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 Changes in land use and land cover (LULC) represent a major environmental challenge 
resulting from rapid population growth, necessitating accurate monitoring and assessment of 
their impacts. This study aims to evaluate the effectiveness of three machine learning 
algorithms, namely Support Vector Machines (SVM), Decision Trees (CART), and Random 
Forests (RF), in classifying land cover patterns and land use in the Ourika Mountain Basin for 
the periods 1987 and 2025 using Landsat 5 TM and 9 OLI satellite data via Google Earth Engine 
(GEE). The results showed a clear superiority of the random forest (RF) algorithm in terms of 
accuracy and consistency, as it recorded the highest values for overall accuracy (OA) and 
kappa coefficient (KC) for both years, with an overall accuracy of 93% and a kappa coefficient 
of 0.91 for 1987, and increased to 95% and 0.94, respectively, for 2025. Based on these results, 
the classification map produced by the RF algorithm was adopted for temporal change 
analysis. The change analysis revealed significant environmental shifts, represented by a 
notable decline in natural areas of forests and pastures by 10% of the total area of the basin 
(equivalent to 5831 hectares). In contrast, there has been a steady expansion in agricultural 
land, urban areas, and bare land. These changes highlight the increasing human pressures that 
are contributing to the acceleration of environmental degradation within the Ourika basin. 
This study provides an effective methodology for monitoring temporal changes and analyzing 
environmental transformations and can be a valuable tool to support natural resource 
management and the development of effective strategies for environmental planning and 
sustainable management of natural resources in similar mountainous areas. 
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1. Introduction  
 

Remote sensing is one of the most important 
technologies used in LULC detection, as it is effective for 
local and regional scale mapping. Among its advantages 
is that it provides detailed mapping of the terrain in a 
short time and at low cost. In addition, it provides 
synoptic mapping of the terrain, which allows for the 
collection of a diverse database consisting of satellite 
imagery, GIS data, thematic maps, etc. Classification 
methods are among the most widely used methods in 
remote sensing for mapping and monitoring LULC 

changes in a given study area. Continuous and accurate 
analysis of LULC is an integral part of sustainable 
development activities. LULC maps are a fundamental 
input in most scientific studies related to urban and 
regional planning [1, 2], climate change [3, 4], water 
resources [5], geomorphology [6], agricultural land 
monitoring [7, 8], and natural disaster and risks 
monitoring [9, 10]. In general, they can assist in 
watershed management studies, as accurate and 
important sources of information for natural resource 
managers, forest monitoring programs, and the 
development of integrated resource management 
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strategies [11–13]; and decision-making related to 
environmental management and future planning [10, 
14–18]. 

The advent of remote sensing and GIS technologies 
has precipitated a paradigm shift in the realm of land use 
change (LUC) research, bestowing unparalleled prowess 
in the domains of data collection, storage, analysis, and 
visualization[2]. The utilization of these instruments 
furnishes a malleable framework for the identification of 
alterations in land utilization through the passage of 
time. This is predominantly attributable to the 
accessibility of remote sensing imagery and the 
analytical prowess of machine learning algorithms [19]. 

Machine learning is a component of artificial 
intelligence, although it seeks to solve problems based on 
historical or previous examples [20]. It involves 
designing systems capable of learning from data without 
explicit programming, by improving their performance 
in specific tasks with increased exposure to experience 
[21]. In addition, it involves developing algorithms and 
techniques rather than programming the performance of 
functions [20], and it became a relatively new scientific 
field, and is under continuous development [22]. 
Machine learning algorithms can be either supervised or 
unsupervised, while some authors also classify other 
algorithms as reinforcement learning, because these 
technologies learn data and identify patterns for the 
purpose of interacting with the environment [23]. 

Supervised learning relies on pre-classified data, 
where each example has associated inputs and outputs. 
The main goal is to build a model capable of predicting 
outputs for new, previously unseen data. Its most 
prominent techniques include linear and logistic 
regression, random forests, support vector machines, 
and neural networks [23, 24]. In unsupervised learning, 
there is no teacher available. Instead, it relies solely on 
information variables [25]. It is a method of absorbing 
information without guidance [20], searching for 
similarities between data to determine the possibility of 
classifying them into named groups. For example, in 
remote sensing, unsupervised methods such as 
partitioning and merging, Isodata, K-means, FCM, neural 
network-based methods, and scale space techniques are 
commonly used [24, 26]. 

Several studies have addressed the consequences of 
land use change over time. The impact of this change 
varies from one location to another; it depends on 
geographical location and scale, leading to the 
degradation of ecosystems in many sites studied around 
the world. Zhang et al (2016) revealed how land use 
change in the Heihe River Basin in northwestern China 
led to slight decreases in surface runoff, groundwater 
discharge, and water flow [13]. Cohen et al (2016) 
reported forest disturbance across the United States 
between 1985 and 2012, with national disturbance rates 
ranging from 1.5 to 4.5% of forest area annually. They 
linked this to the forest harvest cycle in forested areas 
[27]. Rahman et al (2020) analyzed the performance and 
accuracy of different machine learning algorithms on 
three different classifications of spatial and multispectral 
satellite images (Landsat-8, Sentinel-2, and Planet 
images) to classify urban and rural areas in Bangladesh 

[28]. El Moussaoui et al (2025) evaluated the 
performance of supervised methods (support vector 
machines, maximum likelihood, and minimum distance) 
and the unsupervised classification method (Isodata) for 
mapping argan forests in the Smimou of the Essaouira 
province, in addition to examining the impact of the 
resampling method and digital elevation model (DEM) 
integration on the results of this classification [29]. A 
range of studies have highlighted the direct link between 
land use changes and land surface temperature (LST), 
with urban areas showing significantly higher mean 
temperatures than vegetated or aquatic areas[18, 30, 
31]. El Malki et al (2021) monitored and measured land 
degradation dynamics and improved land use maps in 
the Ourika basin between 1987 and 2019, where Landsat 
5 and 8 images were classified and processed using a 
support vector machine (SVM) algorithm in QGIS 
software [32]. Fast-growing population and increased 
socio-economic needs are putting pressure on LULC in 
the Ourika Basin. This pressure leads to unplanned and 
often uncontrolled changes in land use, which often 
result in poor management of agricultural, residential, 
pasture, and forest lands, leading to serious 
environmental problems such as soil erosion, landslides, 
floods, and others. 

The novelty of this work lies in the diachronic 
comparative analysis (between 1987 and 2025) of the 
performance of Random Forest, SVM, and CART 
classification methods coupled with spectral indices 
applied to different generations of Landsat sensors, 
allowing the impact of radiometric, spectral, and spatial 
characteristics on classification accuracy. Furthermore, it 
emphasizes the robustness of the algorithms in an 
ecologically vulnerable mountainous area with spectrally 
similar classes. Moreover, the study area had not been 
the subject of sufficient research in the Ourika 
watershed. It provides a methodological framework for 
the long-term monitoring of LULC that is capable of being 
reproduced. This framework is based on multi-sensor 
Landsat archives, and it assists decision makers in the 
field of environmental planning in this study area, as well 
as in other similar fields. 

 In this study, we will evaluate the suitability of 
machine learning algorithms such as classification and 
regression trees (CART), support vector machines (SVM), 
and random forest (RF) for land cover classification in 
the complex Ourika Mountain Basin, which is 
characterized by dense land cover and limited class 
separability. Factors such as rugged topography, 
seasonal snow cover, and terrain-induced shadows 
further increase the difficulty of land cover distinction 
and classification. This evaluation will be conducted 
using Landsat 5 TM and Landsat 9 OLI-2 images 
processed through cloud computing techniques within 
the Google Earth Engine (GEE) platform. In order to 
enhance the accuracy of this classification, we will 
incorporate a set of spectral indices such as the 
Normalized Difference Vegetation Index (NDVI), 
Normalized Difference Build-up Index (NDBI), Bare Soil 
Index (BSI), and Enhanced Vegetation Index (EVI), and 
elevation and slope criteria. These classification 
algorithms were chosen because of their large use in 
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LULC mapping, and have not been applied and compared 
yet in this basin. 

 
2. Materials and Method 
2.1. Study area  

 

The Ourika basin is located in the High Atlas 
Mountains (south of Marrakesh), between 31° 31' 21" 
north latitude and 7° 30' 60" west longitude (Figure 1). It 
is delimited to the south by the high basins of the Souss 
and Draa, to the west by the Ghighaya and Issil basins, to 
the east  by the Zat and Gandji basins, and to the north by 
the El Haouz plain. 

The main river originates in the foothills of the High 
Atlas Mountains. It is located in a catchment area that 
rises to 4001 meters (Mount Ifghane) and exits at an 

altitude of 1070 meters at the end of the Atlas Mountains. 
The basin is characterized by steep slopes and 
impermeable, compact rock formations [33]. 

From a geological and lithological point of view, the 
basin is characterized by two distinct lithological facies. 
The first one, which dominates the upper part of the 
basin, is composed primarily of volcanic and 
metamorphic formations, including pink granite, 
Toubkal andesite, and migmatite rocks. This unit 
accounts for approximately 61% of the total basin area. 
The second facies, occupying the lower levels of the 
basin, is represented by softer to moderately 
consolidated lithologies, mainly Permian–Triassic and 
Quaternary sedimentary deposits, covering about 39% of 
the basin [34, 35]. 

 
 

 
Figure 1  . Location and position of the Ourika watershed 

 

Furthermore, the lithological composition of layers 
gives rise to a diversity of soil types. As outlined in 
several studies, crystalline and fissured soils typically 
develop over volcanic formations, whereas semi-
permeable soils are predominantly associated with 
formations of Triassic red clays, schist, flysch, granite, 
and basalt. In contrast, permeable soils are largely 
formed on limestone, basalt, and silt deposits [33, 35]. 

The Ourika watershed is characterized by a semi-arid 
to semi-humid climate, marked by spatial and temporal 
variability. Rainfall exhibits strong heterogeneity in 
relation to altitude, intensity, and geographic 

distribution. The mean annual rainfall recorded at the 
Aghbalou station was approximately 541 mm, with 
values increasing progressively with elevation and 
exceeding 700 mm per year at the highest peaks of the 
watershed [33]. In parallel, Temperatures within the 
Ourika watershed exhibit marked variability, ranging 
from −7.2°C during the coldest periods to 48.2°C during 
extreme summer conditions, with an average annual 
value of approximately 27.8°C [36]. Additionally, the 
average maximum temperatures fluctuate between 
21.5°C and 32°C, while minimum values range from 4°C 
to 5.7°C. July and August represent the hottest months of 
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the year, whereas December and January correspond to 
the coldest months [37].  

The main activities within the watershed include 
grazing, agriculture, and a booming tourism sector, all of 
which exert significant pressure on natural resources 
and lead to widespread changes in the landscape, along 
with phenomena such as soil degradation, deforestation, 
natural disasters, rigorous exploitation of natural 
resources, inadequate infrastructure, and social and 
economic deprivation.  

These dynamics have resulted in profound changes in 
land use patterns within the basin, particularly affecting 
traditional agro-pastoral systems, notably the Agdal 
system, which has seen a gradual decline in its regulatory 
and environmental functions. As a result of the 
transformation of production systems, the expansion of 
agriculture within some meadows, and the growth of 
commercial tree plantations in irrigated areas at the 
expense of subsistence production, the pastoral domain 
has shrunk, livestock breeding has declined, and long-
term transhumance patterns have been gradually 
abandoned. These trends have been observed, to varying 
degrees, in different regions of the Atlas Mountains, 
including the Ourika watershed. Hence, it is important to 
analyze land cover and land use changes within the basin 
with the utmost precision, relying on machine learning 
methodologies capable of capturing these complex and 
interrelated transformations 

 
2.2. Satellite data  

Remote sensing data significantly enhance our 
contemporary understanding of the local and global scale 
changes in LULC and its applications due to their wide 
synoptic view and periodic monitoring of the Earth's 
surface  [38]. This research used Landsat 5 and 9 image 
datasets with a spectral range covering the visible, near-
infrared, and shortwave infrared regions. This data 

image was specifically chosen based on its broad use, 
open and free accessibility to its products, and its spatial, 
spectral, and temporal characteristics, which are suitable 
for studying LULC change. 

For the first dataset, Landsat 5 Level 2 Group 2 Class 
1 data represent the best processed version of Landsat 5 
satellite images covering the period from 1984 to 2012. 
They provide accurate surface reflectance for the optical 
bands after applying atmospheric correction, as well as a 
separate surface temperature product. It has been 
processed within Group 2 using the latest algorithms and 
global atmospheric models, ensuring high consistency in 
geometric and radiometric accuracy with recent Landsat 
8 and 9 data [4]. 

As well, the Landsat 9 Level 2 Group 2 Class 1 dataset 
represents the latest and most accurate Earth 
observation products from the Landsat program. This 
data image is collected by the Operational Land Imager-
2 sensor for optical bands and the Thermal Infrared-2 
sensor for thermal bands. Thus, the data is processed into 
surface reflectance for optical bands and surface 
temperature for thermal bands after applying advanced 
atmospheric corrections via the LaSRC algorithm using 
modern climate models [39]. The data were classified as 
Group 2, ensuring full reliability in calibration and 
geometric accuracy. Its quality and reliability with 
previous generations enable researchers to monitor 
historical environmental changes over three decades, 
such as deforestation, urban expansion, and water body 
decline. It also supports vital applications such as crop 
monitoring, water resource management, forest and 
ecosystem health assessment, and climate studies, as it 
offers good spatial and spectral resolution [4]. The (Table 
1) presents the spatial and spectral characteristics of the 
different optical and thermal bands of Landsat 5 and 9 
data. 

 
 

Table 1. The spatial and spectral characteristics of Landsat 5 and 9 data [40] 
Parameter Landsat 5 (TM) Landsat 9 (OLI-2) 
Spatial Resolution 30 meters for most bands 30 meters for most bands 

Temporal Resolution 16 days 
16 days (8 days when combined with 
Landsat 8) 

Number of Bands 7 bands 
9 bands (11 with thermal bands from 
TIRS-2) 

Band 1 - Coastal/Aerosol Not Available 0.433–0.453 μm (30 m) 
Band 2 - Blue 0.45–0.52 μm (30 m) 0.450–0.51 μm (30 m) 
Band 3 - Green 0.52–0.60 μm (30 m) 0.53–0.59 μm (30 m) 
Band 4 - Red 0.63–0.69 μm (30 m) 0.64–0.67 μm (30 m) 
Band 5 - Near-Infrared (NIR) 0.76–0.90 μm (30 m) 0.85–0.88 μm (30 m) 
Band 6 - Short-Wave IR (SWIR) 1 1.55–1.75 μm (30 m) 1.57–1.65 μm (30 m) 
Band 7 - Short-Wave IR (SWIR) 2 2.08–2.35 μm (30 m) 2.11–2.29 μm (30 m) 
Band 8 - Panchromatic Not Available 0.50–0.68 μm (15 m) 
Band 9 - Cirrus Not Available 1.36–1.38 μm (30 m) 

Thermal Band(s) 
Band 6: 10.40–12.50 μm (120 
m, resampled to 30 m) 

TIRS-1: 10.60–11.19 μm (100 m, 
resampled to 30 m) 
TIRS-2: 11.50–12.51 μm (100 m, 
resampled to 30 m) 

 

Other supplementary data include the NASA Digital 
Elevation Model (NASADEM) with a spatial resolution of 
30 meters. This product offers significant improvements 
in vertical accuracy and topographic reliability, 

especially in areas with rugged terrain. It is processed 
and provided by the United States Geological Survey 
(USGS) through platforms such as Earth Explorer[41].
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2.3. Methodology 
 

The adoption and wide use of RF, SVM, and CART 
algorithms have grown with the expansion of computing 
resources and the availability of diverse datasets, 
particularly in the fields of remote sensing. As one of the 
oldest structured decision tree algorithms, CART has 
maintained a strong presence due to its interpretability 
and ease of generating decision rules [42], which helps 
domain experts understand the model's outputs. Its 
simplicity has made it particularly popular in 
applications where transparency is of paramount 
importance [43]. 

The SVM algorithm has gained widespread popularity 
thanks to its solid theoretical foundation and proven 
effectiveness in processing complex, multidimensional 
data, which is common in remote sensing and image 
processing. Its ability to process linearly inseparable data 
through kernels has made it a preferred tool in many 
fields, such as crop classification and urban build-up 
mapping, where data is highly complex [44–46]. 

The RF algorithm emerged as an advanced 
computational technique, providing solutions to some of 
the overfitting problems in CART by combining multiple 
trees [47, 48]. It quickly gained widespread popularity in 
various applications due to its robustness and excellent 
classification accuracy [17], and low parameter tuning 
requirements. In the field of remote sensing, RF 
technology has been widely praised for its performance 
in classifying satellite images and land cover, 
outperforming traditional classifiers that do not require 
fine-tuning of parameters [49]. 

Obtaining an accurate thematic map necessarily 
requires the selection of a suitable classification 
algorithm, which depends mainly on the user's 
experience and level of knowledge, as well as on the 
algorithm's ability to classify land cover correctly, its 
operational capacity, interpretability, and transparency 
[50]. Training samples, classifiers, and auxiliary data are 
considered to be the main determinants affecting the 

accuracy of supervised land cover classification [51]. 
Several studies have been conducted to evaluate the 
accuracy of different classifiers [46, 52–55]. Others have 
delved deeper into the use of various ancillary data [50, 
56–58]. Classification accuracy can be improved by using 
excellent classifiers with sufficient auxiliary data, and the 
most obvious approach to increasing classification 
accuracy remains providing sufficient, high-quality 
training samples [57, 59–61]. 

This study relied on three main sources to compile the 
reference samples: fieldwork, high-resolution (2 m) 
Google Earth imagery, and national forest inventory data. 
These sources accounted for 55%, 30%, and 15% of the 
total sample, respectively. A comprehensive reference 
database was created, comprising 1240 representative 
samples, selected in a stratified randomized method 
across different land cover classes. This represented the 
entire sample set before it was split. The data were then 
divided into a training set (70%) and an independent 
validation set (30%). The validation set was used to 
evaluate the accuracy of the produced land cover 
classification maps [62]. To minimize spatial bias in the 
evaluation process, the validation samples were kept 
spatially independent of the training samples. 

The GEE engine is a rapid analysis platform. Its use of 
Google's computing infrastructure provides online 
access to Landsat data archived as a dataset by the US 
Geological Survey [63–66]. All Landsat data processing in 
this work was performed using cloud computing 
technology on the GEE platform (Figure 2). 

As a first step, the Shapefile defining the perimeter of 
the Ourika watershed was imported into GEE to facilitate 
the filtering, cropping, classification, and analysis of 
Landsat 5 and 9 images within the specified geographic 
parameters. To ensure data integrity and surface feature 
clarity, images with low cloud cover (less than 10%) 
were selected [8]. 
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Figure 2. Methodology for land cover classification in the Ourika watershed on the GEE 

 
 

Before starting to classify the images, the data was 
pre-processed by correcting first for surface reflectance 
using measurement coefficients provided by the US 
Geological Survey (USGS) to convert digital number (DN) 
values to actual reflectance measurements. Secondly, 
pixel quality assessment (QA_PIXEL) was used to 
separate pixels at risk due to cloud interference or 
shadow effects. The Natural Difference Snow Index 
(NDSI) was also calculated, and pixels exceeding a 
threshold of 0.4 were discarded to ensure that the 
dataset was not biased by snow [67]. 

In order to increase classification accuracy, a set of 
spectral indices was calculated to facilitate the 
distinction between different land cover categories. 
These indices were included to enhance the dominant 
spectral components in the study area, particularly 
vegetation cover, build-up areas, and bareland, which 
cover large areas of the Ourika Basin. Their inclusion in 
the classification algorithms also improves the 
separability between classes and reduces spectral 
overlap between them, which positively affects the 
accuracy of land use and land cover classification. These 
indices included the Normalized Difference Vegetation 
Index (NDVI) for vegetation cover [30, 68, 69],  the 
accumulated normal difference index for build-up areas 
(NDBI) [30, 70], the Bare Soil Index (BSI) for arid lands 
[71], and the Enhanced Vegetation Index (EVI) for dense 
vegetation cover [8, 72, 73]. Furthermore, topographic 
data derived from the NASADEM elevation model [59, 
74–77], including slope metrics [78], were used to 
enhance classification accuracy within the rugged terrain 
of the Ourika watershed. Training samples were carefully 

collected using the fieldwork, Google Earth imagery, and 
national forest inventory data, and classified into five 
main categories: forests, build-up areas, agricultural 
fields, bare land, and pastures. Water bodies are minimal 
to non-existent and were therefore excluded from the 
classification. Training was performed separately using 
the three classifiers of RF, SVM, and CART. 

Finally, the accuracy of the classification was 
evaluated using confusion matrix metrics, overall 
accuracy, kappa coefficient, producer accuracy, and user 
accuracy to verify the reliability of the results and the 
efficiency in discriminating between different LULC 
classes. 

 
3. Results and Discussion  
3.1. LULC classification 

 

A visual assessment of the classification maps 
presented in (Figure 3) reveals a common pattern in the 
accuracy of representation of different categories, 
regardless of the performance of each classifier. 

 The classification results indicate that the most 
distinguishable land cover categories are forests, 
agricultural areas, bare land, and pastures. This is 
especially true for RF, which correctly classified all areas 
corresponding to these land covers, particularly in 2025. 
The Random Forest (RF) classifier significantly 
outperformed the others in the accuracy of classifying 
these categories, showing particularly accurate 
performance in distinguishing them for the year 2025. 

Conversely, low-density build-up areas posed the 
greatest challenge in the classification process, especially 
for the CART and SVM algorithms. There was some 



International Journal of Engineering and Geosciences, 2026, 11(3), 732-748 
 

738 
 

confusion between bareland and build-up areas, with 
some being misclassified due to the similarity in spectral 
characteristics between the two land covers. This 
similarity is attributed to the use of local materials in 
housing construction, which makes their spectral 
reflections similar to those of bareland. 

In the 1987 imagery, minor classification errors were 
also observed with the CART and SVM classifiers, where 

limited areas of forest were classified as agricultural 
areas. This can be explained by the similarity in spectral 
reflections resulting from the density of crops, which 
closely mimics that of regenerated forest cover. Similarly, 
some seasonal vegetation categories with similar 
spectral behavior, such as arable land planted with 
cereals and pasture land, overlapped, leading to a decline 
in discrimination accuracy. 

 

 
Figure 3. Land cover maps of the Ourika watershed using Landsat images and RF, SVM, and CART classifiers for 

1987 and 2025 
 

Overall, the results of the comparison between the 
classification methods showed that the RF classifier was 
the most suitable and accurate for classifying land cover 
in our study area. 

 
3.2. Classification accuracy assessment 
 

An overall accuracy of more than 85% is generally 
considered satisfactory for LULC classification derived 
from Landsat imagery [75, 79]. This threshold was 
surpassed in the present study, indicating that all three 
machine learning classifiers achieved very good to 
excellent performance levels. 

Classification accuracy refers to the degree of 
agreement between remote sensing data and reference 
information [75]. The accuracy assessment in this study 
relied on four key metrics: Overall Accuracy (OA), Kappa 
Coefficient (KC), Producer’s Accuracy (PA), and User’s 
Accuracy (UA). The corresponding results are 
summarized in (Table 2) and (Figure 3). 

The OA and KC measures (Table 2) showed good 
performance for the classifiers in general, with a clear 
superiority of the RF algorithm. In 2025, the RF classifier 
achieved the highest OA (95%) and KC (0.94), reflecting 
excellent agreement between the classified and 
reference datasets. This outcome aligns with previous 
studies highlighting the robustness of RF in handling 
nonlinear relationships and spectrally complex datasets 
[49].  

The SVM performed second best for 2025 (OA=90%, 
KC=0.88), while CART came in third (OA=89%, KC=0.86). 
A notable improvement in the performance of the SVM 
classifier can be observed in 2025 compared to 1987, 
with its overall accuracy jumping from 88% to 90%, 
which may indicate an improvement in data processing 
or better parameter fitting. As for performance in 1987, 
RF maintained its lead (OA=93%, KC=0.91), confirming 
its robustness even with archival data that may be of 
lower spectral quality [80]. 
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Table 2. Overall accuracy and Kappa coefficient for the classifiers used 

Year Classfier Overall Accuracy (%) Kappa Coefficient 

 RF 93 0.91 

1987 SVM 88 0.84 

  CART 86 0.82 

 RF 95 0.94 

2025 SVM 90 0.88 

  CART 89 0.86 

A detailed analysis of accuracy at the category level 
reveals the precise strengths and weaknesses of each 
classifier's classification performance (Figure 4). Overall, 
the RF classifier showed excellent and consistent 
performance across most categories. In 2025, the PA 
reached a perfect score (100%) for the bareland class 
and remained very high (>94%) for all other categories, 
confirming RF’s strong capacity to identify and correctly 
classify distinct land cover types [46]. Similarly, the 
extremely high UA (ranging from 93 to 100%) confirms 
the reliability of the results provided by this classifier, as 
the points classified within a given category are indeed 
highly reliable [81]. 

However, the historical performance (1987) of the 
build-up class revealed a notable limitation, with a PA of 
only 40%, meaning that the classifier failed to recognize 
60% of the actual build-up areas. This is attributed to the 
high spectral similarity between built surfaces and rocky 
surfaces or bareland in mountainous environments in 
old satellite images with limited spectral and spatial 
resolution [82]. 

In contrast, SVM showed a significant improvement in 
performance within the build-up class between 1987 and 
2025. In 2025, product accuracy PA jumped from 40% to 
91%, while UA improved from 60% to 87%. This 
significant shift indicates that SVM’s performance is very 
sensitive to data quality and spectral characteristics, and 
that with newer and better data, it can compete with RF 
performance in classifying some difficult categories. This 
is partly because Landsat 9 OLI data have higher spectral 
resolution and better-designed bands for distinguishing 

different surface classes, as well as higher radiometric 
accuracy (14 bits compared to 8 bits in Landsat 5 TM), 
which reduces saturation and radiometric clipping and 
enhances the ability to distinguish between spectrally 
similar classes, such as built-up areas and bare land. SVM 
also showed strong and balanced performance across 
other categories in 2025, with extremely high UA for the 
bareland category reaching 98%. 

In contrast, SVM showed a significant improvement in 
its performance on the build-up class between 1987 and 
2025. In 2025, PA jumped from 40% to 91%, while UA 
improved from 60% to 87%. This significant shift 
indicates that SVM's performance is very sensitive to 
data quality and spectral characteristics, and that with 
newer and better data, it can compete with RF 
performance in classifying some difficult categories. It 
also showed strong and balanced performance across 
other categories in 2025, with extremely high UA for the 
bareland category reaching 98%. 

The CART classifier performed well but was less 
reliable than its competitors overall, especially on older 
datasets. Its main strength was in the UA for the 
rangeland category, where it scored the highest among 
the three classifiers for 2025 (97%), meaning that the 
results it classifies as rangeland are highly reliable. 
However, challenges persisted with the build-up 
category, where it scored the lowest PA among the 
classifiers for 2025 (80%), indicating the difficulty of the 
tree model in generalizing classification rules for this 
complex category in the mountainous environment. 
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Figure 4. User and producer accuracy for each land cover class of the Ourika watershed using RF, SVM, and CART 
classifiers 

 
The above analysis confirms the superiority of the RF 

algorithm as the most reliable and consistent among the 
classifiers tested in classifying land cover within the 
Ourika watershed. This result is consistent with what has 
been shown in the scientific literature in similar contexts 
[62]. Accordingly, the maps produced using this 
classification were used as a basis for extracting and 
calculating the areas specific to each category and 
determining the patterns of change over time, enabling 
the study of the impact of these changes on the natural 
ecosystems of the watershed and the analysis of their 
dynamics. 

 

3.3. Detecting changes 
 
Mountain ecosystems are widely recognized as global 

hotspots of environmental change, owing to their high 

ecological sensitivity to both anthropogenic pressures 
and climatic variability [83]. (Table 3) and (Table 4) and 
(Figure 5) present a quantitative assessment of land 
cover change dynamics within the Ourika watershed, 
derived from the Landsat-based classifications for 1987 
and 2025.  

The results highlight profound environmental shifts, 
with natural ecosystems (forests, rangelands) being lost 
to agricultural and urban expansion and land 
degradation, patterns consistent with trends observed in 
many mountain regions around the world [84, 85]. 
Although potential changes in land cover have occurred 
throughout the watershed, most of the direct impact on 
the study area appears to have been in the vicinity of 
villages and residential areas.

Table 3. Evolution of the area of land use between 1987 and 2025 
  Area   Gain and loss   

Classes 1987 (ha) 1987 (%) 2025 (ha) 2025 (%) Ha % 

Forest 15032.94 25 .94 12232.86 21 .11 -2800 -4.83 

Agriculture 1623 .09 2.8 2490 .87 4.3 868 1.5 

Rangeland 10021.52 17 .29 6990 .11 12 .06 -3031 -5.23 

Buildup 64 .52 0.11 170.5 0.29 106 0.18 

Bareland 31219.8 53 .86 36076.77 62 .24 4857 8.38 

Total 57961.87 100 57961.11 100 - - 
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The data analysis of net land cover change between 
1987 and 2025 reveals major transformations across the 
Ourika watershed. The results indicate three dominant 
trends: a decline in natural vegetation, a steady human 
expansion, and a worrisome rise in land degradation. 

• Decline in natural vegetation cover: Forests 
experienced the largest net decline recorded to 
date, falling from 15033 ha (26%) to 12233 ha 
(21%), corresponding to a net loss of 2800 ha (-
4.83% of the total area). Similarly, rangelands 
experienced a marked decline, falling from 10.022 
ha to 6990 ha, reflecting a net loss of 3031 ha (-
5.23%). This continued regression reflects the 
combined influence of deforestation, overgrazing, 
and agricultural encroachment, which collectively 
reduce vegetative resilience and accelerate soil 
exposure and erosion processes [86]. 

• Human expansion: In contrast, the agricultural 
sector has expanded significantly, increasing from 
1623 ha to 2491 ha, representing a net increase of 
868 ha (+1.50%). Although the spatial extent of 
build-up areas is small compared to other major 
land cover categories, they have experienced 
relatively significant growth, increasing from 65 
ha to 171 ha (0.29%), representing a net increase 
of 106 ha (+0.18%), which could 
disproportionately alter the environment when 
compared to other land use categories.  

• Expansion of land degradation: Bareland 
emerged as the most comprehensive and rapidly 
expanding category, increasing from 31220 ha to 
36077 ha (62.24%), indicating an alarming net 
increase of 4857 ha (+8.38%). This trend is a clear 
indicator of the degree of land degradation and 
soil erosion [35]. 

 

 
Figure 5. Land use & changes map in the Ourika watershed between 1987 and 2025 

 
Table 4. Matrix of land use change between 1987 and 2025 

 2025 

1987 

 Classes Forest Agriculture Rangeland Build-up Bareland Total 

Forest 10513.24 329.62 683.85 12.76 3464.07 15003.54 

Agriculture 240.62 1181.15 131.61 12.95 56.73 1623.06 

Range land 944.47 830.13 5421.38 68.76 2751.38 10016.12 

Build-up 9.83 14.09 1.16 19.78 19.64 64.5 

Bareland 486.03 135.65 750.21 56.09 29826.67 31254.65 

Total 12194.19 2490.64 6988.21 170.34 36118.49 57961.87 

The decrease in forest areas (-2800 ha) alongside the 
increase in agricultural land (+868 ha) and the increase 
in bareland (+4857 ha) indicate the conversion and 

depletion of vegetation cover, either through direct 
conversion to agricultural use or gradual degradation 
leading to bare land, as is the case in Amassine, Agadir 



International Journal of Engineering and Geosciences, 2026, 11(3), 732-748 
 

742 
 

Ntamsoult, Sgour, and other areas where the land has 
deteriorated significantly, creating a badlands. This 
pattern is consistent with the results of studies showing 
that agricultural and pastoral pressures and 
deforestation lead to an increase in degraded and 
bareland in mountainous areas and their impact on the 
ecosystem [87]. 

The vegetation cover of the Ourika watershed is 
subjected to a combination of natural and anthropogenic 
factors that accelerate its degradation. On the natural 
side, climatic variability, recurrent droughts, and 
intensified soil erosion processes weaken the capacity of 
ecosystems to recover. In parallel, human-induced 
pressures—particularly unsustainable land exploitation, 
overgrazing, and the expansion of agricultural activities 
beyond the land’s biological carrying capacity—have 
further exacerbated the decline. Together, these drivers 
have progressively reduced the watershed’s 
regenerative potential, compromising its ecological 
stability and resilience. 

Land change is both a cause and a consequence of 
global environmental change [38]. The impact of climate 
change is evident at several levels, most notably the 
increased variability in precipitation and temperature in 
the watershed and its impact on the distribution of plant 
formations and the decline of forested areas. The climate 
of the watershed is characterized by low summer 
precipitation and high temperatures. This dry period can 
be prolonged during the autumn, which is a critical 
period for plant growth. The low temperatures in winter 
also pose significant challenges to the survival of both 
natural and forested vegetation. Furthermore, political 
and socioeconomic factors affect vegetation cover in 
conjunction with climate change [87, 88]. 

The continuous natural increase in population, 
combined with the fixed size and rugged terrain of the 
Ourika watershed, the scarcity of arable land, and the 
prevalence of erosion, are all factors that cause soil loss 
and push the population to constantly search for new 
cultivable land, at the expense of forest and pasture 
areas, to compensate for what they have lost [89]. In this 
context, the agricultural area expanded by 868 ha during 
the reference period, and this increase did not come from 
a single source. It gained 830 ha from pastures, 330 ha 
from forests, and 136 ha from bareland. 

The vegetation formations of the Ourika watershed 
are thus under severe anthropogenic pressure. The weak 
economic development, combined with rapid population 
growth, high unemployment, and widespread poverty, 
creates a persistent imbalance between human needs 
and environmental sustainability. Poverty, in particular, 
drives unsustainable resource exploitation, as local 
populations depend heavily on forests for fuelwood 
collection, grazing, construction materials, and charcoal 
production, often through illegal or informal practices 
[90]. Such overexploitation undermines the regenerative 
capacity of forest ecosystems and threatens their long-
term ecological functions. 

Natural and human factors threatening the vegetation 
formations in the watershed combine to create a kind of 
disruption in the natural immune system of trees and fuel 
attacks by parasites and various diseases that affect 

plants [38]. During our fieldwork, we observed some 
manifestations of this phenomenon in  groups of pine and 
cedar forests in the regions of Jamaane and Ait Ammar, 
green oak forests in Ourir-n-Amouch, and cactus plants 
in most areas of the watershed. 

The Ourika watershed has a number of rangelands 
that are jointly owned by local tribes, the most important 
of which are Yagour, Tmenkar, Oukaïmeden, Tifni, and 
Tenzar. They are exploited and managed by rights 
holders, and a group of researchers has pointed to the 
beneficial effects of this community management of 
rangelands (Agdal) on vegetation cover and the 
preservation of local biodiversity (flora and fauna), as its 
protection and controlled use in the spring allow for the 
reconstitution of plant species  [91], which leads to the 
sustainability of the ecosystem[92]. Despite the area 
occupied by pastures in the Ourika watershed, their 
current situation is in constant decline. The (Table 4) 
shows that more than 2751 hectares of rangelands have 
been converted to bareland due to harshly changing 
natural conditions, particularly climatic conditions. 
During periods of drought, these pastures are often 
abandoned and opened up several weeks or months 
early [93], in addition to the pressure resulting from 
intensive exploitation by rights holders (increased herd 
numbers). 

Qasim et al. (2013) emphasize the strong relationship 
between road accessibility and land use change, 
demonstrating a positive correlation between road 
network density and the rates of deforestation, 
agricultural expansion, and urban growth. The 
development of transportation infrastructure facilitates 
human access to previously remote areas, accelerating 
land conversion processes and increasing anthropogenic 
pressure on natural ecosystems [94]. 

 The net increase in build-up areas was relatively 
small (106 ha), with approximately 69 ha converted from 
rangeland, 56 ha from bare land, and 13 ha from 
agricultural land. Although urban areas remain small in 
absolute terms, the large relative increase (+164%) 
reflects rural expansion and the creation of new tourist, 
commercial, and service infrastructure along the river 
and near road hubs, with accompanying impacts on 
surface and groundwater balance and quality 
degradation, especially in areas where there is no 
wastewater treatment [95]. This could have many 
negative environmental consequences in the short and 
long term on the landscape and aesthetics that are the 
backbone of tourism in the watershed. 

The expansion of urban areas on the foothills and 
along the main course of the river is a key factor in 
amplifying a range of environmental risks [31], including 
landslides, erosion, and flooding. It even increases the 
likelihood of devastating floods, such as the disaster of 
August 17, 1995, which caused serious human and 
material losses [33], and the 2014 flood, which also 
caused significant losses and damage to infrastructure, 
isolated many residential areas, and flooded much of the 
agricultural land as a result of a series of water diversion 
structures at the river level and encroachment on public 
water property. 
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The change in land cover from vegetation to urban 
development affects the local climate of the watershed in 
what is known as the "urban heat island" effect [31]. The 
combination of reduced vegetation cover, impervious 
surfaces, and the shape of buildings in build-up areas 
reduces evaporative cooling, heat storage, and surface air 
warming [30, 31, 95, 96]. Zhou et al. (2004) presented 
evidence of the impact of land cover changes in urban 
areas on surface temperature in southeastern China [97]. 
Build-up areas can alter the environment 
disproportionately when compared to other land use 
categories. 

Continuous changes in land cover, such as the 
conversion of forest and grassland areas to other types of 
land cover and vice versa, can greatly increase threats to 
the watershed's ecosystems.  

 

4. Conclusion and perspectives 
 

The present study aimed to assess the performance of 
machine learning classifiers in land cover mapping using 
remote sensing data, with a particular focus on 
comparing the accuracy of three algorithms RF, CART, 
and SVM. These classifiers were applied to multispectral 
datasets from the Landsat 5 and Landsat 9 missions, 
complemented by various spectral indices and spatial 
enhancement techniques to optimize classification 
accuracy. 

The results demonstrated that the RF algorithm 
achieved the highest accuracy and stability in 
distinguishing land cover categories, confirming its 
robustness in managing spectral and spatial 
complexities, particularly within mountainous 
environments. The temporal analysis covering the period 
from 1987 to 2025 revealed pronounced environmental 
transformations, characterized by a decline of 
approximately 10% in natural areas (forests and 
rangelands), alongside a continuous expansion of 
agricultural, urban, and barelands. 

The findings highlight that the ecosystems of the 
Ourika watershed are increasingly subjected to both 
climatic and anthropogenic pressures. Climatic 
variability -especially changes in precipitation and 
temperature -combined with rapid and unregulated 
human activities, such as agricultural intensification and 
urban encroachment, have exceeded the ecosystem’s 
natural carrying capacity. This imbalance has accelerated 
land degradation and reduced the potential for natural 
regeneration. 

From a methodological perspective, this study 
contributes to the monitoring and quantitative 
assessment of long-term environmental changes using 
machine learning and remote sensing. It provides 
valuable insights for spatial planning, ecosystem 
restoration, and the sustainable management of fragile 
mountainous environments. 

Future research should aim to identify both the 
proximate and underlying drivers of land use and land 
cover change in the Ourika watershed. This can be 
achieved by integrating field-based household surveys 
and expert interviews to gather quantitative and 
qualitative data that elucidate local dynamics and 
governance-related factors. Additionally, the adoption of 

advanced machine learning and predictive modelling 
techniques is recommended to forecast future land use 
trajectories and support proactive environmental 
management strategies. 
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