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Abstract

Rapid urbanization combined with global climate change is intensifying the Surface Ur‑
ban Heat Island (SUHI) effect worldwide, posing significant risks to human health, ther‑
mal comfort, and quality of life in cities. Characterized by notably higher temperatures
in urban areas compared to their rural surroundings, the SUHI phenomenon is driven
by factors such as increased built‑up density and reduced vegetation cover. In this con‑
text, open‑source remote sensing data, particularly from the Landsat satellite series, play a
crucial role in studying surface urban heat islands. Available freely, Landsat’s multispec‑
tral and thermal imagery provides extensive spatial coverage and consistent temporal fre‑
quency, enabling long‑term diachronic analyses. This study leverages a 40‑year time series
(1984–2024) of Landsat thermal data to map surface temperature variations in urban envi‑
ronments between Kenitra and Rabat cities, facilitating the identification of heat‑excess
zones linked to anthropogenic factors. Based on the results obtained, the LU/LC maps
show that the study area is characterized by the notable growth of urbanization over the
period 1984–2024, particularly in the dynamic poles of the region such as the city centers
of Kénitra, Rabat, and Sale. This dynamic is highlighted by an increase from 1.8% to 3%
in the total area of the region, accompanied by a remarkable decrease in agricultural land
and bare soils. The evaluation of the Random Forest (RF) model’s performance also in‑
dicates that it successfully classified the data and predicted the LU/LC classes effectively,
as confirmed by metric indices such as the Receiver Operating Characteristic curve and
the Kappa index, which present very high average values exceeding 90%. Furthermore,
the exploitation of the thermal bands of Landsat images provided relevant information on
surface temperature variation. The SUHI maps show that the Rabat‑Sale‑Kenitra (RSK) re‑
gion experienced a progressive increase in temperature over the study period, rising from
27 ◦C in 1984 to 44 ◦C in 2024. This value could increase further due to the continuous dy‑
namics of urbanization. Together, these tools provide a robust framework for understand‑
ing the spatiotemporal dynamics of surface urban heat islands and support sustainable
urban planning.
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1. Introduction
Climate change is today recognized as one of the major challenges of the 21st cen‑

tury, with profound impacts on natural and human systems on a global scale. The latest
report from the Intergovernmental Panel on Climate Change [1] emphasizes the need for
rapid and collective action to curb the effects of global warming, which affects average
temperatures, the frequency of extreme events, and hydrological cycles. Similarly, global
changes, including rampant urbanization, deforestation, and land‑use changes, intensify
pressures on ecosystems and societies. These transformations exacerbate vulnerability to
natural hazards, such as floods, droughts, wildfires, and heatwaves, and have major im‑
pacts on public health, notably through the increase in heat‑related illnesses and air quality
degradation [2].

In this context, urban environments contain a growing share of the global population,
with more than 55% of inhabitants living in cities in 2018 and a projection of nearly 68%
by 2050 [3]. This rapid urbanization, mostly unplanned, profoundly affects the local and
regional environment. It is often accompanied by the emergence of several phenomena
including the “Surface Urban Heat Island (SUHI),” characterized by a significant rise in
temperatures in built‑up areas compared to surrounding rural areas. This phenomenon
amplifies the effects of climate change in urban settings, accentuating the likelihood of
other health risks, notably during heatwaves, which are now the leading cause of weather‑
related mortality in several regions [4]. The SUHI is thus at the crossroads of climate, en‑
vironmental, and social issues, requiring in‑depth research to better understand its mech‑
anisms and identify appropriate solutions.

TheMoroccan urban population has experienced a sharp increase driven by strong de‑
mographic dynamics, rural exodus, the expansion of urban perimeters, and the promotion
of rural centers to urban status. This trend is also reflected in the sustained demographic
growth observed over the past decade, with the population increasing from 2,598,312 in‑
habitants in 2014 to 2,860,430 in 2024, according to the national census statistics [5,6]. Ur‑
ban spaces today account for more than 23 million inhabitants, or nearly 63% ofMorocco’s
total population [5], whereas this figure did not exceed 4 million in 1960, with an urban‑
ization rate of 29.1%. This rapid increase highlights the profound change that Moroccan
society is undergoing. From a historical perspective, the colonization of Morocco was a
confrontation with modernization [7]. The latter introduced several innovations, notably
the capitalist mode of production, industrialization, and information, by adopting amodel
of spatial organization favoring central coastal zones andmarginalizing spaces deemed in‑
appropriate for speculative practices [8–10].

TheMoroccan coastal strip, extending fromKenitra to Rabat, is a strategic zone under‑
going significant urban and demographic transformation. According to recent data from
the 2024 General Census of Population and Housing [5], the RSK region, which encom‑
passes this area, counts more than 5 million inhabitants with an average annual growth
rate of around 2.5% over the last decade. This demographic growth is accompanied by in‑
tensified urbanization, with significant urban expansion and rapid transformation in terms
of land cover/land use [11]. Natural and agricultural spaces are gradually giving way to
built‑up areas, profoundly modifying the landscape and the physical properties of the ter‑
ritory [9,12].
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This artificialization of spaces and soils is becoming the basic characteristic of several
rapidly developing coastal zones, representing a key factor in the manifestation and in‑
tensification of the SUHI phenomenon [13]. The latter refers to a local and sustained rise
in temperature in urban areas compared to surrounding rural spaces, primarily linked
to the concentration of impervious surfaces, the reduction in vegetation, and the three‑
dimensional configuration of buildings [14,15]. Across the world, this phenomenon is
amplified by the rapid expansion of urbanization, which modifies not only the urban en‑
ergy balance but also the thermal exchanges between the surface and the atmosphere. In
2008, Rizwan et al., highlights in their work that the intensity of the SUHI is heavily de‑
pendent on the nature and evolution of land use/land cover (LULC), with a direct corre‑
lation between built‑up density, the loss of green spaces, and the increase in night‑time
temperatures [16]. In the Mediterranean context, similar to that of the Moroccan Atlantic
coast, some scientific papers have demonstrated that urban areas experience temperature
increases reaching several degrees Celsius compared to peri‑urban or rural areas, which
highlights the occurrence of hazards linked to heatwaves [17].

The coastal zone between Kenitra and Rabat, already subject to a temperate Mediter‑
ranean climate, thus sees an accumulation of climatic and anthropogenic constraints, favor‑
ing the frequency and duration of extreme heat episodes. The multiplication of heatwaves
combined with the presence of SUHI increases the vulnerability of populations, particu‑
larly the most fragile ones (elderly people, children, low‑income populations) [18]. Faced
with these challenges, the coastal region between Kenitra and Rabat offers a privileged
field of study, combining rapid urbanization, contrasting land use dynamics, and sensitive
climatic exposure. This study aims to analyze how the spatial evolution of LU/LC influ‑
ences the distribution and intensity of SUHI, by integrating recent demographic data, ther‑
mal observations, and urban morphological analysis. Understanding these interactions
is essential for designing effective and sustainable mitigation measures [19,20], improv‑
ing climate resilience and the well‑being of populations in this coastal zone undergoing
full transformation.

2. Study Area: The Atlantic Coast Between Kenitra and Rabat
The study area, located on the north‑western Atlantic coast of Morocco, covers the

provinces/prefectures of Kenitra, Sale, and Rabat (Figure 1), parts of the RSK region. This
region combines geographic diversity, active urbanization, and socio‑economic dynamics
that make it a particularly relevant territory for the analysis of SUHI phenomena. Accord‑
ing to the latest census (2024), the legal population of these three cities is 2,865,045 inhabi‑
tants, representing 80% of the total population of the region and 10% of the national popu‑
lation [5]. Between 2014 and 2024, the urban population of the region rose from 3,198,712 to
3,627,178, corresponding to an average annual growth rate of 1.27%. These marked demo‑
graphic and urbanization dynamics are key elements for the study of SUHIs, as the inten‑
sity and extent of urbanization strongly influence surface mineralization, built‑up density,
and thus the thermal balance of urban areas. As the study area constitutes a significant
part of the RSK region, it plays an important role in the national economy by concentrat‑
ing a vast portion of agricultural, industrial, and tertiary activities. In 2019, the region
accounted for approximately 16% of the national Gross Domestic Product (GDP) accord‑
ing to the “High Commission for Planning”. The region is also characterized as the leading
national agricultural sector in terms of utilized agricultural area, which implies that rural
and peri‑urban zones, particularly the Gharb plains associated with the province of Kéni‑
tra, remain very active in agriculture [21].
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Figure 1.Locationmaps of Rabat‑Sale‑Kenitra (RSK) Region (A), the Provinces of the RSKRegion (B),
and the study area (C).

In the study area, in urban zones like Rabat, Sale, or Kenitra, activity linked to the
tertiary sector, industry, services, and even logistics (coastal proximity, port/transport
infrastructures, industrial zones) is predominant. Although precise figures by sector
for each province are not always available, the regional weight in GDP testifies to a
diversified economy.

These three provinces are characterized by a strong concentration of the urban pop‑
ulation in a few specific large zones, which favors soil sealing, with a high built‑up den‑
sity and strong thermal reverberation. This situation is set within a context of rapid and
contrasting urbanization, creating an urban continuum between dense historical centers,
peri‑urban extensions, a heavily populated coastline, and industrial zones [22]. The align‑
ment of such conditions makes the study area a favorable and relevant setting to compare
the intensity of surface urban heat islands thanks to the presence of a built‑up‑to‑rural gra‑
dient. Furthermore, the coexistence of agricultural activities in rural zones and industrial
and tertiary functions in the urban environment will allow for analyzing the influence of
land uses and land cover on thermal dynamics. Finally, the geographic diversity, ranging
from Atlantic coasts, alluvial plains, and coastal plateaus to urban and peri‑urban spaces,
offers a framework conducive to studying the interactions between morphology, oceanic
proximity, urbanization, and vegetation cover in the modulation of heat island effects.

3. Methodology
The methodology of this study is described in Figure 2 and based on the use of free

and open‑source Landsat data, which offers a valuable resource, especially for countries
with low to very low income levels, allowing for thorough environmental monitoring at no
cost of proprietary datasets. Based on a primarily geomatics approach, the methodology
followed in this work consists of a succession of several phases; acquisition, preprocessing,
processing, and classification of a set of satellite images from different sensors, using GIS
(ArcMap 10.8), remote sensing tools and artificial intelligence.
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Figure 2.Research framework adopted for LULC and SUHI mapping in the RSK region.

The implementation steps of this methodology begin with the exploitation of Landsat
satellite images from two different sensors, Landsat TM (Thematic Mapper) and Landsat
OLI (Operational Land Imager), with the objective of conducting a spatiotemporal analy‑
sis to investigate the dynamics of LULC and SUHI effects over a period covering the last
40 years (1984 to 2024) across three provinces.

The selection of 10‑year intervals was based on scientific and methodological consid‑
erations rather than arbitrary choice. Decadal intervals are commonly used in long‑term
LU/LC and urban growth studies because they allow the detection of significant structural
transformationswhileminimizing the influence of short‑termfluctuations and interannual
variability [23,24]. Urban expansion processes typically followmedium‑ to long‑term plan‑
ning and infrastructure development cycles, which makes a 10‑year temporal resolution
suitable for capturing consolidated spatial changes. From a climatic perspective, decadal
spacing enhances the robustness of SUHI trend analysis by reducing the impact of anoma‑
lous single‑year meteorological conditions and emphasizing persistent thermal patterns
linked to land surface transformation [25,26].

Initially, the satellite images were subjected to several preprocessing steps to correct
radiometric, atmospheric, and geometric distortions [27]. Subsequently, a Random For‑
est algorithm was applied to classify land cover into primary categories. Thermal bands
were then used to calculate Land Surface Temperature (LST) and assess SUHI intensity by
employing established algorithms and vegetation‑based emissivity adjustments [28]. The
study explores the spatial and temporal evolution of both land use/land cover and surface
urban heat islands, including correlation and comparative analyses across provinces, to
identify urban thermal patterns and changes over a forty‑year timeframe.

3.1. Data Acquisition & Preprocessing

Aset of cloud‑freemultitemporal satellite data from the Landsat 4, 5, 8, and 9missions
has been used, following a decadal interval to analyze the long‑term nature of LU/LC dy‑
namics and track changes in SUHI across the RSK region’s provinces, spanning the years
1984, 1994, 2004, 2014, and 2024. A 10‑year interval is generally regarded as suitable in
developed nations for monitoring spatial and environmental changes, in that it strikes a
balance between the frequency of temporal observations and the normal rates of urban
expansion, land transformation, and climatic strain on urban systems. It is also a prag‑
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matic choice from a methodological standpoint. Because if a shorter temporal interval is
used, it would generate a larger number of images, substantially increase preprocessing,
classification, and thermal retrieval workloads, while contribute only marginal improve‑
ments to long‑term trend detection. The decadal approach therefore provides an optimal
balance between analytical precision and operational efficiency. A 40‑year Landsat archive
preserves consistent spatial, spectral, and radiometric properties, allowing for the reliable
identification of land‑cover changes, plant growth patterns, and heat signatures.

The set of five satellite images used in this study underwent several preprocessing
phases, specifically atmospheric and radiometric corrections. These steps ensure the im‑
ages are clear, reliable, and physically interpretable by correcting sensor‑related effects
during acquisition, while removing atmospheric influences that can obscure spatial infor‑
mation. Clipping and mosaicking were also performed to generate images covering the
entire study area for each period, defined by its specific boundary [29,30]. Furthermore,
the satellite images used in this study have a significant resolution, reaching 30 m. With
the objective of reducing spectral distortions and extracting the maximum spatial infor‑
mation from these images, the preprocessing steps include the application of the Gram‑
Schmidt pan‑sharpening method (Table 1). This technique improves the image resolution
by combining the panchromatic band (which has a high resolution of 15 m) with the lower‑
resolution (30 m) multispectral bands, resulting in a clear image with a spatial resolution
close to that of the panchromatic band [31,32].

Table 1. Sensor type, date of acquisition, and resolution of the used Landsat images.

Year Satellite Level Acquisition
Date

Spatial Resolution
(Before Gram Schmidt)

Spatial Resolution
(After Gram Schmidt)

1984 Landsat 4—TM

Level 2

25 August 1984

30 m
1994 Landsat 5—TM 4 July 1994
2004 Landsat 5—TM 29 June 2004 ~15 m
2014 Landsat 8—OLI 12 August 2014
2024 Landsat 9—OLI 07 August 2024

Additionally, the use of satellite imagery from various sensors is primarily dictated
by the extent of the study period (1984 to 2024). Specifically, satellite imagery from the
TM (Thematic Mapper) sensor only covers the period from approximately ~1982 to 2013,
whereas the OLI (Operational Land Imager) sensor represents the new generation of Land‑
sat imagery acquired after 2013. Based on this transition, we describe the specific charac‑
teristics of these different sensors. The spatial resolution enhancement using the Gram–
Schmidt method was applied only to the multispectral bands. However, it was not ap‑
plied to the thermal bands, since they measure emitted radiation and have a coarser native
resolution [33].

3.2. Land Use and Land Cover Classification

Generally, LULC is a spatial representation of all the elements that compose a territory
or a geographical unit. The methodology of this study proposes a cartographic approach
to visualize and analyze the distribution and spatial dynamics of five main LU/LC compo‑
nents within the provinces of Rabat, Sale, and Kenitra over the last forty years, specifically
between 1984 and 2024. The procedures of this approach are initially based on the extrac‑
tion and definition of the main LU/LC components and classes present in the various satel‑
lite images from the study period, namely: water, forests, urban areas, agricultural land,
and bare ground. These categories were identified as the dominant types in the RSK terri‑
tory following preliminary field observations and recent satellite imagery analysis. These
classes represent the key elements of the supervised classification performed by the Ran‑
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dom Forest machine learning algorithms, in order to generate five LU/LC maps showing
the spatial distribution of these classes for the years 1984, 1994, 2004, 2014, and 2024.

Furthermore, the creation of these maps relies primarily on a supervised classifica‑
tion approach for spatial data. Training elements play a central role, serving as references
for the classification algorithm, guiding the identification of classes, and allowing each
pixel of the image to be assigned to the most appropriate category [34,35]. In this study,
420 training elements were identified for each year in order to ensure a consistent and re‑
liable classification process. Consequently, the quality, representativeness, and accuracy
of the training elements directly determine the reliability of the maps produced and the
relevance of subsequent spatiotemporal analyses.

The application of the RF model as the tool for this classification, based essentially
on the significance and capability of this model’s algorithms in several studies with dif‑
ferent approaches, reflects its high performance in data classification [36,37]. Following
the standard procedures for this type of processing, we also defined a 70/30 data split, as‑
signing 70% of the database or input classes as training elements and the remaining 30%
for testing [38]. This provides the model with sufficient learning to better understand the
different types of land use and to generate maps that closely reflect reality [39–41]. Fur‑
thermore, the technical aspect of this classification included a numerical evaluation of the
model’s performance and its level of interaction with the data, through the use of two met‑
ric indices. These allowed for the definition of the performance level of the applied model
through a graphical representation such as the “Receiver Operating Characteristic” curve
and its AUC value, which indicates good model capability if it is greater than 0.75, as well
as the Kappa index [42,43].

3.3. Surface Urban Heat Island (SUHI) Extraction and Intensity Classification

Generally, a satellite image is an assembly of different spectral bands such as visible,
infrared, and panchromatic bands, where each band provides different information from
the others depending on the type of band or spectrum. Among these, the thermal bands
of this type of imagery (band 6 for Landsat 4 and 5, band 10 for Landsat 8 and 9) are
widely recognized for their use in deriving Land Surface Temperature (LST), through the
measurement of thermal infrared radiation emitted by the Earth’s surface.

In this study, the thermal band was used to derive surface temperature variations
within the “RSK” study area, with the objective of visualizing the spatial distribution of the
SUHI. This was achieved through a statistical normalization between the values extracted
from the thermal band representing the LST, the mean temperature, and the standard de‑
viation [14,44] (Equation (1)):

SUHI =
LST − µ

σ
(1)

where the following abbreviations are used:
LST: Land Surface Temperature.
µ: Mean Land Surface Temperature.
σ: Standard deviation.
Indeed, the assessment of SUHI variations is not performed directly, but relies on

a structured radiometric processing chain derived from thermal remote sensing data. In
this study, the estimation of Land Surface Temperature begins with the conversion of the
thermal band Digital Numbers (DN) into top‑of‑atmosphere spectral radiance (Lλ) using
the radiometric calibration coefficients provided in the metadata file [45,46] (Equation (2)):

Lλ = ML × DN + AL (2)

where the following abbreviations are used:
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Lλ: Spectral Radiance (W/(m2_sr_µm));
DN: Digital Number;
ML, AL: Conversion coefficients (found in the metadata).
Subsequently, the spectral radiance is transformed into Brightness Temperature (BT)

through the inversion of Planck’s law [47,48], based on the thermal calibration constants K1
andK2 specific to each sensor (Equation (3)). However, since real surfaces do not behave as
ideal emitters, a correction for land surface emissivity is essential. Emissivity is commonly
estimated using the NDVI Threshold method, which relies on the NDVI derived from the
red and near‑infrared bands to determine the fractional vegetation cover and assign an
appropriate emissivity value to each pixel (Equations (4) and (5)):

BT (k) =
K2

Ln
(
( K1

Lλ ) + 1
) (3)

where the following abbreviations are used:
BT (k): Brightness Temperature (Kelvin)
K1, K2: Calibration constants (from metadata)

NDVI =
NIR − Red
NIR+ Red

(4)

Pv =

(
NDVI − NDVImin

NDVImax − NDVImin

)2
(5)

Finally, integrating emissivity into the thermal correction equation yields a more ac‑
curate LST (Equations (6) and (7)). This rigorous and sequential approach highlights the
major contribution of satellite thermal remote sensing to the spatial analysis of surface ther‑
mal patterns, particularly in climatic, environmental, and urban heat island studies [49,50].

ε = 0.004 × Pv × 0.986 (6)

LST (k) =
BT

1 +
(

λ.BT
ρ

)
ln(ε)

(7)

where the following abbreviations are used:
BT (k): Brightness Temperature (Kelvin);
ρ: Constant derived from Planck’s law (=1.438 × 10−2 m, Kelvin);
λ: Effective wavelength (=10.895 × 10−6 m);
LST in Celsius (◦C) = LST(k) − 273.15.

4. Results & Discussion
4.1. LULC Classification

With the aim of producing LU/LC maps for the three studied provinces (Rabat, Sale,
andKenitra), the supervised classification performed by the RFmodel shows a clear and re‑
markable contrast in the spatial variation in all land components studied during the period
from 1984 to 2024. The produced maps generally indicate that the city center of Kenitra,
as well as the cities of Rabat and Sale particularly on the right bank of the Bouregreg river
mouth, are the sections that experienced significant evolution in terms of land cover during
the study period, specifically urbanization (Figure 3).
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Figure 3. Land Use/Land Cover of the RSK region’s provinces classified using Random Forest: (I).
LULC 1984; (II). LULC 1994; (III). LULC 2004; (IV). LULC 2014; (V). LULC 2024—A. Kenitra City;
B. Rabat & Sale City.

In 1984, the study area territory was characterized by the presence of all main land
cover components, with a predominance of agricultural land, especially in the province of
Kenitra. These lands covered almost 52.3% of the total study area and approximately 60%
of the province’s area. Forests were also present with a notable concentration estimated at
more than 13% of the total RSK area, they were clearly visible in the northern part of the
study area, corresponding to the province of Kenitra, as well as in the city of Sale, which
was also distinguished by significant forest cover. Regarding bare soil, this class covered
almost 32% of the study area (Figure 3I). It included yellow lands, bare soils, and beaches,
generally distributed in Sale, Kenitra, and along the coastal fringes. Urbanized zones, as
indicated on the 1984 land cover map, were strongly concentrated near the rivers: the Se‑
bou in Kenitra and the Bouregreg in Sale and Rabat. The total area of this category was
estimated at 1.8% relative to the study area territory; urbanization in the southern part no‑
tably the cities of Rabat and Sale was higher compared to the other province. Regarding
the water component, this class represented the variation in water levels in rivers and trib‑
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utaries, lakes, and existing dams in the study area, such as the Sidi Moulay Abdellah dam,
Lake Moulay Bousselham, etc. (Figure 3I).

After 10 years, the LU/LC map does not show a major difference in the distribution
and spatial dominance of the studied classes. The results of the 1994 satellite image classi‑
fication provide distributions similar to those of 1984, but with relatively slight variations
in the areas and coverage of these classes (Figure 3II). For example, agricultural zones ex‑
perienced a decrease in area of 2.5% in 1994, dropping from 52.25% in 1984 to 49.69% in
1994. Nevertheless, by analyzing the 1984 and 1994 LULC maps, a remarkable differentia‑
tion and spatial anomaly clearly appeared in the city center of Kenitra, as well as in Rabat
and Sale. These areas experienced significant evolution and urbanization dynamics, with
growth reaching 1.85% of the total RSK area (Figure 3II).

In 2004, the land cover map and statistics show that the two green space classes,
whether agricultural lands or forests, are distinguished by a renewed growth in their area
at the expense of the bare soil class, which lost 9% of its total area (Figure 3III). Furthermore,
during this year, agricultural zones reached a significant and unprecedented coverage, es‑
timated at more than 56% of the study area territory. Regarding the urbanization class, it
maintained the evolution and dynamics observed in 1994 through an expansion of built‑up
areas in the surroundings of the Kenitra, Rabat, and Sale city centers, with an area increase
exceeding 2% this time (Figure 3III).

Over the last twenty years, LU/LC in the RSK region’s provinces has experienced a
notable evolution regarding the main classes, namely forests, agricultural lands, and, prin‑
cipally, urbanization (Figure 3IV,V). Analyzing the spatial distribution of these classes, we
can deduce that the RSK region underwent a decrease in green spaces, whether through
the abandonment of agricultural lands or deforestation. The areas of these two classes
decreased notably compared to previous years: agricultural zones cover 46% of the total
area (instead of 56% in 2004), and forests decreased from around 16% to 14.5% in 2014
(Figure 3IV). According to statistics, these losses of green surfaces occurred to the benefit
of the urbanization class, where the area went from 2.04% in 2004 to reach over 2.5% in
2014 of the entire study area (Figure 3IV). Furthermore, the decrease in green space vol‑
ume is also a direct cause of the increase in the bare soil class. This class increased by 10%
compared to the previous period: while it covered only 24% of the study area in 2004, it
reached over 34% ten years later. These soils are most likely being prepared for urban
sprawl. Based on this year’s land cover map, the mouths of the two main rivers in the
study area; Oued Sebou in Kenitra and the Bouregreg in Sale and Rabat have become the
most urbanized and active zones in terms of dynamics and evolution of this class during
the study period (Figure 3IV).

In 2024, urbanization in the provinces of Rabat, Sale, and Kenitra was remarkable and
significant, covering more than a quarter of the total area of the Rabat province, with a sig‑
nificant expansion in the provinces of Sale and Kenitra, particularly towards the coastal
fringes (Figure 3V). This map also reveals the presence of new urbanized units that have
become very clear, namely the city of Souk Larba’a, which experienced significant urban‑
ization over the last 10 years at the expense of forests and agricultural zones. In terms of
figures, urbanization reached approximately 2.9% of the study area by the end of the stud‑
ied period, with a decrease in the area of bare soils compared to previous years, as these
lands had previously been reserved for urbanization. The other classes, such as forests
and agricultural lands, also increased, but this time at relatively low rates, due to reasons
associated with the economy and the local climatic situation (Figure 3IV).

In terms of figures, the five land use classes reflect variations that change over time,
due to economic, social, and climate change factors. The spatiotemporal analysis of these
classes highlights that the three provinces studied have experienced significant urbaniza‑
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tion expansion over the past four decades, ranging from 1.8% of the total area of the study
zone in 1984 to approximately 3% in 2024, with continuous growth (Figure 4). The in‑
creased urbanization of the RSK provinces can bemainly explained by the statistics related
to the other classes, namely bare soils and agricultural land, which have experienced a de‑
crease in their areas during the study period, where the majority of the sections lost by
these classes have been replaced by built‑up areas [51,52]. In addition, the increase in the
urbanization rate in the city center of Kenitra and also for Rabat and Sale has generally
been at the expense of bare soils (Figure 4). The analysis of the statistical trends of bare
soils and agricultural land reveals a contradictory and significant dynamic, characterized
by a negative correlation between the evolution of their respective areas. Indeed, the in‑
crease in bare soils seems to coincide with a concomitant reduction in agricultural areas,
suggesting an inter‑class compensation phenomenon. This pattern can be attributed to
the local climate situation, where climate fluctuations, namely prolonged drought periods,
could lead to a degradation of agricultural land, making them less suitable for cultivation
and promoting their classification as bare soils [53]. The reuse of agricultural land may
also contribute to this trend, insofar as, after years of water stress, the land is left fallow or
abandoned (Figure 4).

 

Figure 4. Statistics of the five land cover classes in the study area: (A) temporal evolution of the
classes over the study period; (B) cumulative area of each class by year.
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The provinces of Rabat, Sale, and Kenitra are distinguished by significant and ex‑
tensive forest cover, notably the Maâmoura forest, which stretches from Sale to Kenitra,
hosting numerous ecosystems. Between 1984 and 2024, this type of green space generally
constituted an average of 15% of the total area of the study zone (Figure 4), concentrated
exclusively in theMaâmoura forest and theMoulayBousselham forest, located in the north‑
ern part of the study area (Figure 3). Over the study period, the forest class represented
only 13.6% in 1984 and ended in 2024 with an area of 16.5% of the RSK provinces, which
can be explained by the emergence of other forest areas that have been under development
(Figure 4).

Regarding the blue element, i.e., water bodies, the observed variations aremainly due
to fluctuations in the levels of the Bouregreg and Sebou rivers, as well as the filling levels
of local lakes such as Moulay Bousselham and Sidi Boughaba (Figures 3 and 4).

By highlighting the variations in five LULC classes in the provinces studied over the
period from 1984 to 2024, the table below provides a summary of the nature and rate of
evolution of each class over time (Table 2). Overall, it indicates that forests and urban ar‑
eas have experienced an increasing trend, estimated at 2.78% (forests) and 1.1% (urban),
compared to 1984, mainly at the expense of agricultural land and bare soils. The latter
have indeed recorded a significant degradation in their areas, with a decrease of 3.05% for
agricultural land and 1% for bare soils (Table 2) [54]. Furthermore, although the evolution
of the water class in the RSK region is characterized by relatively weak growth, increasing
from 1.1% in 1984 to 1.3% in 2024, this change is essentially explained by variations in the
water levels of local rivers, lakes, and dams (Table 2). These variations may be linked both
to the rise in ocean waters (Atlantic Ocean) and to precipitation, which has been particu‑
larly intense over the last twenty years.

Table 2.The variations in LU/LC class areas in the study area during the period 1984–2024.

RABAT–SALE–KENITRA

Class Name Variation
1984–2024 (%) Variation Type Actual Surfaces in

2024

Water +0.19% Increase 56.0 km2 (1.3%)
Agricultural −3.05% Decrease 2066.2 km2 (49.2%)

Forest +2.78% Increase 687.0 km2 (16.4%)
Urban +1.08% Increase 121.6 km2 (2.9%)

Bare Ground −1.00% Decrease 1269.2 km2 (30.2%)

From an overall perspective, the territory of the provinces of Rabat, Sale, and Kenitra
appears to evolve according to a logic of unstable equilibrium: agriculture remains dom‑
inant, but it is in constant interaction with the transitional dynamics “bare soil”, ecolog‑
ical regulation “forest”, and anthropogenic pressure “urbanization”. This configuration
reflects a territorial system in continuous adaptation rather than in radical transformation.

For territorial planning, several major implications emerge from these contrasting dy‑
namics. First, the need for integrated planning becomes evident, coherently articulating
agricultural production, ecological conservation, and urban development [55,56]. In a con‑
textmarked by the progressive expansion of urban centers aroundRabat, Sale, andKenitra,
the challenge lies not only in managing growth, but in ensuring a functional balance be‑
tween the different vocations of the territory. It becomes essential to regulate urbanization
in order to limit the fragmentation of agricultural land and natural areas, while ensuring
the sustainable valorization of land resources [57].

Secondly, the identification of transitional spaces, particularly bare soils, emerges as a
strategic axis of intervention. These “yellow spaces” constitute potential reserves for urban
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expansion, agricultural reconversion, or ecological restoration. Their intermediate status
makes them sensitive areas, where planning decisions can durably shape the territorial
structure [58,59]. Through anticipatory management of these surfaces, uncontrolled land
artificialization can be avoided and structuring projects can be promoted within a long‑
term territorial vision.

Moreover, the consolidation of ecological and agricultural continuities stands out as
a fundamental lever for strengthening territorial resilience in the face of climate change
and socio‑economic pressures. The maintenance of large forest complexes, such as the
Maàmoura andMoulay BousselhamForest, aswell as the preservation of agricultural belts,
helps regulate environmental balances, limit soil erosion, and support regional food se‑
curity. In this sense, territorial planning must integrate a logic of connectivity between
natural and productive spaces in order to ensure harmonious, sustainable, and adaptive
development at the scale of the three provinces [59–61].

Beyond the classification of land use classes and the analysis of their statistics and spa‑
tial distributions, this study proposes an application of an innovative approach based on
the exploitation of a machine learning model to improve the classification of different land
use classes, namely random forests, which is recognized for its performance in supervised
data classification.

In this sense, and to support the credibility of the results obtained by this model, a
numerical evaluation of the performance was carried out using the ROCmodel. The curve
of this evaluation model reflects, on the one hand, a normal graphical representation not
expressing overfitting anomalies, and shows, on the other hand, very high AUC (Area
Under the Curve) values estimated between 0.90 and 0.96, indicating that the model has
processed the input data in an efficient and sufficiently trained manner, thus leading to
the development of reliable and accurate maps for the five studied periods (Table 3). For
information, previous works show that the designation of an artificial intelligence model
as performing by evaluation models such as ROC, PRC, etc., requires AUC values greater
than 0.75 [45], a condition that has been validated in this study thanks to the AUC values
obtained (>0.90) which largely exceed this threshold.

Table 3.The values of the RF performance evaluation models for LU/LC classification.

RF Classification by Year AUC Value (By ROC) Kappa Index

1984 0.96 0.93
1994 0.95 0.92
2004 0.90 0.85
2014 0.93 0.89
2024 0.92 0.88

The classification process was performed on 30% of the dataset, corresponding to
126 training samples across five different land‑use classes. The resulting confusion ma‑
trices demonstrate a robust and reliable classification, indicating that the model has effec‑
tively learned the spectral signatures of the different classes (Figure 5). These matrices
exhibit high per‑class accuracies, confirming that the model can accurately distinguish be‑
tween key land‑cover types. Overall, the results provide strong evidence that the trained
model is capable of producing precise classifications and capturing the variability within
the dataset, thereby validating its performance across the study area.
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Figure 5. Confusion matrix of post‑classification LULC classes using Random Forest for each
year studied.

In addition, the Kappa index was also used in this evaluation process to assess the
concordance between the classification elements, where the values obtained by this index
could be classified into four distinct categories, according to the level of concordance and
the link between the input data (Table 4) [62,63]. By evaluating the results obtained by the
random forest classification of land use, we found that the classifications of five periods
reveal very high indices, strictly greater than 0.81 (ranging from 0.88 to 0.93), which leads
to report an excellent concordance and a good correlation between the input data and the
results obtained (Table 3).

Table 4.The categories of Kappa index concordance levels by [63] Landis & Koch, 1977.

Concordance Levels Kappa Index

Excellent >0.81
Good 0.80–0.61

Moderate 0.60–0.21
Very Poor <0.21

4.2. SUHI Modeling

This study aims to analyze the LULC dynamics in one of the most dynamic regions
in Morocco, focusing on the anomalies accompanying this dynamic, namely the physical
variations in the environment, particularly in built‑up areas or urbanized sectors. Using
LU/LC maps obtained for the five studied periods (1984, 1994, 2004, 2014, and 2024), we
observed that, over a total area estimated at 4200 km2 in the RSK region, urbanization was
limited exclusively to three geographical units: the city center of Kenitra, Sale, and Rabat,
with growing development over the studied period (Figure 3). Thanks to this urbanization
rate in these three urban centers, which represent a case requiring study, we exploited the
thermal bands of satellite images defined in the methodology section to deduce surface
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temperature variations over the study period and in parallel with urbanization dynamics,
by developing SUHI maps (Figure 6).

Figure 6. Surface Urban Heat Island Maps of the Study Area in 1984, 1994, 2004, 2014, and 2024;
(A) Downtown Kenitra, (B) The intersection of Rabat and Sale provinces.

Figure 6 presents 10 maps illustrating the spatial distribution of the SUHI in the city
centers of Kenitra (“Figure 6A”), Rabat, and Sale (“Figure 6B”) for the five studied periods
from 1984 to 2024. Analyzing surface temperature variations in these geographical units
reveals a remarkable temperature increase, ranging from 14 to 27 ◦C in 1984, whereas by
the end of 2024, temperatures reached up to 44 ◦C, representing the highest value over
the 1984–2024 period (Figure 6). This surge is likely primarily driven by the observed
urbanization rate and development during the same period.

Spatial analysis of surface heat island maps from 1984, 1994, and 2004 reveals that
orange to red colors indicate the hottest areas, typically bare soils like beaches, waste‑
lands, and built‑up or urbanized areas, although with lower temperatures than bare soils
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(Figures 4 and 6). This is likely due to the limited urbanization during these years, result‑
ing in temperatures comparable to bare soils. Conversely, forests and agricultural lands
exhibit lower temperatures, not exceeding 15 ◦C, as observed in the Maâmoura forest and
surrounding agricultural areas near Kenitra (Figures 4 and 6).

At first glance at the SUHI maps for 2014 and 2024, a quasi‑total predominance of or‑
ange color was observed in the studied units, indicating a high temperature above 41 ◦C,
unprecedented in previous years (Figure 6). In addition, these temperature levels have sig‑
nificantly affected newareas such as the cities of Sale, Rabat and its surroundings, aswell as
the city center of Kenitra, mentioning as areas with high surface temperature. It is obvious
that we have previously mentioned that bare soils are the most affected by the absorption
of solar rays which can lead to an increase in temperature. However, areas with high ur‑
banization can also store heat through construction materials used in buildings and roads
such as asphalt, concrete, etc., which are considered as elements favorable to receiving
heat [64,65]. Based on this and also with the help of the LULC maps obtained which indi‑
cated an increase in urbanization at the level of these geographical units (Figures 4 and 6),
it can be noted that the increase in surface temperature within Rabat, Sale and the city of
Kenitra is mainly caused by the explosion of urbanization during these last two decades
and which leads to record a surface temperature varying between 41 and 14 degrees Cel‑
sius, knowing that the minimum value is just for the Bouregreg and Sebou rivers and lakes
(Figure 6).

In terms of figures, Table 5 highlights, through clear variations, that the entire study
area has experienced a significant and progressive increase in surface temperature over
the past forty years, estimated at approximately 18 ◦C between 1984 and 2024. Moreover,
the table below as well as the surface heat island maps indicate that these variations con‑
cern only the maximum temperature, which has shown a notable and continuous increase
since 1984 (Table 5). In contrast, the minimum surface temperature has remained almost
constant, varying only between 11 and 14 ◦C during the studied period (Table 5). This
confirms the previous conclusions regarding the increase in surface temperature due to
changes in land use.

Table 5. Variations in minimum and maximum temperatures in the study area during the pe‑
riod 1984–2024.

RABAT–SALE–KENITRA

Year Temperature Max (◦C) Temperature Min (◦C) Variation with 1984

1984 27 14 ‑
1994 32 11 Increase (+5 ◦C)
2004 35 13 Increase (+8 ◦C)
2014 41 14 Increase (+14 ◦C)
2024 44 13 Increase (+18 ◦C)

Climatic records indicate that the study area was not characterized by extreme ther‑
mal conditions during the investigated period. The maximum recorded temperature did
not exceed 25 ◦C, while minimum temperatures ranged between 12 and 13 ◦C, reflect a
relatively moderate thermal regime (Figure 7). Within this context, the spatial thermal
variations identified in the SUHI maps cannot be attributed solely to regional climatic
conditions. Notably, while the maximum recorded temperature remained below 25 ◦C,
land surface temperatures locally reached up to 44 ◦C such as in 2024. This substantial
discrepancy indicates that the observed thermal anomalies are predominantly driven by
local‑scale factors rather than background atmospheric conditions.
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Figure 7.Annual Maximum and Minimum temperature of RSK provinces between 1984 and 2024.

As we mentioned before, extensive research demonstrates that urbanization signif‑
icantly alters the surface energy balance through soil sealing, reduced vegetation cover,
and the widespread use of construction materials with high heat absorption and storage
capacities, such as asphalt and concrete [25,26]. These materials are characterized by low
albedo and high thermal inertia, promoting daytime heat accumulation and delayed noc‑
turnal release, thereby intensifying the SUHI effect. The temporal analysis strengthens the
interpretation of urbanization as a causal driver of warming. The progressive expansion
of built‑up areas corresponds closely with the increase in mean LST, indicating a cumula‑
tive thermal effect of land‑cover conversion. This pattern aligns with empirical findings
showing that SUHI intensity scales with urban extent and impervious surface fraction, par‑
ticularly in rapidly developing regions [66,67].

Additionally, the geographical location of the study area on the Atlantic coast also
played a key role in the variations in surface temperature and the distributions of heat
islands (Figure 6). Indeed, the proximity to the Atlantic Ocean and the associated humid‑
ity strongly contribute to relatively mitigating these temperature degrees observed in the
five studied periods, where this oceanic influence could explainwhy temperatures are rela‑
tively lower than those expected in an area located inland, thus highlighting the significant
impact of geographical factors on the local climate.

5. Conclusions
LandUse/Land Cover changes and their associated impacts on LST constitute amajor

environmental challenge, particularly in rapidly transforming regions where urban expan‑
sion and landscape fragmentation intensify thermal anomalies. In this context, the present
study aimed to analyze the spatiotemporal dynamics of LULC and the associated tempera‑
ture variations in the RSK region over the past four decades (1984–2024), with a particular
focus on identifying and mapping SUHI patterns.

To achieve these objectives, multi‑temporal Landsat satellite imagery from different
generations was processed and analyzed to produce representative LULC and SUHImaps
for the years 1984, 1994, 2004, 2014, and 2024. The datasets were first corrected and prepro‑
cessed to improve spatial consistency and ensure the extraction of accurate spectral infor‑
mation. Supervised classificationwas then performed using the Random Forest algorithm,
enabling the production of reliable land usemaps and a consistent assessment of long‑term
landscape transformations. In parallel, thermal bands were exploited to estimate LST vari‑
ations through theMono‑windowmethod, allowing for the spatial characterization of heat
islands within the study area.

The novelty and added value of this research lie in the integrated and long‑term as‑
sessment of LULC dynamics and thermal behavior over a continuous 40‑year period in
the RSK region. Unlike previous studies that often focused on shorter time spans or ad‑
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dressed either land cover change or thermal dynamics separately, this study combines
multi‑generational Landsat data, machine learning classification, and thermal analysis to
provide a comprehensive spatiotemporal evaluation of environmental change. This in‑
tegrated approach offers a robust framework for understanding the interaction between
urban growth and thermal anomalies at a regional scale.

The results of the applied approach indicate that the RSK region is characterized by an
active dynamic involving five main land use classes: forests, bare soils, agricultural lands,
urban areas, and water. The maps produced by the RF model show a notable increase in
urbanized and forested areas during the study period, at the expense of agricultural lands
and bare soils. Statistics for these classes also reveal that urban expansion ismainly concen‑
trated around the centers of Kenitra, Sale, and Rabat, where the urbanized area reached
2.9% of the total area in 2024, compared to 1.8% in 1984. The evaluation of the model’s
performance indicates that the RFmodel is particularly effective for this mapping. Indeed,
the average values are very high, ranging between 0.90 and 0.96 for the AUC and between
0.85 and 0.93 for the Kappa index. These values demonstrate a high level of classification
and a strong agreement between the results and the input data. Furthermore, the SUHI
maps indicate a significant increase in surface temperature, particularly intense in highly
urbanized areas, where it reached 44 ◦C in 2024. Variations in this parameter show that
the RSK region experienced an average temperature increase of 18 ◦C between 1984 and
2024, mainly caused by urbanization.

The analysis of LULC in a given region, as well as the evolution of its physical param‑
eters, constitutes an essential element of urban planning and public policies for the city. It
makes it possible to better understand the spatial organization of the different land com‑
ponents and the dynamics that affect them. Through this approach, decision‑makers are
provided with a clear and structured vision that facilitates rational land management and
a balanced distribution of land uses. This analysis thus contributes to the development of
coherent planning schemes adapted to the needs of the daily lives of populations, while
integrating contemporary social, economic, and environmental challenges.

Nevertheless, certain limitations should be acknowledged, including the moderate
spatial resolution of Landsat imagery and potential uncertainties associated with atmo‑
spheric corrections and classification processes. Future research could benefit from the
integration of higher‑resolution satellite data, the incorporation of additional environmen‑
tal variables (such as vegetation indices, albedo, or socio‑economic indicators), and the
application of advanced modeling techniques to better simulate future LULC and SUHI
scenarios. Such developments would further strengthen the understanding of climate–
land interactions and support sustainable territorial planning strategies in the RSK region.
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Abbreviations
The following abbreviations are used in this manuscript:

LU/LC Land Use/Land Cover
SUHI Surface Urban Heat Islands
OLI Operational Land Imager
TM Thematic Mapper
RF Random Forest
LST Land Surface Temperature
RSK Rabat–Sale–Kenitra
ROC‑AUC Receiver Operating Characteristic–Area Under Curve
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