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Abstract 
Background and Objective: Land use changes represent a critical environmental challenge, 

significantly impacting natural resources, ecosystems, and hydrological processes. This study 

aims to comparatively evaluate the performance of two machine learning algorithms—

Random Forest (RF) and Support Vector Machine (SVM)—for land use mapping and 

analyzing temporal changes between 2015 and 2024 in the Samian Watershed, Ardabil 

Province, with an approximate area of 4236 km². 
Methodology: Satellite imagery from Landsat 8 and 9, along with Sentinel-2, were utilized 

within the Google Earth Engine platform for land use classification. The RF and SVM 

classifiers were applied to produce land use maps consisting of eight classes: water, 

residential, irrigated agriculture, rainfed agriculture, snow, forest, dense rangeland, and sparse 

rangeland. Accuracy assessment was conducted using confusion matrices and related 

accuracy metrics. Global datasets (Dynamic World and GHSL) were employed for sampling 

and model training. 
Results and Findings: Comparative analysis revealed that the RF algorithm outperformed 

SVM, achieving an overall accuracy and Kappa coefficient exceeding 99%. Significant land 

use changes were observed during the study period, including a notable increase in irrigated 

agriculture and residential areas, alongside a decrease in rainfed lands, snow cover, and 

surface water bodies. Overall, due to its high accuracy and stable performance, RF is 

recommended as the superior method for monitoring land use changes within big data 

environments such as Google Earth Engine. 
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Extended Abstract 
Introduction: 

Since the beginning of time, humans have experienced significant transformations across the 

Earth's surface. One of the main drivers of global environmental change is the conversion of 

natural landscapes into a wide range of anthropogenic uses (Taloor et al., 2020). The term 

land use refers to the way in which people utilize land and its resources (Esfandiari Darabad 

et al., 2021). This concept encompasses activities that alter the composition of soil, water, 

vegetation, and other natural resources (Jahdi, 2023). In comparison to previous states, lands 

that undergo changes in climate, topography, soil, and land use are considered to have 

experienced land use/land cover change (Mazaheri et al., 2013). Land use change is 

recognized as one of the most critical environmental issues and global challenges today 

(Asghari Saraskanroud, 2017).The main objective of this study is to utilize Landsat satellite 

imagery and the SVM and RF classification algorithms within the Google Earth Engine 

platform to analyze land use/land cover change trends in the Samian watershed between 2015 

and 2024. 

 

Methodology: 

To investigate land use/land cover (LULC) changes in the Samian watershed, satellite 

imagery from Landsat 8, Landsat 9, and Sentinel-2 for the years 2015 and 2024 was utilized 

within the Google Earth Engine (GEE) platform. Cloud and shadow noise were removed 

using the 'CLOUD_COVER' filter, and a median composite was generated. To enhance land 

use classification separability, spectral indices including NDVI (Normalized Difference 

Vegetation Index), NDBI (Normalized Difference Built-up Index), and MNDWI (Modified 

Normalized Difference Water Index) were calculated. Additionally, elevation data was 

incorporated to provide topographic context to the dataset. Eight land use/land cover classes 

were defined: irrigated agriculture, rainfed agriculture, water bodies, dense rangelands, sparse 

rangelands, forest, snow cover, and residential areas. For training data extraction, the Global 

Human Settlement Layer (GHSL) and the Dynamic World pre-classified product were 

employed. Two machine learning algorithms—Random Forest (RF) and Support Vector 

Machine (SVM)—were implemented for supervised classification. 

 

Accuracy Assessment of Classification: 

To evaluate the accuracy of the classified maps and compare the performance of the two 

employed algorithms, a confusion matrix and its derived indices were utilized. These indices 

include Producer’s Accuracy, User’s Accuracy, Overall Accuracy, and the Kappa Coefficient, 

each reflecting a different aspect of classification quality. Training and validation datasets 

were generated using a random sampling approach based on the final land use/land cover 

(LULC) map. In this process, a specified number of samples were uniformly selected from 

each class to provide a representative subset of all categories. However, due to computational 

constraints and the temporal complexity of the Support Vector Machine (SVM) algorithm, the 

sample size for this method was reduced, and a subset of the original dataset was employed 

for training and evaluation. This adjustment was essential to prevent errors and to enhance 

the efficiency of the classification procedure. 

 

Results and Discussion: 

Land use classification results 

The classification results obtained using the Smile Random Forest and Support Vector 

Machine (SVM) algorithms indicate significant changes in land use/land cover (LULC) 

patterns over the study period. Both algorithms revealed substantial increases in classes such 

as irrigated agriculture, tree cover, sparse rangelands, and residential areas. These changes 
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may be attributed to the expansion of agricultural infrastructure, urban growth, afforestation 

programs, shifts in resource utilization strategies, and climatic variations. The increase in 

irrigated agriculture observed in both classifications reflects a shift toward more efficient 

water resource use and efforts to enhance regional food security. The considerable growth in 

tree cover may suggest the success of reforestation projects, orchard development, or 

potentially classification errors at the boundaries between dense vegetation and rangelands. 

Conversely, noticeable declines were detected in rainfed agriculture, dense rangelands, water 

bodies, and especially snow cover. These reductions are likely driven by prolonged droughts, 

decreasing surface water availability, climate change, unregulated urban sprawl, and a decline 

in traditional agricultural practices. The near-complete loss of snow cover in both 

classifications serves as clear evidence of global warming and reduced snowfall in the region. 

Additionally, the transformation of dense rangelands into sparse rangelands may indicate 

gradual degradation of natural resources due to overgrazing, anthropogenic pressure, and 

precipitation variability. Minor discrepancies between the results of the two algorithms can be 

attributed to their differing sensitivities to spectral features and classification 

methods.Overall, the classification analysis reveals a concerning trend of natural resource 

depletion and expansion of anthropogenic land uses, highlighting the urgent need for 

comprehensive land management and environmental planning strategies in the study area. 

 

Comparison and Overall Performance Analysis of the Algorithms 

The comparative results demonstrate that the Random Forest (RF) algorithm outperformed 

the Support Vector Machine (SVM) in land use/land cover (LULC) classification within the 

study area. The RF algorithm not only provided higher overall accuracy and Kappa 

coefficient values but also delivered more consistent and reliable classification performance 

across all classes. Specifically, the overall accuracy of RF exceeded 0.99 in both study years, 

with a Kappa coefficient of approximately 0.99. In contrast, the SVM algorithm achieved a 

lower overall accuracy of 0.75, with a corresponding Kappa coefficient of around 0.71, 

indicating weaker agreement with the reference data. At the class-specific level, RF exhibited 

superior performance, particularly in classes characterized by dense or spectrally similar 

vegetation, such as irrigated agriculture and sparse rangelands, which are typically more 

challenging to discriminate. Conversely, SVM showed reduced accuracy in differentiating 

these categories and maintained higher accuracy only in spectrally distinct classes such as 

water and snow. This limitation is likely attributable to the high sensitivity of SVM to 

boundary data and spectral overlaps. From a computational standpoint, RF also demonstrated 

greater efficiency due to its tree-based structure and capacity for parallel processing, making 

it faster and more stable for large-scale datasets. These advantages, combined with its 

superior classification accuracy, establish RF as a more suitable approach for scientific 

applications and the generation of accurate LULC maps within the Google Earth Engine 

environment. 
Overall, the findings highlight that the SmileRandomForest algorithm is a more effective 

choice for monitoring land use changes in the Samian watershed, owing to its enhanced 

capability in class discrimination. These results are consistent with Avaji (2023), who 

emphasized the superior performance of RF compared to SVM in LULC classification. 

However, they contrast with the findings of Ghodsi et al. (2020), who reported that SVM 

achieved higher overall accuracy (91.36%) and a Kappa coefficient of 0.8927, thereby 

outperforming RF in producing more precise LULC and agricultural product maps. 

 

Evaluation of Cross-Tabulation Results 

The cross-tabulation analysis highlighted significant patterns of stability and transition across 

land use/land cover (LULC) classes for both the Random Forest (RF) and Support Vector 
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Machine (SVM) algorithms. For RF, high stability was observed in dryland agriculture (947.9 

km²), irrigated agriculture (859.7 km²), and sparse rangelands (516.6 km²), demonstrating the 

algorithm’s strong capability to accurately classify these categories within the Samian 

watershed. The most pronounced transition involved the conversion of dryland agriculture to 

irrigated agriculture (473.6 km²), likely reflecting shifts in land management practices and a 

preference for higher-value crops. Dense rangelands largely remained stable (324.1 km²), 

though portions transitioned to sparse rangelands (86.3 km²) and irrigated agriculture (38.4 

km²), indicating partial degradation of natural vegetation and expansion of human land use. 

Residential areas were predominantly stable, with minor conversions from dryland (17.7 km²) 

and irrigated agriculture (22.6 km²) suggesting urban and rural development. Forested areas 

were mostly correctly classified (71.1 km²), yet notable conversions to irrigated agriculture 

(11.7 km²) and dense rangelands (10.7 km²) reflect spectral similarities and potential forest 

clearance for agricultural purposes. The snow class exhibited the highest misclassification 

rate, frequently confused with forest or irrigated agriculture due to seasonal variability and 

lower spectral separability. SVM results revealed comparable stability in dryland agriculture 

(966.6 km²), irrigated agriculture (871.9 km²), and sparse rangelands (546 km²), aligning with 

RF observations. Major transitions, such as dryland to irrigated agriculture (552.9 km²), 

mirrored RF patterns, indicating the substantial expansion of irrigated farming from 2015 to 

2024. Dense rangelands experienced partial conversion to sparse rangelands (102.1 km²), 

reflecting gradual vegetation degradation potentially driven by overgrazing, drought, or 

climatic factors. Forested areas largely remained stable (72.5 km²), though minor conversions 

to irrigated agriculture (9.5 km²) and dense rangelands (9 km²) were detected. Residential 

areas demonstrated relatively high stability (178.8 km²), with minimal encroachment from 

other classes. Notably, SVM exhibited improved discrimination between boundary classes 

such as dense and sparse rangelands, resulting in reduced class confusion compared to RF, 

although misclassification persisted in classes such as water and snow due to spectral 

overlaps under specific conditions. 

Overall, both algorithms effectively captured the primary LULC change patterns, with RF 

excelling in overall stability and classification consistency, while SVM provided better 

performance in differentiating challenging boundary classes. These findings offer a 

comprehensive understanding of land use dynamics in the Samian watershed during the study 

period and inform the selection of suitable classification algorithms for similar remote 

sensing applications. 

 

Conclusion: 

The findings of this study demonstrate that leveraging remote sensing data within the Google 

Earth Engine platform, combined with advanced machine learning algorithms such as 

Random Forest (RF) and Support Vector Machine (SVM), provides a robust and efficient tool 

for monitoring land use/land cover (LULC) changes at the watershed scale. The comparative 

analysis of the two algorithms indicates the superior performance of RF over SVM in 

discriminating between different LULC classes, particularly in spectrally similar categories 

such as irrigated agriculture, rangelands, and forested areas. RF consistently achieved high 

overall accuracy and Kappa coefficients exceeding 0.99 for both 2015 and 2024, reflecting its 

reliability, whereas SVM exhibited lower performance across these metrics. This difference 

was especially pronounced in classes with overlapping spectral characteristics, such as 

rangelands and irrigated croplands. 

From a spatial change perspective, key patterns identified include a substantial increase in 

irrigated agriculture (up to 35% for SVM and 24% for RF), growth of human settlements 

(13–16%), and a marked decline in dryland areas (approximately 30–35%). Additionally, 

reductions in snow cover exceeding 96% and shrinkage of water bodies across both 
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algorithms highlight the impacts of climatic changes in the Samian watershed between 2015 

and 2024, posing significant concerns for water resources and ecological sustainability. The 

consistency of conversion patterns observed in the Cross-Tab results for both algorithms 

underscores the stability of certain classes, such as dryland and irrigated agriculture, while 

simultaneously revealing the concerning degradation of dense rangelands, predominantly 

converted to irrigated agriculture and sparse rangelands. 

Overall, the results suggest that RF, particularly within the cloud-based processing 

environment of Google Earth Engine, represents a powerful and suitable approach for 

classifying and monitoring LULC changes at the watershed scale. For future research, the 

integration of seasonal datasets or composite indices is recommended to enable more precise 

trend analysis and the modeling of potential future scenarios. 
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