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Accurate knowledge of Land Use and Land Cover (LULC) changes play a vital role in
sustainable natural resource management, urban planning, and environmental monitoring.
This study aims to evaluate and compare the performance of machine learning algorithms
and statistical methods for land use classification in the Naysar area, a suburb of Sanandaj
city.

In this study, Sentinel-2 satellite data, along with a set of input features including spectral
bands, spectral indices (NDVI, MNDWI, SAVI, and NDBI), and topographic information,
were utilized. Three classification approaches—Random Forest (RF), Maximum Likelihood
Classification (MLC), and unsupervised K-means clustering—were implemented. Training
and validation samples were collected through visual interpretation of high-resolution
imagery and field surveys, and were used for model development and accuracy assessment.
The results showed that the Random Forest algorithm achieved the best performance, with
an overall accuracy of 98% and a Kappa coefficient of 0.95, while the Maximum
Likelihood method and K-means algorithm achieved overall accuracies of 95% and 91%,
respectively.

The findings indicate that the integration of spectral and topographic features with the
Random Forest algorithm provides an efficient and reliable approach for accurate land use

classification and environmental change monitoring in urban and peri-urban areas.
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Introduction
Accurate knowledge of Land Use and Land Cover (LULC) changes is essential for urban

planning, natural resource management, and environmental monitoring. Rapid population
growth and urban expansion have significantly accelerated LULC changes, leading to
degradation of natural ecosystems. Traditional field-based mapping methods, despite their
accuracy, are limited in spatial and temporal coverage, while remote sensing data provide an
efficient alternative for large-scale and continuous monitoring. Satellite imagery such as
Sentinel-2 has been widely used due to its high spatial and spectral resolution.

Recent studies highlight the effectiveness of machine learning algorithms, particularly
Random Forest (RF), in improving classification accuracy compared to traditional statistical
methods such as Maximum Likelihood Classification (MLC). In contrast, unsupervised
approaches like K-means are mainly used for exploratory analysis and generally provide
lower accuracy. Despite these advancements, challenges such as spectral similarity between
classes and limited integration of multi-source data remain.

To address these gaps, this study proposes a comprehensive comparative framework
integrating spectral bands, spectral indices (NDVI, MNDWI, SAVI, NDBI), and
topographic data. The performance of RF, MLC, and K-means is evaluated using multiple
accuracy metrics, providing a robust and generalized approach for LULC classification in
complex urban environments.

Method
In The study area is Naysar, a peri-urban region located near Sanandaj in western Iran,

characterized by rapid urban expansion and significant land use changes in recent years.
Sentinel-2 satellite imagery from the Copernicus program was used as the primary data
source, providing multispectral information with spatial resolutions of 10—60 m.
Preprocessing steps included cloud and shadow masking, temporal filtering, and band
integration using the Google Earth Engine (GEE) platform. A set of spectral indices,
including NDVI (Normalized Difference Vegetation Index), MNDWI (Modified
Normalized Difference Water Index), SAVI (Soil Adjusted Vegetation Index), and NDBI
(Normalized Difference Built-up Index), along with topographic slope, were extracted as
input features.

Reference data were collected through visual interpretation of high-resolution imagery and
field surveys. A total of 100 samples across four classes (built-up, vegetation, bare land, and
water bodies) were selected and randomly divided into training (70%) and validation (30%)
datasets.

Three classification approaches representing different paradigms were implemented:
Random Forest (RF) as a machine learning method, Maximum Likelihood Classification
(MLC) as a statistical baseline, and K-means as an unsupervised clustering algorithm. All
models were trained and evaluated under identical conditions to ensure a fair comparison.
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Accuracy assessment was conducted using a confusion matrix and multiple evaluation
metrics, including Overall Accuracy (OA), Kappa coefficient, Producer’s Accuracy (PA),
and User’s Accuracy (UA), providing a comprehensive evaluation framework for model
performance.

Results
The performance of Maximum Likelihood (ML), Random Forest (RF), and K-means

algorithms was evaluated using overall accuracy, Kappa coefficient, producer’s accuracy,
user’s accuracy, and class area statistics. ML achieved an overall accuracy of 95% and a
Kappa coefficient of 0.92, indicating acceptable performance; however, misclassification
was observed mainly in water and vegetation classes due to spectral overlap. RF provided
the highest accuracy with 98% overall accuracy and a Kappa of 0.95, demonstrating superior
classification performance across all land cover classes. This superiority is attributed to its
ability to model complex nonlinear relationships and integrate multiple spectral and
auxiliary features. In contrast, K-means, as an unsupervised method, achieved lower
performance (91% overall accuracy and 0.87 Kappa) and showed limitations in separating
spectrally similar classes, particularly water and vegetation. Results confirm that supervised
algorithms significantly outperform unsupervised approaches in heterogeneous urban
environments. Among all methods, RF produced the most stable class distribution and the
lowest classification error. Variations in estimated class areas were more evident in K-
means, especially for vegetation and water classes. Overall, RF demonstrated the highest
robustness and reliability for LULC classification in the study area.

Conclusions
In this study, the performance of three classification algorithms, namely Maximum

Likelihood (ML), Random Forest (RF), and K-means, was evaluated for land use/land cover
classification using Sentinel-2 imagery. The results showed that RF achieved the highest
overall accuracy and Kappa coefficient, indicating superior classification performance
compared to the other methods.

Overall, RF demonstrated the most reliable and stable performance across all land cover
classes due to its ability to model complex nonlinear relationships and handle multi-
dimensional feature spaces. ML provided acceptable results but showed lower accuracy,
mainly due to limitations related to statistical assumptions and spectral overlap between
classes. K-means, as an unsupervised method, achieved the lowest accuracy, although it was
able to capture the general spatial pattern of land cover distribution.

The findings confirm that supervised machine learning methods outperform unsupervised
approaches in complex urban environments. In addition, the results highlight the importance
of using multi-source features, including spectral indices and auxiliary data, to improve
classification performance.
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Overall, this study demonstrates that RF is a robust and effective method for LULC mapping
in urban and peri-urban areas using Sentinel-2 data.
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