 2.72 265.85 7.08 574.41 15.27 666.47 17.73 

Low built-up area 576.37 15.34 701.27 18.66 557.57 14.82 902.32 23.99 

Others  2954.63 78.64 2339.97 62.27 1945.02 51.73 1157.24 30.77 

Total 3760.89 100.00 3760.89 100.00 3760.89 100.00 3760.89 100.00 
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From 1994 to 2022, there was a significant conversion of other land occupation and the use of 

classes to built-up areas. This transformation results from the occupation of bare land and green 

spaces in favour of built-up areas. For example, some green spaces in the residential, Kemkian, 

Maïlaou, Badi, Kissimi and Maïgara 2 neighbourhoods have gradually been used for construction 

(dense, medium, low-density). In addition, low-density areas have been converted to high-density 

areas, as in the Kassaï, Kamati, Maroc, Maigara 1, Tombalbaye and Gardolet districts, which were 

previously low-density peripheral areas. On the other hand, the conversion of moderately dense 

areas and high-density areas to other land-use classes is negligible. Figure 7 below illustrates the 

conversions of the different land use and land cover classes from 1994 to 2022. 

 

Figure 7. Changes in land use and tenure between 1994 and 2022. 

Some direct observations during the fieldwork enabled us to identify certain buildings in small 

villages integrated into the town that always retained their village character (Figure 8). 

  

(a)                               (b) 

Figure 8. (a) Photo of the buildings in the Kissimi village core integrated into the town. (b) Photo of 

new buildings on the northern outskirts of the town. 

3.1.2. Trends and Variation Matrix for Land Use in Sarh Town 

The study revealed an increase in built-up areas (dense, medium-density and low-density areas). 

Between 1994 and 2022, the rates of change increased. The highest rates of change are observed in the 

high-density built-up area (24.40 ha/year) and the medium-density built-up area (19.03 ha/year). 

There was also an upwards trend in the low-density built-up area (1.94 ha/year), except for the period 

from 2003-2013, when there was a decline (-0.70 ha/year). 
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The unbuilt areas, vegetation, and water areas experienced decreases in area between 1994 and 

2022, indicating a decrease in the rate of change. The maximum rate of change (-2.09 ha) was observed 

over the period from 1994--2022 for vegetated and unbuilt areas. Figure 9 below illustrates the 

changes in built-up areas (dense, medium-density and low-density areas) and other occupancy 

classes (vegetation, unbuilt areas and water areas). 

 

Figure 9. Trends in changes in occupation and use between periods. 

The land use and land cover change (LULC) matrix for Sarh town between 1994 and 2022 

revealed the conversion of various LULC classes into other classes (Table 7). The increase in the area 

of high-density built-up areas during this period was due mainly to the conversion of vegetation, 

undeveloped areas and low-density built-up areas. Low-density built-up areas are the main LULC 

classes that have been converted to high-density built-up areas, except for the period 2013-2022, when 

a significant increase in medium-density built-up areas was observed. The decrease in the other 

LULC classes (vegetation, unbuilt area) is the result of their conversion to built-up areas (dense, 

medium-density and low-density). 

Table 7. Occupancy and use of a class change matrix (LULC). 

Années LULC High built-up 

area 

Medium 

built-up area 

Low built-up 

area 

Others 

LULC 

Total 

1994-2003 

High built-up area 127.71 0.63 3.06 0.81 127.71 

Medium built-up 74.85 12.47 10.90 3.95 102.19 

Low built-up area 209.34 146.34 179.71 40.97 576.37 

Others LULC 46.85 106.40 507.60 2293.78 2954.62 

Total (ha) 454.26 265.85 701.27 2239.51 3760.89 

2003-2013 

High built-up area 405.86 13.14 31.33 2.79 409.25 

Medium built-up 118.66 115.10 24.63 7.62 691.15 

Low built-up area 133.62 369.37 163.45 35.46 320.49 

Others LULC 25.76 76.80 338.15 1899.37 2340.00 

Total (ha) 683.89 574.41 557.57 1945.26 3760.89 

2013-2022 High built-up area 648.86 12.39 19.69 2.95 683.89 

Medium built-up 227.36 235.86 104.41 6.78 574.41 
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Low built-up area 132.14 260.31 131.91 33.20 557.57 

Others LULC 26.50 157.90 646.30 1114.31 1945.02 

Total (ha) 1034.86 666.47 902.32 1157.24 3760.89 

1994-2022 

High built-up area 123.60 3.75 0.27 0.09 127.71 

Medium built-up 87.15 11.17 3.33 0.54 102.19 

Low built-up area 409.35 77.58 76.07 13.37 576.37 

Others LULC 411.37 577.63 822.25 1143.38 2954.63 

Total (ha) 1034.86 666.38 901.92 1157.38 3760.89 

3.2. Analysis of Growth in Built-Up Areas in Relation to Population Growth 

The results in Figure 10 below show a dynamic change between the urban land consumption 

rate (ULCR) and the population growth rate (PGR) between 1994 and 2022. Initially, from 1994 to 

2003, the ULCR far exceeded the PGR, indicating rapid urbanisation. However, from 2003 to 2013, 

the PGR began to exceed the ULCR, resulting in increased pressure on urban resources. Between 2013 

and 2022, although both indicators increased, the ratio remained below 1, indicating that population 

growth remained higher than the expansion of built-up areas. Over the study period from 1994 to 

2022, the results show a ratio of 1.255. This indicates that land use was more dynamic than population 

growth was during this period. 

 
(a)                             (b) 

Figure 10. a) Land consumption rate (%) and Population growth rate (%). b) Ratio of Land 

consumption to population growth rate. 

3.3. Development Challenges and Sustainable Land Use in Sarh 

The various interviews with key informants revealed that the spatial expansion of Sarh town 

was the result of several factors. First, population growth and the growing demand for housing, 

which requires access to land, have not been effectively managed by authorities, particularly in a 

context where property policies are still at an early stage of development. This has led to the 

proliferation of spontaneous occupation, exacerbating land speculation. Owing to their inadequate 

skills and limited means of intervention, public players find it difficult to apply regulations on land 

and urban management. 

In addition to these observations, there is no budget line dedicated to the maintenance and 

restoration of green spaces. In the past, as part of the National Tree Week initiated by President 

Ngarta Tombalbaye in September 1972, a budget of between five hundred thousand and one million 

CFA francs was allocated to these activities. However, this budget has not been allocated to local 

authorities for over twenty years. In addition, there is a lack of public awareness of the importance 

of these areas, exacerbated by financial constraints. In addition, the lack of human resources within 

the department responsible for the environment, as well as the lack of collaboration between 

municipal services and those responsible for land management, are all factors contributing to the 

deterioration of vegetation in Sarh town. 
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4. Discussion 

The classification results obtained via the random forest (RF) algorithm revealed overall 

accuracies and kappa indices ranging from 86% to 95%, demonstrating an overall satisfactory 

classification. This algorithm was chosen for its recognised performance in predicting land cover, 

particularly in topographically complex areas. RF is currently considered one of the best performing 

algorithms for land cover classification in topographically complex areas via remote sensing data 

[62]. According to Aka et al. [58], classification via remote sensing data is considered acceptable when 

the value of the kappa coefficient exceeds 75%. An accuracy of more than 85% is generally considered 

adequate for effective classification [12]. These results unequivocally indicate the statistical validity 

of our analysis. However, it is important to note that the mapping of heterogeneous spaces, such as 

urban areas, using Landsat satellite images with a spatial resolution of 30 × 30 m has limitations, 

particularly with respect to distinguishing between built-up areas and unbuilt areas. This difficulty 

has an impact on the accuracy of classification. Although PCAs were performed using indices derived 

from primary channels to maximise band information and eliminate noise [24], they failed to provide 

sufficient distinguishing data to differentiate built-up areas from bare land. The kappa index alone is 

not sufficient to assess the accuracy of a classification fully [19]. This limitation highlights the need 

for cross-validation with field data to fill potential gaps in the classification. The validation approach 

using complementary data adopted in this study contributed to improving the accuracy of the results. 

This finding is in line with other research results, which have also revealed a significant improvement 

in classification accuracy owing to the integration of field data [67]. 

The results of the land use and occupancy dynamics (LULC) analysis revealed a rapid expansion 

of built-up areas in Sarh town. These results are consistent with those of previous studies conducted 

in small urban centers such as Calabar in Nigeria [30], Bou Saâda in Algeria [32], Solwezi in Zambia 

[31], Ma'an in Jordan [74] and Kwabre East in Ghana [33]. In Sarh, the expansion of built-up areas has 

been to the detriment of vegetated areas and bare land. Simple linear regression analysis revealed a 

strong negative correlation between the increase in built-up land and the loss of vegetation, indicating 

that the latter was due mainly to the expansion of built-up areas. This result corroborates that of Akpu 

et al. [25], who reported a similar negative correlation in their study area, where 68% of the vegetation 

loss was attributable to urban expansion. The observed reduction in vegetation cover is consistent 

with the findings of similar studies, which highlighted a significant loss of vegetated area due to the 

expansion of built-up areas [42,68,69]. Munyati and Drummond [75] reported losses in both the 

quantity and quality of green spaces in Mafikeng, South Africa, due to the conversion of these spaces 

for the construction of social amenities such as schools and housing. The rapid expansion of built-up 

areas at the expense of vegetation is a challenge for environmental sustainability, particularly in 

developing countries [76]. Dieng and Keita [77] noted that the uncontrolled urbanisation of cities 

contributes significantly to the vulnerability of the urban environment. Furthermore, the loss of bare 

land to the detriment of built-up areas corroborates the findings of rapid urban expansion to the 

detriment of bare land in different study areas [8,73]. 

This study revealed a variation in built-up areas (dense, medium-density and low-density) in 

Sarh town. The densification of the town has progressively moved from the center to the periphery, 

particularly to the north and south. These changes include the gradual integration of small villages 

into towns and the transformation of low- and medium-density areas into dense areas. Similar results 

were observed in the study of the dynamics of built-up areas in the Grand Lomé district of Togo via 

Landsat imagery [24]. This evolution is characterised by high rates of change for high-density and 

medium-density built-up areas. On the other hand, low-density areas also exhibited growth, with the 

exception of the period 2003-2013, during which a regression was observed. These changes manifest 

themselves in time and space, notably through the expansion of built-up areas and the intensification 

of land-use changes, leading to modifications and alterations. These results confirm the hypothesis 

that anthropogenic activities influence the land surface, leading to an increase in urban sprawl [79]. 

Chmielewski et al. [80] reported that in some regions, anthropogenic impacts occur on an 

unprecedented scale, qualifying as ecocatastrophes whose effects extend beyond local boundaries. 
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From 1994 to 2022, urban land use was more dynamic than population growth was, illustrating 

an urban sprawl phenomenon marked by the appearance of new buildings on the outskirts of Sarh 

town. This finding corroborates the findings of Mohamed et al. [81], who confirmed that the effects 

of the sprawl pattern strongly influence the dynamics of the built-up area of the Oromia region more 

than population growth does. The sprawl of Sarh town is the result of a preference for single-family 

homes and more spacious housing, as well as the conversion of rural areas into urban zones. This 

rapid expansion is likely to exacerbate socio-spatial disparities. For example, there is an imbalance in 

the distribution of basic infrastructure and facilities between the outlying districts (north and south) 

and the central districts. A compact city will be more functional because activities and services will 

be closer to the population, making travel and the provision of urban infrastructure less costly [52]. 

According to Wellmann et al. [23], compact and dispersed cities are considered sustainable urban 

forms. Moreover, urban sprawl contributes to fragmentation and impoverishment [35]. One of the 

major consequences of uncontrolled urbanisation in Sarh town is flooding, of which the 2024 flood 

was the most catastrophic. Although flooding is caused by many factors, such as pollution and 

climatic conditions, urbanisation plays an important role by leading to poor rainfall management and 

a lack of water drainage due to construction [35]. Urban expansion could also lead to an increase in 

surface runoff and changes in drainage geography, leading to urban flooding [8]. 

5. Conclusion 

The aim of this study is to inform the scientific community about the degree of expansion of 

built-up areas and the loss of vegetation in Sarh town in southern Chad. First, diachronic analysis of 

satellite images via remote sensing and geographic information system tools revealed that the 

expansion of Sarh town has resulted in an increase in built-up areas to the detriment of vegetation 

and bare land. The results also revealed a strong negative correlation between the growth of built-up 

areas and the loss of vegetation. In addition, growth in built-up areas has been more dynamic than 

population growth over the study period (1994-2022). Field surveys reveal that this situation is due 

to a preference for more spacious housing, inadequate land management and limited resources for 

the rehabilitation of vegetation. These results follow critical debates on sustainable land management 

in the context of the rapid expansion of secondary towns in Africa. However, the limited spatial 

resolution of Landsat, the influence of cloud cover and the availability of images during all periods 

of the year meant that it was not possible to obtain more complete and accurate results. In addition, 

owing to the unavailability of demographic data for each period, the analysis was sometimes based 

on demographic projections. Consequently, further in-depth studies using other data sources are 

needed to obtain more complete and accurate results. 

To achieve sustainable urban development, it is essential to have a precise understanding of how 

land is occupied and used. Local authorities will therefore need effective tools to enable them to 

update spatial data on an ongoing basis, thereby facilitating better management of the rapid 

expansion of urban areas. In addition, the use of spatial remote sensing and geographic information 

system (GIS) tools is necessary to enable town managers to monitor urban growth and the 

accompanying spatial transformations. 
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