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Abstract

A precise and up-to-date land use and land cover (LULC) map is crucial for sustainable
development planning and monitoring environmental change. Various machine learning (ML)
algorithms are widely used to classify remote sensing data for mapping the Earth’s surface,
particularly Random Forest (RF) and Support Vector Machine (SVM). Although numerous
comparative studies evaluating these two algorithms exist, their results remain inconsistent and
vary across geographic regions and datasets. This study aims to evaluate the accuracy of ML
algorithms of Random Forest (RF) and Support Vector Machine (SVM) for LULC classification
in the Seremban and Port Dickson districts, Negeri Sembilan, Malaysia. LULC classification was
conducted using the Google Earth Engine (GEE) platform, utilizing Landsat 5 TM imagery for the
year 2010 and Landsat 8 OLI imagery for the year 2020. The findings revealed that the RF
classifier outperformed the SVM classifier, achieving higher overall accuracy of 0.918 (2010) and
0.890 (2020) compared to 0.780 (2010) and 0.842 (2020) for SVM. RF also demonstrated a higher
Kappa coefficient (0.8589 in 2010; 0.8093 in 2020) than SVM (0.6384 in 2010; 0.7318 in 2020).
Based on the accuracy metrics, forest, agriculture and built-up areas exhibited lower classification
accuracy due to mixed and complex LULC patterns, whereas water bodies were classified with
high accuracy by both classifiers due to their distinct spectral characteristics. Overall, the RF
algorithm demonstrates superior performance in mixed-class classification and more efficiently
handles large volumes of medium-resolution images. Future research may explore hybrid models
that combine RF with deep learning or other ML algorithms, alongside higher-resolution imagery
and global datasets, to improve classification accuracy and broaden comparative perspectives.

Keywords: Google Earth Engine, kappa coefficient, Landsat satellite imagery, land use and land
cover, Random Forest, Support Vector Machine

Introduction

Land use and land cover (LULC) changes are the most significant impacts of the urbanization
process at the local and regional levels (Nuissl & Siedentop, 2021). These changes are driven by
population growth, increasing socioeconomic development, and infrastructure development
(Othman et al., 2021). As cities grow, natural landscapes, such as forest areas and agricultural
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lands, are often converted and developed for settlement development and infrastructure
construction, resulting in significant changes in LULC patterns (Ma et al., 2024). This situation is
particularly pronounced in areas experiencing rapid population influx and inadequate land
management policies, which require sustainable planning to balance urban growth with
environmental preservation (Wu et al., 2011). Hence, monitoring urban growth and land use
changes is important for the benefit of ecosystems and sustainable development planning.

Remote sensing technology and Geographic Information Systems (GIS) are powerful tools
for obtaining accurate spatial information and detecting changes over large areas (Rane et al., 2023;
Olokeogun et al., 2014). Spatial-temporal data, such as satellite imagery, enables the monitoring
of land use dynamics at high temporal resolution and at a lower cost than conventional methods
(El-Raey et al., 1995). Landsat satellite images are often used in LULC change detection studies
due to their free accessibility, and long-term data record (Alam et al., 2020). Consequently, up-to-
date and accurate LULC maps are crucial for planning, sustainable development, environmental
monitoring and global change studies (Shapla et al., 2015; Dewan & Yamaguchi, 2009).

Google Earth Engine (GEE), a cloud-based geospatial computing platform, is used widely
in LULC research, providing petabyte-scale datasets and scalable analytical capabilities (Alshehri
et al., 2025; Liu et al., 2018). Additionally, GEE provides efficient large-scale analysis due to its
high-performance computing capabilities without requiring local storage (Amani et al., 2020). As
a free-access platform, GEE allows users to process datasets without downloading or installing
additional software (Tamiminia et al., 2020). Moreover, GEE offers a wide range of built-in
algorithms, including classification algorithms such as Support Vector Machine (SVM), Random
Forest (RF), Classification and Regression Tree (CART), k-Nearest Neighbors (k-NN), and other
supervised classification methods (Amiren et al., 2024; Tesfaye et al., 2024; Sharma et al., 2023;
Hasan et al., 2022; Hayashi et al., 2019). These features facilitate diverse geospatial applications
(Alshehri et al., 2025), particularly in LULC change monitoring (Amini et al., 2022; Gautam &
Rai 2022; Loukika et al., 2021).

The most robust methodology for generating LULC maps for monitoring spatial changes
relies on the classification of remotely sensed imagery using various classification techniques or
algorithms (Kavzoglu et al., 2018). The selection of an appropriate classifier is of critical
importance for accurate LULC mapping. In recent years, machine learning algorithms have
emerged as superior approaches, improving classification accuracy while reducing processing cost
compared to traditional methods (Yuh et al., 2023; Zerrouki et al., 2019). The most widely used
algorithms in LULC classification are Random Forest (RF) (Xu et al., 2024; Amini et al., 2022;
Tokar et al., 2018; Ming et al., 2016) and Support Vector Machine (SVM) (Jozdani et al., 2019;
Ustuner et al., 2015) algorithms.

Previous studies reported that RF algorithm, an ensemble classifier, consistently achieves
high classification accuracy, robustness in handling complex terrain, ability to reduce the
dimensionality of feature parameters effectively, and is adaptable to various types of remote
sensing data (Xu et al., 2024; Ma et al., 2019; Ma et al., 2016; Tokar et al., 2018; Guan et al.,
2012). In contrast, the SVM algorithm, a kernel-based classifier, performs well with small training
samples (Thanh Noi & Kappas, 2017; Shang et al., 2011), handles complex datasets effectively
(Zare et al., 2019) and offers flexibility through kernel selection (Kumar et al., 2024; Samardzi¢-
Petrovic et al., 2016). Although both algorithms demonstrate strong performance, their results are
inconsistent across different studies (Avci et al., 2023). For examples, Mirjalalov et al. (2025),
Amiren et al. (2024), Atef et al. (2023), Nazri et al. (2023) and Dabija et al. (2021) reported that
SVM classifier outperforms the RF classifier in LULC classification. In contrast, studies by Bogale
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etal. (2025), Thiyagarajan and Vijayalakshmi (2024), Zafar et al. (2024), and Adugna et al. (2022)
revealed that RF classifiers are superior to SVM. While previous studies have compared RF and
SVM algorithms, their relative performance remains context-dependent and varies across
geographic regions and datasets.

Therefore, this study aims to evaluate and compare the performance of machine learning
algorithms in LULC classification within a specific regional context. For this purpose, Random
Forest (RF) and Support Vector Machine (SVM) algorithms were applied to Landsat satellite
images on the GEE platform for the study area of Seremban and Port Dickson districts in Negeri
Sembilan, Malaysia. To the best of our knowledge, region specific comparisons of these
algorithms in this study area remain limited. In addition, this study examines the spatial and
temporal dynamics of LULC over the 2010-2020 period, providing locally relevant information to
support land management and urban planning.

Study area

The study area comprises the Seremban dan Port Dickson districts, located in Negeri Sembilan,
with a total area of 153,674.11 hectares. Figure 1 shows the location of the Seremban and Port
Dickson districts, within the administrative boundary of Negeri Sembilan. The study area is located
adjacent to Klang Valley and lies within a radius of 60 km from Kuala Lumpur metropolitan city.
Seremban and Port Dickson districts are part of the new growth corridor known as Malaysia Vision
Valley (MVV), which aims to support development within the National Conurbation region. The
establishment of MVV aligns with the Eleventh Malaysia Plan (RMK-11) 2016-2020, which
emphasizes the development of a resilient region with balanced economic, social and
environmental growth (PLANMalaysia, 2021). The topography of the area consists of relatively
flat and gently sloping terrain near the coastline, with some hilly regions towards the eastern part
of the Seremban district. According to the Census of Malaysia (2024), the population of the study
area increased exponentially from 490,160 in 2000 to 847,900 in 2024 (Department of Statistics
Malaysia, 2024). Seremban and Port Dickson districts have experienced significant urbanization
spillovers from the Klang Valley, where rapid urban sprawl has occurred at varying rates. Since
becoming part of the National Conurbation in 2016, this expansion has contributed to
encroachments on vegetation and natural land cover (Aburas et al., 2018). Therefore, this study
area was selected due to its rapid urban expansion and strategic location within a major growth
corridor, making it highly suitable for analyzing LULC changes.
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Figure 1. Location of Seremban and Port Dickson districts, Negeri Sembilan, Malaysia

Materials and method
Data sources and preparation

The workflow of the research method is shown in Figure 2. This research utilized Landsat 5 TM
imagery from 2010 and Landsat 8 OLI imagery from 2020, both acquired from the Google Earth
Engine (GEE) data catalog. The acquired Landsat imagery was processed on GEE platform. The
spatial resolution of the images is 30 meters. The Landsat images were selected, followed by
spatial filtering to the region of interest (ROI), temporal filtering, and cloud masking. A buffer
area around the study area was drawn as the ROI to ensure the desired boundary was included by
using the ee.Geometry tool in GEE JavaScript. The time span of imagery for 2010 is from January
1, 2009, to December 31, 2011, while for 2020, the imagery spanned from January 1, 2019, to
December 31, 2021. These varying date ranges of Landsat images are needed to create a cloud-
free median composite. Subsequently, a radiometric scaling process was performed to convert
pixel values, referred to as digital numbers (DN), into reflectance values, thereby assigning
physical meaning to the Landsat images. Lastly, RGB composition was applied to distinguish
surface features for each study year.
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Figure 2. Flowchart of research method

A 4

Classification

In the LULC classification procedure, a set of training data with a specified number of pixels per
class was created first. The LULC categories are divided into four main categories: forest, water
bodies, agriculture, and built-up areas. Feature extraction using RGB composition was drawn in
polygons. Table 1 shows the number of training samples collected for each LULC class. Then, the
collected features or samples were grouped into four main categories. The pixel classification was
carried out using the Random Forest (RF) and Support Vector Machine (SVM) algorithms on the
GEE platform. The samples generated were used to train RF and SVM algorithms for LULC
classification.

RF is an ensemble learning algorithm for machine learning models that use bootstrap
techniques to build many single decision tree models (Mellor et al., 2013). Meanwhile, the
principle of the SVM model is based on the optimal hyperplane to find the best boundary that
Separates two different classes (Samardzi¢-Petrovi¢, 2017). In this research, the RF classifier
parameters were set to 250 trees and 3 variable numbers using the tool
ee.Classifier.smileRandomForest(). For the SVM classifier, the default setting of
e.Classifier.libsvm() was employed on GEE. Subsequently, the trained classifiers were applied to
classify the LULC of the four images.
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Table 1. Numbers of training samples for each LULC classes

Land use and land cover Training samples
classes 2010 2020
Forest 13 13
Water bodies 6 6
Agriculture 30 23
Built-up 17 16

Accuracy assessment

The LULC maps produced by the RF and SVM classifiers were assessed and compared to identify
the best model for land use classification. Accuracy assessment of classification images is
necessary to ensure the reliability of findings obtained from remote sensing data and to evaluate
the robustness of classification or distribution techniques (Panuju et al., 2020). In this research, an
error matrix, also known as a confusion matrix, has been adopted. This method compares classified
images with real-time reference data to calculate the user's accuracy, producer's accuracy, overall
accuracy, and kappa coefficient (Wickham et al., 2017).

A confusion matrix was first constructed by generating a set of sampling points on the
classified images. In this research, the stratified random sampling point technique was applied to
create 500 sampling points, proportional to the total area of each land use class, using ArcMap
10.8 software for four classified maps. This stratified sampling approach ensures better
representation of all land use types (Shetty et al., 2021). Then, the classified maps for each study
year were compared with high-resolution Google Earth Pro images as ground truth data for
assessing the accuracy of land use classification. Finally, an error matrix table was generated that
contained the user’s accuracy, producer’s accuracy, overall accuracy and kappa coefficient values.

The user’s accuracy is a commission error, in which pixels are incorrectly classified as a
known class when they should have been classified as something else. In contrast, the producer’s
accuracy is an omission error, indicating how accurately the classification results meet the
expectations of the creator. The kappa coefficient, also known as Cohen’s kappa, is a crucial
measurement method for accuracy assessment, evaluating the agreement between the classified
map and the reference data (Maxwell & Warner., 2020). Cohen’s kappa value ranges from 0
(complete disagreement) to 1 (perfect agreement). The Cohen'’s kappa is calculated using the kappa
equation (k) as follows:

k = kappa coefficient value
Po = The proportion of observed agreement
Pe = The proportion of expected agreement
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Results
Accuracy assessment

The LULC map produced by different classifiers (RS and SVM) were assessed and compared to
identify the best algorithm for land use classification. Landsat satellite-based Google Earth
imagery for the years 2010 and 2020 were used as ground truth data for validation of LULC
classification of both RF and SVM algorithms. In the accuracy assessment, four classified land use
categories were considered: forest, water bodies, agriculture and built-up land. A set of total 500
sampling points on the classified images was generated using the stratified random sampling tool
in ArcMap application for both classification algorithms. Then, the accuracy assessment results of
LULC classification were derived from a confusion matrix which consists of producer’s accuracy
(PA), user’s accuracy (UA), overall accuracy and kappa statistics. A confusion matrix defined the
performance of the classification algorithms (Singh et al., 2021).

Based on the results of 2010 (Table 2), the confusion matrix table indicates minor
misclassification occurred for agricultural and built-up land according to the UA value above 0.85
in both RF and SVM algorithms. Meanwhile, the water bodies category was classified 100%
precisely in RF and SVM algorithms. However, the forest category was frequently misclassified
as agricultural land , particularly using the SVM classifier where 67 samples (40.85%) were
misclassified. Consequently, the classification of forests achieved a lower UA value of 0.5732 for
SVM algorithm compared to RF algorithm with UA value of 0.8333 for the same land use
category. This result indicates that the RF classifier performs very well, with most classes having
83% - 100% accuracy.

Table 2. Confusion matrix of land use classification using RF and SVM algorithms for year

2010
Algorithms Land use Forest Water  Agricultur Built- Total User’s
& land bodies e up accuracy
cover
Random  Forest 90 1 17 0 108 0.8333
Forest Water 0 19 0 0 19 1
bodies
Agriculture 13 0 276 5 294 0.9388
Built-up 2 1 2 74 79 0.9367
Total 105 21 295 79 500 0
Producer’s 0.8571  0.9048 0.9356 0.9367 0 0.918
accuracy
Support  Forest 94 1 67 2 164 0.5732
Vector Water 0 19 0 0 19 1
Machine  bodies
Agriculture 19 0 220 15 254 0.8661
Built-up 1 0 5 57 63 0.9048
Total 114 20 292 74 500 0
Producer’s  0.8246 0.95 0.7534 0.7703 0 0.780

accuracy
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Regarding the year 2020 results (Table 3), the confusion matrix table exhibits the same
pattern as the previous year where agricultural and built-up land categories achieved minor
misclassification with the UA value more than 0.84 for both algorithms. Water bodies obtained a
UA value of 1, indicating perfect classification by RF and SVM classifiers. Meanwhile, the
classification of forest achieved the lowest accuracy by SVM classifier with a UA value of 0.744
due to its misclassification as agricultural land. In contrast, 91% of forest cover was classified
correctly using RF algorithm for year 2020 indicating a well-performing classifier compared to
SVM algorithm.

Table 3. Confusion matrix of land use classification using RF and SVM algorithms for year

2020
Algorithms Land use Forest Water  Agricultur Built- Total User’s
& land bodies e up accuracy
cover
Random  Forest 71 0 7 0 78 0.9103
Forest Water 0 21 0 0 21 1
bodies
Agriculture 30 3 273 12 318 0.85856
Built-up 1 0 2 80 83 0.9639
Total 102 24 282 92 500 0
Producer’s 0.6961  0.875 0.9681 0.8696 0 0.890
accuracy
Support  Forest 93 0 30 2 125 0.744
Vector Water 0 19 0 0 19 1
Machine  bodies
Agriculture 15 0 251 31 297 0.8451
Built-up 0 1 0 58 59 0.9831
Total 108 20 281 91 500 0
Producer’s  0.8611 0.95 0.8932 0.6374 0 0.842
accuracy

Table 4 presents the overall accuracy and kappa coefficient of each algorithm. The RF
classifier achieved the highest accuracy for two-year studies, with an overall accuracy value higher
than 0.890 and a kappa coefficient value greater than 0.80. In contrast, the SVM classifier produced
the lowest accuracy for 2010, with an overall accuracy of 0.780 and a kappa coefficient value of
0.6384, while the overall accuracy value was 0.842 and the kappa coefficient value of 0.7318 for
land use classification of 2020. To summarize, the RF algorithm yielded better overall accuracy
with a higher kappa coefficient value, compared to the SVM algorithm in both study years for land
use classification.
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Table 4. Overall accuracy and kappa values of the LULC classification using RF and SVM algorithms

Year Random Forest Support Vector Machine
Overall accuracy Kappa Overall accuracy Kappa

2010 0.918 0.8589 0.780 0.6384

2020 0.890 0.8093 0.842 0.7318

Comparison of land use classification

In this study, land use and land cover classification can be divided into four main categories: forest,
water bodies, agriculture and built-up areas. Forest classifications consist of lowland and hill
dipterocarp forests, dry inland forests and mangrove forests. Water bodies encompass the open
surface area of water, including rivers, reservoirs, lakes, dams, ponds, mining areas and the sea
along the coastline to include the reclamation project of overwater built-up areas classification.
The agricultural land comprises oil palm plantations, rubber crops, orchards, and cash crops. Built-
up areas include a wide range of developed land such as residential, commercial, industrial,
infrastructures, facilities and utilities.

Land use maps of Seremban and Port Dickson districts in 2010 and 2020, classified by
different classifiers are presented in Figure 3. The graphical LULC distribution of all the maps
reveals a similar pattern for all LULC categories with varying intensity and density. Spatially, the
dominant distribution of agricultural land is evident across all classified outputs of RF and SVM
classifiers, which are scattered throughout the region. On the east side, the density of forest land
is higher. Meanwhile, built-up areas are concentrated in the middle, northwest, and southwest sides
of the study area. The major water bodies are clearly visible on the southwest and south sides of
the study area. For the classified map of the SVM classifier for both study years, agricultural land
is largely intermixed with forest and built-up areas, resulting in an exchange of areas between them
in the maps. Meanwhile, the LULC map classified by RF classifier indicates that agricultural land
and forest area are greatly mixed up in the classified map of 2020. From the four maps,
misclassification occurred in areas where different features were either mixed up or in proximity
to each other.
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Figure 3. LULC classification results using RF and SVM classifier for study year 2010 and 2020
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Based on Table 5, areas of the maps are calculated to compare the variation in the spatial
extent of the different LULC classes. The results showed that the LULC of the study area is
predominantly covered by agricultural land, with the highest total area recorded in both study years
and algorithms. The SVM algorithm overclassified the forest cover with 51,914.56 hectares
(33.15%) in 2010 and 39,631 hectares (25.01%) in 2020 compared to the RF algorithm. At the
same time, the RF algorithm overclassified the agricultural land with 93,098.06 hectares (58.76%)
in 2010 and 100,604.54 hectares (63.50%) in 2020 compared to the SVM algorithm. Besides, the
RF algorithm measured the highest total area of built-up land, at 24,998.27 hectares (15.78%) in
2010 and 26,356.01 hectares (16.64%) in 2020, compared to the SVM algorithm. For the water
bodies class, the RF algorithm has classified a slightly higher total area, at 6,008.04 hectares
(3.79%) in 2010 and 6,664.20 hectares (4.21%) in 2020, compared to the SVM algorithm.

Since the RF classifier produced the most accurate classification result, the total area of
LULC was taken into consideration (Table 5). The LULC pattern of study area revealed that the
Seremban and Port Dickson districts are predominantly covered by agricultural land, accounting
for more than 50% of the total area, followed by built-up area, forest cover and water bodies. The
LULC change pattern in the study area displayed an increasing trend for agricultural land, water
bodies, and built-up areas, except for forest cover, which showed a decline in total area between
2010 and 2020.

In general, the total area of LULC from Table 5 provides a quantitative comparison of
LULC class distribution derived from RF and SVM classifiers for 2010 and 2020. This comparison
not only highlights the consistency and differences between two classification approaches but also
validates the selection of the RF classifier as the more reliable model based on its higher accuracy.
Furthermore, the table supports the analysis of temporal LULC dynamics by clearly illustrating
the dominance of agricultural land, the expansion of built-up areas and water bodies, and the
decline in forest cover over the study period. These quantified changes form the basis for
interpreting spatial trends in study area.

Table 5. Total area of land use and land cover classes in different algorithms

Land use Random Forest Support Vector Machine
2010 (ha) % 2020 (ha) % 2010 (ha) % 2020 (ha) %
Forest 34,323.629 21.67 2481041 1566 51,91456 33.15 39,631.00 25.01

Water bodies 6,008.041 3.79 6,664.20 421 5,963.78 3.81 6,191.61 3.91
Agriculture 03,098.063 58.76 100,604.54 63.50 78,882.94 50.37 94,038.39 59.35

Built-up 24,998.270 15.78 26,356.01 16.64 19,858.91 12.68 18,573.77 11.72
Total 158,428.003 100 158,435.16 100 156,620.20 100 158,434.76 100
Discussion

In this research, two types of algorithms, RF and SVM, were employed in LULC classification
using the GEE platform for the study area. The overall accuracy and kappa coefficient results of
the RF classifier are comparatively higher than those of the SVM classifier. The kappa result of
the RF classifier is interpreted as an almost perfect agreement according to Landis and Koch’s
(1977) kappa coefficient scale interpretation. Unlike the RF classifier, the SVM classifier exhibited
relatively unstable performance, with kappa results indicating a substantial level of interpretation.
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According to the confusion matrix results, the forest cover was consistently misclassified
as agricultural land, particularly by the SVM classifier. It was challenging to classify vegetation
categories, as the different types have very similar spectral reflectance (Zhao, 2013). Besides, the
slight misclassification between built-up areas and agriculture may be due to neighboring spatial
features and the sparse vegetation surrounding the development landscape. Due to the complex
and mixed built infrastructures in urban areas, such as small parks or gardens in front of houses,
the presence of scattered large trees beside dwellings affects the spectral, geometrical and
statistical properties of the image band, leading to misclassification (Manandhar et al., 2009;
Nimbalkar et al., 2018). In addition, there is a high degree of heterogeneity common in urban
areas, which can lead to misclassification in machine learning algorithms (Cai et al., 2019; Ouma
et al., 2023). In contrast, the water bodies were classified perfectly by the RF and SVM classifiers
for both study years. This was expected, as the spectral reflectance of water bodies is significantly
different from that of other land use categories. Overall, the RF classifier achieved a higher
accuracy in LULC classification, while the SVM classifier produced lower accuracy in this
research. Hence, selecting the right classifier is crucial for improving land use and land cover
classification accuracy performance.

The performance of machine learning algorithms might be affected by several factors. The
size number of tree of the RF algorithm could influence the classification performance. On the
other hand, SVM algorithm was sensitive to noisy datasets, which affect hyperparameter tuning.
In addition, the number of training samples for each LULC class also could affect the classifiers’
performance. To sum up, the output produced by both classifiers was significantly different.

Conclusion

In general, this study has employed geospatial techniques and remote sensing data as the primary
research method to identify the most effective algorithm for LULC classification of the study area.
A LULC map provides important information for the development and management of urbanized
regions. The LULC maps will be more reliable and useful if the classification accuracy is more
accurate with a good scale, which largely varies from algorithm to algorithm. LULC classification
of urban areas is more difficult due to the high degree of spectral mixing and spatial heterogeneity.

In this research, the LULC map of the Seremban and Port Dickson districts is classified
using the machine learning algorithms of RF and SVM. The results showed that the RF classifier
outperformed the SVM classifier in LULC classification. The highest degree of misclassification
occurred in forest cover and agricultural land due to the almost similar spectral reflectance,
particularly by the SVM classifier. In conclusion, training data size and classification algorithm
types are important to achieve higher classification accuracy.

This study has generated significant information about the LULC dynamics of Seremban
and Port Dickson districts and their transformation during the last 10 years (2010-2020) using
Landsat satellite images. While high spatial resolution imagery exists such as Sentinel-2, Landsat
image provides more consistent long-term observation, which are essential for temporal LULC
analysis. In addition, this study specifically focuses on locally validated LULC information and
cannot be fully substituted by global datasets. Finally, this study could contribute to urban planning
applications by providing locally validated LULC dynamics.

In summary, this study demonstrates the relevance of region-specific LULC analysis using
Landsat data, particularly for capturing decadal-scale land dynamics that are essential for urban
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planning and policy support. The selection of a 10-year study period (2010-2020) is consistent
with established practices in remote sensing, providing a balanced timeframe to detect meaningful
land transformations while maintaining data consistency. Furthermore, the comparative evaluation
of RF and SVM classifiers offers valuable context-dependent insights, as classification
performance varies across regions and datasets. While acknowledging the advantages of higher-
resolution imagery and global LULC products, this study emphasizes the importance of locally
validated, temporally consistent analyses. Future work could build on this foundation by testing
additional machine learning algorithms and incorporating extended study periods alongside
higher-resolution imagery, such as Sentinel-2 and global datasets, such as Dynamic World to
improve classification accuracy and enhance spatial and comparative perspectives.
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