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Introduction: Unplanned land-use changes pose a major environmental and spatial
planning challenge. Many occur without rational planning and with limited
consideration of environmental consequences. Given their extensive spatial scale,
remote sensing provides a valuable tool for monitoring and identifying these
changes.

Purpose: This study aimed to investigate historical land-use changes and evaluate
the performance of the Support Vector Machine (SVM) algorithm in modeling land-
use changes.

Geographical area: The geographical scope of this study was the Cham Gardalan
watershed in Ilam Province, Iran.

Methodology: Landsat TM (1998), ETM+ (2010), and OLI (2023) images were
analyzed using the SVM algorithm in the 476.751 km2 Cham Gardalan watershed.
Land-use changes were assessed for 1998-2010 and 2010-2023. Classification
accuracy was evaluated using field surveys, Google Earth imagery, and aerial
photographs based on overall accuracy and the Kappa coefficient.

Results and Discussion: The overall accuracies of the maps derived from the TM,
ETM+, and OLI images were 93%, 95%, and 94%, respectively, indicating the good
performance of the SVM algorithm.

Conclusion: During 1998-2010, lake formation following dam construction and a
reduction in rangeland areas were the most significant changes. During 2010-2023,
changes in cultivation practices from irrigated to rainfed farming, along with
increases in rangeland and forest areas, were among the most prominent land-use
changes.

Highlights:

The Support Vector Machine (SVM) algorithm demonstrated high capability in monitoring
and classifying land-use changes in the Cham Gardalan watershed, with overall accuracies
ranging from 93% to 95%.
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English Extended Abstract
Introduction

Land-use and land-cover changes are major environmental and spatial planning challenges, particularly
in developing regions. Unplanned changes can affect natural ecosystems, land resources, and sustainable
development. Because these changes often occur over extensive areas, remote sensing provides an effective
tool for detecting and monitoring their spatial and temporal patterns. The selection of an appropriate
classification algorithm is essential for producing accurate land-use/land-cover maps. In this context, the
Support Vector Machine (SVM), as a non-parametric machine-learning algorithm based on statistical
learning theory, has considerable potential for classifying remotely sensed data.

Purpose

This study aimed to investigate historical land-use/land-cover changes in the Cham Gardalan watershed
and evaluate the effectiveness of the Support Vector Machine (SVM) algorithm for land-use/land-cover
classification and change detection. It also sought to identify the major types and directions of land-use
changes during the periods 1998-2010 and 2010-2023.

Geographical area

The study was conducted in the Cham Gardalan watershed in Ilam Province, western Iran. The
watershed is located southeast of Ilam County and extends across parts of Ilam and Mehran counties. It
covers approximately 476.751 kmz, with elevations ranging from 900 to 2,625 m above sea level.

Methodology (Material and Methods)

Landsat satellite images acquired by the Thematic Mapper (TM) sensor in 1998, Enhanced Thematic
Mapper Plus (ETM+) in 2010, and Operational Land Imager (OLI) in 2023 were used. Geometric and
radiometric corrections were applied to the multitemporal images. Training samples were collected through
field surveys, GPS observations, aerial photographs, Google Earth imagery, and visual interpretation of
satellite images. Five land-use/land-cover classes were identified for 1998, including forest, rangeland,
irrigated cropland, rainfed cropland, and barren land. Six classes were identified for 2010 and 2023 by
adding the lake class. Supervised classification was performed using the SVM algorithm with different
kernel functions, and the radial basis function (RBF) kernel was selected based on its better performance.
Classification accuracy was evaluated using overall accuracy and the Kappa coefficient. Post-classification
comparison and map differencing were subsequently used to identify and quantify land-use/land-cover
changes.

Results and Discussion

SVM classification achieved high accuracy (93.25% in 1998, 95.87% in 2010, and 94.23% in 2023,
with Kappa coefficients of 0.91-0.94). During 1998-2010, dam construction was the most prominent
change; lake formation converted large areas of rangeland, barren land, and irrigated cropland into lake,
with rangeland showing the greatest decline. During 2010-2023, rainfed cropland increased the most while
irrigated cropland declined the most, indicating a shift from irrigated to rainfed farming.

Conclusion

The findings indicate that the SVM algorithm, particularly when using the RBF kernel, is an effective
approach for land-use/land-cover classification and change detection in the Cham Gardalan watershed. The
high overall accuracies and Kappa coefficients demonstrate its suitability for multitemporal Landsat data
analysis. The major changes during 1998-2010 were lake formation following dam construction and
rangeland reduction, whereas during 2010-2023, the expansion of rainfed cropland and decline of irrigated
cropland were the most prominent changes. The integration of remote sensing, SVM classification, and
post-classification comparison can therefore provide useful information for monitoring land-use dynamics
and supporting sustainable watershed management.
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Figure 3. Conceptual model of the research.
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Figure 4. Country and provincial location of the study area.
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Table 1. Degree of separability for the land-cover map classes extracted from the TM image (1998).
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Table 2. Degree of separability for the land-cover map classes extracted from the ETM+ image (2010).
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Table 3. Degree of separability for the land-cover map classes extracted from the OLI image (2023).
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Figure 5. Supervised classification map of TM (1998).
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Figure 6. Supervised classification map of ETM+ (2010).
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Table 4. Classification accuracy assessment for the land-use maps extracted from Landsat images for the years
1998, 2010, and 2023.
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Figure 8. Change monitoring map obtained by differencing the two classified maps for 1998 and 2010 (a) and
2010 and 2023 (b).
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Figure 9. Area of land-cover classes in 1998, 2010, and 2023.
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Figure 10. Map obtained by intersecting the classified maps of 1998 and 2023.
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Table 5. Statistical results of change monitoring in land-cover classes during 1998-2010 (in percentage).
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Figure 11. Map obtained by intersecting the classified maps of 2010 and 2023.
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Table 6. Statistical results of change monitoring in land-cover classes during 2010-2023 (in percentage).
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