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Abstract  This study aims to analyze the relationship between land use/land cover units and surface 
temperatures in the Dakar region. Indeed, the concentration of human activities and rapid urbanization have led to 
an intensification of urban heat islands. This phenomenon influences the city's climate, the rates and distribution 
of pollutants, the comfort of city dwellers, and the natural elements of cities. Therefore, the effect of urban heat 
islands is an urban data to be taken into consideration in the design, development and management of the city to 
create a healthier and more viable environment for the well-being of city dwellers. It is in this context that we 
initiated a study based on the analysis of land use/land cover dynamics over the period 1986-2023 integrating 
satellite data and Landsat images. To do this, we first calculated indices such as the surface temperature index 
(LST), the vegetation index (NDVI), and the built-up area index (NDBI), to quantify the impact of land use/land 
cover changes on heat islands; we then integrated an urban-rural gradient analysis to assess the variation of 
environmental parameters according to the distance from urban to rural areas. This provides an in-depth 
understanding of environmental dynamics and interactions between green spaces and built-up areas.  

Keywords: Land use/Land cover dynamics, land surface temperatures, climatic hazards, NDBI, NDVI, Dakar 

Cite This Article: Noe Valentin Loembet MAKAYA, Mamadou Lamine Ndiaye, Vieux Boukhaly Traore, 
and Omar Ngor Thiam, “Land Use/Land Cover Dynamics Effects on Urban Heat Islands: Case Study of Dakar 
Region.” American Journal of Environmental Protection, vol. 13, no. 1 (2025): 16-30. doi: 10.12691/env-13-1-3. 

1. Introduction 

The urban heat island effect is a little-known physical 
climatic phenomenon compared to other manifestations of 
the same order such as the greenhouse effect responsible 
for climate change [1,2]. It is generated by the city, its 
morphology, its materials, its natural, climatic and 
meteorological conditions, its activities, etc. [3,4]. The 
urban heat island is characterized by the observation of 
higher temperatures in an urban area than in its immediate 
environment [5,6]. This increase is the first manifestation 
of the city's influence on its site and its natural 
environment and results from the combination of several 
factors: geographical and climatic situation, seasons, 
weather, but also characteristics specific to the city 
(urbanization model, relief, etc.) [7,8]. This warming of 
the dense area of the region decreases the relative 
humidity of the air, because the increase in temperatures 
limits the pressure of water vapor in the air decreases 
since there is almost no evaporation [9]. This decrease in 
the relative humidity of cities in turn leads to a decrease in 
the number of foggy days and their intensity [3,5]. In 
addition, the waterproofing of soils in cities is 
accompanied by the immediate collection of rainwater 

which is then discharged into watercourses via stormwater 
networks [10,11]. The heat island finally has effects on the 
precipitation regime by multiplying stormy episodes or 
showers because the heat at the city level causes air 
masses to rise by convection and thus makes the 
atmosphere unstable [12]. Due to their nature and low 
albedo. [13,14] argue that construction and development 
materials absorb solar energy and release it as heat into the 
atmosphere, thereby creating heat islands in urban areas. 
According to [15], this profoundly disrupts the living 
environment and health of residents. In this sense, [16,17] 
adds that thermal discomfort is one of the recurring 
problems for city dwellers. The urban heat island effect is 
therefore an urban fact that must necessarily be taken into 
consideration in the design and management of the city to 
offer city dwellers a healthy and sustainable environment 
[18,19]. However, it is clear that the various urban policies 
are still far from really taking into account this 
phenomenon, which requires and will require even more 
in the future if nothing is done today, a reasoned 
adaptation of the city [20,21]. At present, the various 
planning and urban development documents are still 
relatively unadvanced on the subject, particularly when 
compared to equivalent foreign documents [22]. 
According to [23], the analysis of land use/land cover 
change is an important step towards understanding surface 
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temperatures. It is a privileged entry point in the 
assessment of interactions between humans and their 
environment [24]. According to [12], the information from 
the study of land use is useful for identifying appropriate 
strategies to better manage the state of land use. [25,26] 
used the surface temperature index to show the influence 
of land use/land cover units on surface temperatures 
resulting in the creation of urban heat islands and to 
analyze the evolution of this influence over time. It is in 
this same vein that this study was initiated in the Dakar 
region. It is based on satellite data and Landsat images 
over a period from 1986 to 2023. Several methods have 
emerged to exploit such data, with varying levels of 
effectiveness [27]. Among these, diachronic and multi-
date analysis of land use/land cover is one of the most 
widely used because it takes into account the spatial 
distribution of changes [28,29]. The authors [30,31,32,33] 
have each successfully used this approach. This is what 
prompted us to use diachronic and multi-date analysis of 
land cover in this study. Our approach is essentially based 
on the calculation of three indices: Land Surface 
Temperature (LST); Normalized difference vegetation 
index (NDVI) and Normalized Difference Built-Up Index 
(NDBI) and on the analysis of the urban-rural gradient. 
These indices are frequently used in the literature because 
of their robustness and reliability for such a study 
[34,35,36]. Our objective through this study is: (i) to study 
the multi-temporal dynamics of land use/land cover 
change; (ii) to monitor the dynamics of change and their 
effect in the Dakar region; (iii) to visualize the role and 
influence of green spaces on surface temperatures and (iv) 
to observe the temperature differences between urban and 
rural areas as well as their mutual influence in the Dakar 
region. At the end of this study we obtained consistent and 
revealing results. 

2. Study Area 

Dakar is one of the 14 regions of Senegal located in the 
far west of the Cap-Vert peninsula on the Atlantic Ocean. 
It is located between longitudes 17° 10' and 17° 32' west 
and latitudes 14° 53' and 14° 35' north [37]. It is bordered 
to the east by the Thiès region and to the north, west and 
south by the Atlantic Ocean. Its climate is dry tropical 

characterized by two seasons, a dry season and a rainy 
season [38]. The Dakar region is made up of 5 departments: 
Dakar, Pikine, Rufisque, Guédiawaye and Keur Massar. Its 
population is estimated at 3,137,196 inhabitants, for an area 
of 572 km². The Dakar region is also the political and 
economic capital of Senegal, hence the high concentration 
of infrastructure and industries [39,40]. 

3. Data 

3.1. Satellite Data 
We used satellite data integrating three factors. The first 

factor relates to the availability of high-resolution images 
of the Dakar region over a period of approximately 30 
years. The second factor relates to the period of image 
acquisition corresponding to the dry season, particularly 
the months of March and April, because at this time, there 
is no cloud cover over the study area and no influence of 
rain on the vegetation cover either. The third factor relates 
to the fact that in some scenes, the entire study area is not 
covered by the sensor, hence the obligation to acquire two 
images covering the entire area over the same month and 
to mosaic them. 

3.2. Landsat Images 
Landsat is a joint program of the National Aeronautics 

and Space Administration (NASA) and the United States 
Geological Survey (USGS) for the acquisition of satellite 
images. These satellites are equipped with sensors that 
allow them to observe and collect data. Among these 
sensors, we can cite the RGB (Return Beam Vidicon) 
sensor, the MSS (Multi Spectral Scanner) sensor, the TM 
(thematic mapper) sensor, the ETM+ (Enhanced Thematic 
Mapper Plus) sensor and the OLI_TIRS (Operational 
Land Imager and Thermal Infrared Sensor) sensor. For 
this study, we used images acquired with the following 
sensors: TM (1986-04-30 and 2010-04-16), ETM+ (2000-
04-12 and 2000-04-28) and OLI_TIRS (2023-03-10 and 
2023-03-11) (Table 1, Table 2) given their popularity and 
reliability. 

 

Figure 1. Study Area, Dakar region 
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Table 1. Landsat datasets of the study area (1986 to 2023) 

 

Table 2. Landsat 5 TM, Landsat 7 ETM+ and Landsat 8-9 OLI-TIRS sensor characteristics 

 
 

 
 
 
 
 
 
 

4. Material and Method 

4.1. Material 
 

To carry out this study, we used Quantum GIS (or Q-
GIS) software for data preprocessing and processing. It is 
a GIS tool that allows vector and raster data to be 
processed, thanks to the multitude of functions it contains 
such as the semi-automatic classification plugin that 
brings together most of the elements necessary for satellite 
image processing. 

 

4.2. Method  
We have subdivided our methodological approach into 

4 parts: (i) preprocessing of satellite images, (ii) detection 
of land cover change, (iii) calculation of vegetation 
indices (Normalized difference vegetation index) NDVI, 
Built index (Normalized Difference Built-up Index) NDBI 
and surface temperature index (LST) and (iv) evaluation 
of the urban-rural gradient. 

4.2.1. Pre-treatment 
To conduct a study on change detection and index 

calculation based on pixel processing, it is necessary that 
the images used have the most homogeneous 
characteristics possible so that the differences resulting 
from their comparison are associated with real changes in 
the state of the territory [41]. In order to counter these 
shortcomings, the images will undergo a radiometric 
correction commonly called preprocessing to then make 
the mosaic of our images from 2000 and 2023 
representing the study area in order to then be able to 
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move on to the different treatments. 
√  Radiometric calibration 

This involves converting the signal recorded by the 
satellite into a physical variable such as radiance. The 
recorded values are presented in the form of digital values 
or digital numbers (DN) corresponding to the digitization 
of the electrical signal at the sensor output. With the raster 
calculator tool, they are converted into radiances using the 
formula (1) [41,43]. In order to normalize the differences 
in spectral bandwidth by taking into account the spectral 
distribution of sunlight and to compensate for the 
influence of solar elevation which varies with the date, 
time and location, it is necessary to transform the 
radiances into effective reflectance at the sensor or exo-
atmospheric reflectance using equation (2) [44]. 

 ( )cal calmin�
calmax calmin

LMAX LMINL �    Q Q LMIN
Q Q

 −
= − + − 

 (1) 

L = radiance in the considered channel 
Qcal = numerical value of the image 
Qcalmin = minimum radiometric value of the image 

corresponding to LMINλ (DN) 
Qcalmax = maximum radiometric value of the image 

corresponding to LMAXλ (DN) 
LMIN = minimum radiance of the channel band to be 

processed 
LMAX = Maximum radiance of the channel band to be 

processed 
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 (2) 
Pp = Effective reflectance at the satellite 
π = Mathematical constant equal to approximately 3.14 
d = Earth-Sun distance in astronomical units 
ESUN = Mean solar exo-atmospheric irradiance 
θs = solar elevation angle in degrees 

√  Mosaic Formation 
The images recorded by the sensors form a set of scenes. 

When all the scenes are grouped together to form an 
image, we speak of a mosaic. The Dakar region is covered 
by two scenes in 2000 and 2023. It then becomes 
necessary to resort to mosaicking to have a global image 
covering the entire region for each year [41]. For this, we 
used a QGIS extension called Merge which uses an 
automatic method based on the connection of 
georeferenced scenes. 

4.2.2. Land Use Land Cover Change Detection 
Change detection is the implementation of techniques 

to highlight the change in land use/land cover in order to 
understand its temporal evolution [45]. This detection is 
done by classifying several images of the same scene 
taken in 1986, 2000, 2010, and 2023. In our study, 
supervised classification is used, based on familiarity and 
good knowledge of the study area [46]. To do this, we 
started with the combination of bands, which consists of 
gathering all the bands except that of the thermal channel 
in a single image in order to be able to apply a colored 
composition. We did the latter by selecting 3 bands from 
the visible spectrum. For our colored combination, we 
selected the near infrared corresponding to band 4 for 

Landsat TM, ETM and corresponding to band 5 for 
Landsat OLI. Red corresponding to band 3 for Landsat 
TM, ETM+ and corresponding to band 4 for Landsat OLI. 
And green corresponding to band 2 Landsat TM, ETM+ 
and corresponding to band 3 for Landsat OLI. This 
colored composition is called false color infrared, because 
it highlights vegetation in red, built-up areas in gray, bare 
soil in yellow and water in black [11]. The elements 
mentioned above, vegetation, built-up areas, bare soil, and 
water will constitute our classes or land use/land cover 
units [47]; the next step in the classification process is the 
sampling of classes. For this purpose, for each class we 
selected a sample of pixels called ROI (Region of Interest) 
in the form of a polygon subjected to the classification 
algorithm for each year. For the choice of the 
classification algorithm, the semi-automatic classification 
tool in QGIS offers us 3 supervised classification 
algorithms which are: minimum distance, maximum 
likelihood, special angle mapping. The maximum 
likelihood classification algorithm was used in our study 
because it is based on a statistical analysis of the 
distribution of the spectral vectors of the sample to define 
areas of equivalent probability around these centers. The 
probability of belonging to each class is calculated for 
each spectral vector assigned to the class for which the 
probability is the highest. A considerable advantage of this 
method is that it provides for each pixel, a certainty index 
linked to this choice [46,48]. After obtaining the 
classification results, we used the QGIS Boundary clean 
tool to smooth the irregular edges of the class boundaries 
and group them together. This operation increases the 
spatial coherence within the classes. Adjacent regions that 
belong to the same class can be connected [41]. Accuracy 
assessment is very important to determine the quality and 
reliability of results and uncertainty information derived 
from remote sensing data. It is the procedure used to 
compare classification results to assumed corrected 
geographic reference data. It is necessary to pay attention 
to classification in land use/land cover monitoring, studies 
using the post-classification comparison method, where 
the classification error will affect the accuracy of change 
detection results. Field data, high-resolution images or 
existing maps are commonly used to assess the quality of 
classification results produced from any imagery source, 
to generate an error matrix and accuracy measures for 
each land use/land cover or land cover map. To assess the 
accuracy of our classifications, 200 reference plots were 
selected in the form of polygons on very high-resolution 
Google Earth images under the supervision of two remote 
sensing experts, while distributing the 200 reference plots 
proportionally between the 4 land use/land cover units for 
each of our images. To assess the accuracy of the user and 
the producer, an error matrix was applied using the 
Accuracy tool to compare the relationship between the 
classified maps and the reference data. The overall 
accuracy and the Kappa coefficient were used to assess 
the accuracy of our classifications [49,50]. Finally, for the 
statistical study of the evolution of land use/land cover, 
the images obtained were converted into vectors with the 
Raster to vector tool to merge the different classes and be 
able to calculate in the attribute table the areas and 
percentages of land use/land cover of the different classes 
for each year. 
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4.2.3. Index Computation 

√  NDVI computation 
The NDVI (Normalized difference vegetation index) is 

calculated by the raster calculator tool in QGIS software, 
using the near infrared (NIR) and red (R) bands. Near 
infrared represents band 4 for Landsat TM (0.76-0.90 µm), 
band 4 for Landsat ETM+ (0.75 - 0.90 µm) and band 5 for 
Landsat OLI (0.845-0.885 µm). Red represents band 3 for 
Landsat TM (0.63-0.69 µm), for Landsat ETM+ (0.63 - 
0.69 µm) and band 4 for Landsat OLI (0.630-0.680 µm), 
respectively. The NDVI index provides a very accurate 
picture of the vegetation at a given time. It is derived from 
the difference between the reflectance of vegetation 
provided by the near infrared and the red, divided by their 
sum translated by equation (3) [51]. 

 
NIR RNDVI
NIR R

−
=

+  (3) 
The NDVI index takes the form of a new image, the 

value of each pixel being between -1 (bare ground) and 1 
(maximum plant cover) [50]. It is the analysis of the range 
of nuances extending between these extreme values (very 
infrequent) that will inform the observer about the density 
of cover and the quantity of green biomass. This index is 
widely used for monitoring plant cover because of the 
ease of its implementation and especially its correlation 
with the density of plant cover and the capacity of plants 
to absorb sunlight) [52]. 
√  NDBI computation 

The NDBI Normalized Difference Built-up Index uses 
the near infrared (NIR) and short wavelength infrared 
(SWIR) bands to highlight built-up areas. For Landsat TM, 
the near infrared is represented by band 4 and short 
wavelength infrared by band 5. For Landsat ETM+, the 
near infrared is represented by band 4 and short 
wavelength infrared by band 5. As for Landsat OLI, the 
near infrared is represented by band 5 and short 
wavelength infrared by band 6. The calculation was 
carried out by the raster calculator tool, applying equation 
(4) allows to obtain a new NDBI image whose pixel 
values are between -1 and 1 [53]. 

 
SWIR NIRNDBI
SWIR NIR

−
=

+  (4) 
√  LST computation 

The LST (land surface temperature) index measures the 
thermal radiation emission of the Earth's surface using the 
thermal channel of the Landsat sensors, represented by band 
6 for Landsat TM, band 6 for Landsat ETM+ and for 
Landsat OLI the thermal channel has two bands, band 10 
and band 11. With the raster calculator tool we start by 
calculating the spectral radiance (equation 5) which is then 
converted into brightness temperature (equation 6) which 
represents the surface temperatures in degrees Kelvin so for 
the conversion from degrees Kelvin to degrees Celsius, we 
subtract the value of 273.15 from the result obtained. These 
two equations are applied to all images to have at the output 
images whose pixel values are between the maximum and 
minimum value of the surface temperatures [50]. 

 L cal LLλ M *Q A= +  (5) 

 

2

1

λ

K
TB 273.15

KLN 1
L

= −
 

+ 
   (6) 

Lλ: spectral radiance, 
ML radiance_multi_Band from the metadata. 
Qcal: quantified and calibrated value of the pixels of 

the standard product (Thermal Band). 
AL radiance_add_Band from the metadata, 
TB brightness temperature, 
K1 and K2: thermal conversion constants also from the 

metadata. 
These metadata are contained in a text file downloaded 

by default when acquiring a satellite image [50,51]. 

4.2.4. Urban–Rural Gradient 
Gradient analysis is a useful method to assess the 

spatial and temporal variation of environmental variables 
with distance from the city to the rural area. This analysis 
provides information about the spatial structure of the 
average LST, NDVI, and NDBI indices based on the 
urban-rural gradient. The gradient gives us ideas about the 
distribution of the different indices and how they fluctuate 
in the city landscape [29,51]. 

This task was carried out by taking a sample of the 
NDVI, NDBI, and LST index values from the city center 
to its periphery at intervals of 1 km up to 40 km as a point 
and then generating graphs and analyzing them. 

5. Results and Discussions 

5.1. Accuracy Assessment Report of LU/LC 
Classification 

The classification of land use/land cover in the Dakar 
region in 1998, 2000, 2010 and 2023 was carried out on 
the basis of the 4 land use/land cover classes which are 
built-up areas, water, vegetation and bare soil (Table 3). 
These classes were used to classify the images in order to 
spatialize and represent the land use/land cover dynamics 
for the 4 years. The overall accuracy obtained for each of 
the classifications is greater than 90%, 97.6% for 1986, 
95.8% for 2000, 97.2% for 2010 and 98.96% in 2023. The 
Kappa coefficient is 0.921 for 1986, 0.907 for 2000, 0.947 
for 2010 and 0.982 for 2023 (Table 4). 

Table 3. Delineated classes of land use/land cover (LU/LC) of Dakar 
region 
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Table 4. Report of accuracy assessment on LU/LC classification (1986–2023) of Dakar region 

 
 

5.2. Spatiotemporal Pattern of LU/LC 
Dynamics 

 

Figure 2 represents the land use/land cover map 
showing the evolution of the different classes over the 
years. Built-up areas are the class that have expanded the 
most, increasing from an area of 56.80 km² in 1986 to 
100.60 km² in 2000, then 129.30 km² in 2010 and 175.34 
km² in 2023 (Table 5 and Figure 3), which represents an 
increase of 8.87% (or 43.8 km²) between 1986 and 2000, 
then an increase of 5.12% (or 28.7 km²) between 2000 and 
2010, ending with an increase of 8.17% (or 46.04 km²) 
between 2010 and  2023 (Table 6 and Figure 4). Water is 
the third class to have expanded, increasing from an area 
of 56.80 km² in 1986 to 100.60 km² in 2000, then 129.30 
km² in 2010 and 175.34 km² in 2023 (Table 5 and Figure 
3). 1986 to 100.60 km² in 2000 then 129.30 km² in 2010 
and 175.34 km² in 2023 (Table 5 and Figure 3), which is 
an increase of 0.11% or 0.63 km² between 1986 and 2000 
then an increase of 0.04% or 0.22 km² between 2000 and 
2010 to finish with an increase of 0.77% or 4.34 km² 
between 2010 and 2023 (Table 6 and Figure 4). 
Vegetation is the second class to have expanded the most, 
increasing from an area of 56.80 km² in 1986 to 100.60 
km² in 2000, then 129.30 km² in 2010 and 175.34 km² in 
2023 (Table 5 and Figure 3), which is an increase of 2.28% 
or 12.6 km² between 1986 and 2000, then an increase of 
2.4% or 13.45 km² between 2000 and 2010, ending with 
an increase of 0.1% or 0.67 km² between 2010 and 2023 
(Table 6 and Figure 4). Bare soil is the only one of the 4 
land use/land cover classes to have declined to the 
detriment of the others, going from an area of 56.80 km² 
in 1986 to 100.60 km² in 2000 then 129.30 km² in 2010 
and 175.34 km² in 2023 (Table 5 and Figure 3), which is a 
decrease of -10.26% or -58 km² between 1986 and 2000 
then a decrease of -7.55% or -42.07 km² between 2000 
and 2010 to finish with a decrease of -9.04% or -50.03 
km² between 2010 and 2023 (Table 6 and Figure 4). The 
total area of the study area increased from 561.18 km² in 
1986, 559.31 km² in 2000, 559.61 km² in 2010 and 560.63 
km² in 2023 with an average area of 560.18 km² (Table 5). 
In 1986 in the department of Dakar, there was a strong 
presence of buildings, ranging from the commune of 
Plateau to Grand Yoff. Buildings also occupied part of the 
communes of Ouakam, Ngor, Yoff, and Parcelle assainies. 
Vegetation is mainly found at the Hann park, in the 

commune of Patte D’oie, at Plateau, at Fann/Point 
E/Amitié and at the end of the tip of Almadies. Buildings 
are found on the border between the departments of Keur 
Massar, Pikine and Guédiawaye. Filao trees are found all 
along the coast from Rufisque to Guédiawaye and there is 
also the classified forest of Mbao in Pikine. In the 
department of Rufisque, there is building on the border 
between the communes of Rufisque West, Rufisque 
Center, and Rufisque East. There are also plots of 
cultivation distributed in the different communes of 
Rufisque as well as the pink lake in the commune of 
Tivaouane Peulh-Niagha. In 2000, there was an expansion 
of building from west to east, which is due to the 
construction of infrastructure and housing to meet the 
needs of the population, the population which is becoming 
larger and larger. Buildings therefore occupy almost all of 
the departments of Dakar and Guédiawaye. We observe 
the presence of Lake Wouye in the department of Keur 
Massar, a lake on which we observed years ago a 
tendency to regression, this one due to the drought 
recorded between 1968 and the end of the 1990s [55]. In 
the department of Rufisque, we observe the increase in the 
number of cultivated plots, Rufisque will therefore 
become the department with the majority of agricultural 
land in the Dakar region. In 2010, we observe the 
expansion of the built-up area, which this time occupies 
almost all of the departments of Pikine and Keur Massar, 
we also note the expansion of the built-up area in the 
municipalities of Rufisque West, Rufisque Center, and 
Rufisque East. Still in Rufisque, we find again an increase 
in cultivated plots. In 2023, the built-up area continues its 
expansion this time in the department of Pikine and we 
also observe the presence of the different water points in 
the Dakar region. 

5.3. Spatiotemporal Pattern of LST Dynamics 
Figure 5 shows the dynamics of temperature evolution 

during the years 1986, 2000, 2010, 2023. We note that the 
highest temperatures are observed in the east of the Dakar 
region. In 1986 the temperatures range from 39.2 °C to 
45.5 °C, it is a very hot year with an average of 47.34 °C, 
in 2000 the temperatures range from 14.3 °C to 50.7 °C 
with an average of 39.20 °C, in 2010 the temperatures 
range from 15.6 °C to 33.2 °C with an average of 
28.63 °C and in 2023 the temperatures range from 18.4 °C 
to 48.8 °C with an average of 37.07 °C, which means that 
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between 1986 and 2000 the average temperature dropped 
by -8 °C, then between 2000 and 2010 it dropped again by 
-10.57 °C and between 2010 and 2023 the average 

temperature increased by 8.44 °C. Which places 1986 as 
the year with the highest temperatures and 2010 as the 
year with the lowest temperatures (Table 7). 

 

Figure 2. Land use Land cover dynamics in Dakar region between 1986 and 2023 

Table 5. LU/LC statistics summary for Dakar region 

 

 
Figure 3. Description of LU/LC statistics of Dakar region 
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Table 6. LU/LC change statistics for Dakar region 

 

 

Figure 4. Descriptions of LU/LC class at different time periods in Dakar region 

 
Figure 5. Spatial land surface temperature (LST) dynamics in Dakar region 

Table 7. Retrieved statistics of LST values in Dakar region (1986-2023) 
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5.4. LU/LC Effects on LST 
To analyze the effect of land use/land cover dynamics 

on surface temperatures, we used the average temperatures 
at each class for the years 1986, 2000, 2010 and 2023. At 
the built-up area level, the average temperature was 
47.10°C in 1986, then it fell to 37.37°C in 2000, then fell 
again to 27.30°C in 2010 and then rose again to 34.38 °C 
in 2023. This gives a drop of -9.73°C between 1986 and 
2000, a drop of -10 °C between 2000 and 2010 and an 
increase of 7.08 °C between 2010 and 2023. The average 
water temperature was 45.51°C in 1986, then it drops to 
25.98°C in 2000, then drops again to 21.97°C in 2010, 
then rises again to 25.41°C in 2023. This gives a drop of -
18.53°C between 1986 and 2000, a drop of -4.01°C 
between 2000 and 2010 and an increase of 3.44°C 
between 2010 and 2023. The average temperature of 
vegetation was 47.17°C in 1986, then drops to 36.31°C in 
2000, then drops again to 26.51°C in 2010, then rises 
again to 34.97 °C in 2023. This gives a drop of -10.86°C 
between 1986 and 2000, a drop of -9.8°C between 2000 
and 2010 and an increase of 8.46°C between 2010 and 
2023. The average temperature of bare soil was 47.56°C 
in 1986, then it drops to 40.13°C in 2000, then drops again 
to 29.59°C in 2010, then rises again to 39.33°C in 2023. 
This gives a decrease of -7.43 °C between 1986 and 2000, 
a decrease of -10.54°C between 2000 and 2010 and an 
increase of 9.74°C between 2010 and 2023 (Table 8). A 
trend is observed, at the level of each year, we find the 
lowest temperature values at the level of water points then 
at the level of vegetation while the highest values are 
observed at the level of bare ground then at the level of 
buildings (Table 8). The analysis of Table 9 and Figure 6 
showed that bare ground is the occupation unit with the 
highest temperatures. Buildings are the land occupation 
unit that had the greatest expansion between 1986 and 
2023, buildings are also the second occupation unit with 
the highest temperatures. Its average temperature will be 
taken as a reference to calculate the difference compared 
to the average temperature of each of the other occupation 
units. This will make it possible to observe the difference 
between the temperature averages corresponding to the 
nights of land occupation and their changes over the years. 
Thus the difference between the average temperature of 
the building and that of the water is 1.59°C in 1986, 
11.39°C in 2000, 5.33°C in 2010, 8.97°C in 2023. We 
note that the temperature differences are positive for the 
four years; which demonstrates that over these 4 years the 
average temperatures at the water level are lower than the 
average temperatures at the building level. The difference 
between the average temperature of the building and that 
of the vegetation is -0.07°C in 1986, 1.06°C in 2000, 
0.79°C in 2010, -0.59°C in 2023. We note that in 2 of the 
4 years the temperature differences are negative values, 
this is the case in 1986 and 2023, which means that in 
these 2 years the average temperatures at the vegetation 
level are higher than the average temperatures at the 
building level. The difference between the average 
temperature of the building and that of the bare ground is -
0.46°C in 1986, -2.76°C in 2000, -2.29°C in 2010, -
4.94°C in 2023. We note that the temperature differences 
are negative values for the four years which demonstrates 

that over these 4 years the average temperatures at the 
level of the bare ground are higher than the average 
temperatures at the level of the building. 

5.5. Spatiotemporal Pattern of NDVI 
Dynamics and Its Relationship with LST 

 

Figure 7 relates to the vegetation index map showing 
the dynamics of the evolution of the vegetation cover over 
the years: 1986, 2000, 2010, 2023. In 1986, the NDVI 
index values range from 0.28 to -0.15 with an average of 
0.08. In 2000, the NDVI index values range from 0.69 to -
0.14 with an average of 0.39, this average is the highest. 
In 2010, the NDVI index values range from 0.52 to -0.41 
with an average of 0.02, this average is the lowest. In 2023, 
the NDVI index values range from 0.57 to -0.28 with an 
average of 0.13 (Table 10). The lowest NDVI values are 
observed at water points and inhabited areas, while high 
NDVI values are found in vegetation zones. Over the 4 
years 1986, 2000, 2010 and 2023, dense vegetation is 
mainly found around watercourses, in the Mbao classified 
forest, the Hann park, the Technopole and also in the crop 
plots located in the Rufisque department (Figure 7). Then, 
to get an overall idea of the quality of the linear 
adjustment, we graphically exploited 500 points 
containing the values of the LST and NDVI indices to 
calculate the coefficient of determination R2. To have a 
strong correlation, the value of the coefficient of 
determination R2 must be greater than or equal to 0.5 [55]. 
In our case, our correlations are all weak because the 
value of R2 is less than 0.5 for each of the years. R2 
corresponds to 0.0 for 1986, R2 corresponds to 0.2 for 
2000, R2 corresponds to 0.07 for 2010 and R2 
corresponds to 0.1 for 2023. It is noted that the higher the 
temperature values, the higher the NDVI values, which is 
explained by the fact that the high density of vegetation 
has an impact on temperatures, hence the low 
temperatures in areas of high vegetation density; on the 
other hand, in areas of non-dense vegetation (herbaceous 
vegetation), high temperatures are observed as on bare 
ground and inhabited areas (Figure 5, Figure 7).  

5.6. Spatiotemporal Pattern of NDBI 
Dynamics and its Relationship with LST 

 

The results obtained by calculating the NDBI index for 
the years 1986, 2000, 2010 and 2023 showed a confusion 
between built-up areas and bare soil areas. In this study, 
the NDBI index highlights built-up areas and bare soil 
areas while originally this NDBI index is supposed to 
highlight built-up areas. To understand this phenomenon, 
there are studies in the literature that discuss the 
interferences between NDBI (built-up index) values and 
bare soil. This phenomenon is mainly due to the fact that 
bare soil, especially in arid or semi-arid areas, sometimes 
shares similar spectral signatures with built-up areas, 
leading to confusion in the interpretation of NDBI results 
[14,56]. In this context, we present in Figure 9 the 
building index map showing the dynamics of the 
evolution of the building over the years: 1986, 2000, 2010, 
2023. In 1986, the values of the NDBI index range from 
0.53 to -0.29 with an average of 0.10. In 2000, the values 
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of the NDBI index range from 0.64 to -0.37 with an 
average of 0.53, this average is the highest. In 2010, the 
values of the NDBI index range from 0.49 to -0.42 with an 
average of 0.31. In 2023, the values of the NDBI index 
range from 0.33 to -0.37 with an average of 0.31, this 
average is the lowest (Table 13). Very low NDBI values 
are observed at the level of dense vegetation and 
watercourses tendit which the highest NDBI values are 
observed at the level of bare soil and then at the level of 
inhabited areas (Figure 9). Then, 500 points containing the 

values of the LST and NDBI indices were graphically 
exploited to determine the coefficient of determination R2 
in order to have an overall idea of the quality of the linear 
adjustment. Thus over the 4 years, 3 have a strong 
correlation: this is the case in 1986 with R2 = 0.6, 2000 
with R2 = 0.5, 2010 with R2 = 0.6 but for 2023 the 
correlation is weak because R2 = 0.4. A trend is observed, 
the higher the temperature values, the higher the NDBI 
values (Figure 10). 

Table 8. The mean LST over each distinct LU/LC classes in Dakar region from 1986 to 2023 

 

Table 9. The magnitude of mean LST over each distinct LU/LC class in Dakar region from 1986 to 2023 

 

 
Figure 6. Description of the magnitude of mean LST over each distinct LU/LC class in Dakar region from 1986 to 2023 

 
Figure 7. Spatial normal difference vegetation index (NDVI) dynamics in Dakar region 

 



26 American Journal of Environmental Protection  

 

Table 10. Retrieved statistics of NDVI values in Dakar region 

 

 
Figure 8. Spatial scattered plots between LST and NDVI in Dakar region 

 
Figure 9. Spatial NDBI dynamics in Dakar region 

Table 11. Retrieved statistics of NDBI values in Dakar region 
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Figure 10. Spatial scattered plots between LST and NDBI in Dakar region. 

5.7. Analysis of Patern of Urban Rural 
Gradient 

The three indices LST, NDVI and NDBI were 
represented on the 40 points going from the department of 
Dakar to the end of the department of Rufisque over 40 
km with a 1 km gap between the points, this for the 4 
years: 1986, 2000, 2010 and 2023 (Figure 11). In 1986 in 
the city center, the average LST was 43.9 °C, the average 
NDVI was 0.05 and the average NDBI was 0.06. At 32 
km from the city center, the average LST goes from 
43.9 °C to 47.7 °C, the average NDVI goes from 0.05 to -
0.14 and the average NDBI goes from 0.06 to -0.09. After 
32 km, we observe the increase in the average LST NDVI 
and NDBI, the average LST goes from 47.7 °C to 48.3 °C, 
the average NDVI goes from -0.14 to 0.09, the average 
NDBI goes from -0.09 to 0.14. In 2000 in the city center, 
the average LST was 35.6 °C, the average NDVI was 0.34 
and the average NDBI was 0.06. At 32 km from the city 
center, the average LST goes from 35.6 °C to 25.9 °C, the 
average NDVI goes from 0.34 to 0.17 and the average 
NDBI goes from 0.06 to -0.14. After 32 km, the average 
LST, NDVI and NDBI increase, the average LST 
increases from 25.9 °C to 41.9 °C, the average NDVI 
increases from 0.17 to 0.45 and the average NDBI 
increases from -0.14 to 0.22. In 2010 in the city centre, the 
average LST was 26.3 °C, the average NDVI was 0.04 
and the average NDBI was 0.19. At 32 km from the city 
centre, the average LST increases from 26.3 °C to 21.5 °C, 
the average NDVI increases from 0.04 to -0.25 and the 
average NDBI increases from 0.19 to -0.07. After 32 km, 
we observe the increase in the average of LST, NDVI and 
NDBI, the average of LST goes from 21.5 °C to 29.1 °C, 
the average of NDVI goes from -0.25 to 0.01 and the 
average of NDBI goes from -0.07 to 0.41. In 2023 in the 
city center, the average of LST was 32.5 °C, the average 
of NDVI was 0.13 and the average of NDBI was -0.03. At 
32 km from the city center, the LST average increases 
from 32.5 °C to 24.5 °C, the NDVI average increases from 
0.13 to -0.09 and the NDBI average remains at -0.03. 
After 32 km, the increase in the LST, NDVI and NDBI 
averages is observed, the LST average increases from 
24.5 °C to 39.4 °C, the NDVI average increases from -
0.09 to 0.14 and the NDBI average increases from -0.03 to 

0.12 (Figure 12). For all years, we note that the average of 
LST, NDVI and NDBI are low at 32 km from the city 
center except for 1986 where we observe the average of 
LST is higher than in the city center and for 2023 where 
we observe the lowest average of NDBI at 23 km from the 
city center. Then between 32 km and 40 km, we observe 
an increase in the average of LST, NDVI and NDBI. 
These different variations can be justified by the influence 
of land use/land cover on the average of the values of the 
different indices. The presence of buildings in the city 
center explains the fairly high average temperature over 
the 4 years. At 32 km from the city center, we observe a 
drop in the average LST NDVI and NDBI which is due to 
the presence of the Lac Rose which is a water point and 
finally between 32 km and 40 km, we observe a strong 
presence of bare soil in this part of the department of 
Rufisque which explains the increase in the average LST. 
We observe a trend between NDVI and LST, when the 
average value of NDVI increases the average value of 
LST decreases and when the average value of NDVI 
decreases the average value of LST increases. We also 
observe a trend between NDBI and LST, when the 
average value of NDBI increases, the average value of 
LST also increases and when the average value of NDBI 
decreases the average value of LST also decreases. We 
can therefore say that vegetation promotes the decrease in 
surface temperatures while buildings and bare soil 
promote the increase in surface temperatures (Figure 12). 

 
Figure 11. Illustration of collection points for Urban Rural Gradient 
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Figure 12. Spatial distribution of urban–rural gradient of LST, NDVI, and NDBI in Dakar region (1986-2023) 

6. Conclusions 

This study aims to quantify the evolution of land 
use/land cover change in the Dakar region during the 
years: 1986, 2000, 2010 and 2023. To achieve this 
objective, we proceeded with a diachronic and multi-date 
analysis of land use/land cover. It is based on the 
calculation of: Land Surface Temperature (LST); 
Normalized difference vegetation index (NDVI) and 
Normalized Difference Built-Up Index (NDBI) and on the 
exploitation of the urban-rural gradient. Our motivation 
through this study is: (i) to study the multi-temporal 
dynamics of land use/land cover change; (ii) to monitor 
the dynamics of change and their effect in the Dakar 
region; (iii) to visualize the role and influence of green 
spaces on surface temperatures and (iv) to observe the 
temperature differences between urban and rural areas as 
well as their mutual influence in the Dakar region. Thus, 
at the end of this study we obtained consistent and 
revealing results. Concerning land use/land cover, the 
results showed that the area occupied by buildings 
increased by 118 km² or 21.04% of the total area of the 
study area, the area occupied by water increased by 5.23 
km² or 0.93% of the total area, the area occupied by 
vegetation increased by 26.72 km² or 4.76% of the total 
area, on the other hand the area occupied by bare soil 
decreased by 151 km² or 26.93% of the total area of the 
study area between 1986 and 2023. It is obvious that due 
to the rapid development of buildings in the form of 
residential, commercial, industrial areas, transport 
networks, sidewalks and parking lots, that buildings are 
the occupation unit with the greatest expansion while bare 
soil is the only occupation unit that has declined, this is 
due to the use of empty land for the construction of all 
types of infrastructure and in some cases, empty land is 
transformed into agricultural plots. Concerning the 
occupation units, vegetation has a lower LST index in 
2000 and 2010 with 1°C while water has a lower LST 
index between 1986 and 2023 by 2 to 10°C. Buildings and 

bare soil have the highest LST indices. Of the two 
occupation units, bare soil has a higher LST index ranging 
from 0.45 to 5°C between 1986 and 2023 The results 
relating to the relationship between LST and NDVI and 
between LST and NDBI successively gave negative and 
positive correlations. For LST and NDVI the correlation is 
weak for the 4 years 1986, 2000, 2010 and 2023 while the 
correlation between LST and NDBI is strong for the years 
1986, 2000, 2010 and weak for 2023. The analysis 
showed that the higher the NDVI index, the lower the LST 
index and the lower the NDVI index, the higher the LST 
index. Similarly, the higher the NDBI index, the higher 
the LST index and the lower the NDVI index, the lower 
the LST index. These relationships demonstrate the 
effectiveness of vegetation in regulating surface 
temperatures. These different results encourage us to raise 
several societal issues and to consider possible solutions 
related to good planning for the well-being of populations 
in urban areas. In the immediate future, compliance with 
building construction standards, a campaign to enhance 
green spaces in urban areas and to plant trees in open 
spaces, the enhancement of existing water points and the 
creation of artificial water points would constitute an 
important step towards resolving the problems related to 
urban heat islands. Furthermore, aware of the ecological 
and energy issues of our time, you will agree with me on 
the role that surface temperatures could play in optimizing 
the installation of solar panels and on the influence of 
vegetation on air pollution. 
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