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Extended abstract

Introduction

Land use/land cover (LULC) maps are among the key tools for natural resource management, regional
planning, and achieving sustainable development; therefore, the need for their accurate and up-to-date
monitoring is increasingly emphasized. Continuous changes in land use driven by natural and human-
induced factors have significantly affected local and global ecosystems. In recent decades, advances in
remote sensing technologies and machine learning algorithms have led to major improvements in the
extraction and classification of spatial data. The Google Earth Engine (GEE) platform, as a powerful cloud-
based infrastructure for processing large-scale spatiotemporal data, provides an efficient framework for
producing accurate and updated maps. Within this context, the present study focuses on the integration of
multi-temporal satellite images, the use of auxiliary data, and the comparison of three machine learning
algorithms over a large and heterogeneous watershed (Karun 1), aiming to improve classification accuracy
and enhance the capability for long-term monitoring of LULC changes.

Materials and methods

To assess LULC changes in the Karun 1 watershed, Landsat 7 ETM+ (2002) and Landsat 8 OLI (2024)
images with cloud cover less than 10% and considering long-term mean precipitation were retrieved and
processed as surface reflectance products in the GEE platform. Composite images were generated from
nine Landsat scenes during the peak growing season (May to July) using a median filter and were then
clipped to the watershed boundary. A total of 1,920 training samples representing seven LULC classes
based on the Anderson classification scheme were collected using field survey data, aerial photographs,
and Google Earth imagery. The reference dataset was randomly split into training (60%) and evaluation
(40%) subsets Auxiliary variables (such as NDVI, NDBI, NDWI, and a DSM) were derived and included
alongside original spectral bands. Classification experiments were implemented in GEE using three
supervised algorithms: CART, RF, and SVM. Model hyper parameters and training procedures were
configured to ensure reproducibility and consistency across methods.

Results and discussion

The results showed that the CART, RF, and SVM algorithms produced classified maps with excellent
accuracy. The incorporation of vegetation indices and auxiliary data improved both the overall accuracy
and the Kappa coefficient for both study years. The highest overall accuracy and Kappa coefficient were
achieved by the SVM algorithm, with values of 93% and 91.5% in 2002, and 93% and 92% in 2024,
respectively. According to the results of all three algorithms, rangelands constitute the largest proportion
of the watershed area (on average about 40%), followed by forests (approximately 27%). The temporal
analysis indicated a decreasing trend in the area of rangelands and forests, as well as a notable reduction in
water bodies, particularly based on the SVM results.
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Conclusions

The results of this study demonstrated that applying machine learning algorithms within the Google Earth
Engine platform enables the production of accurate land use/land cover maps and the effective monitoring
of environmental changes over a large and heterogeneous watershed. The obtained results can be used as
an efficient tool for land use planning, natural resource management, monitoring vegetation degradation,
and controlling land use changes in the study area. However, limitations related to the spatial resolution of
Landsat imagery and pixel-mixing errors, particularly along the boundaries between LULC classes, are
considered among the main challenges of this study. Accordingly, it is recommended that future research
utilize higher spatial resolution data, such as Sentinel imagery, to improve classification accuracy,
especially for vegetation cover mapping.
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Table 2. Validation results of CART, RF, and SVM algorithms during the study period

Raw bands of Landsat 8 and 7 images with indices and

Classification algorithms Parameter products
(%) 2002 (%) 2024

Kappa coefficient 88 85

CART Overall Accuracy 90 88

RE Kappa coefficient 91 89

Overall Accuracy 92 91

SVM Kappa coefficient 91.5 92

Overall Accuracy 93 93
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Table 3. Area of each land use in CART, RF and SVM algorithms during the study period

Classification

. CART RF SVM
algorithms
Year 2002 2024 2002 2024 2002 2024
LULC Class Area (km?) Area (km?) Area (km?)
Waterbodies 98.47 537.26 102.89 271.83 314.14 224.99
Snowarea 691.80 557.47 756.92 418.89 1058.44 524.11
Bareland 1876.00 1970.92 2047.99 1859.62 4088.27 4996.33
Agriculture 3519.39 4133.36 2734.11 4074.92 2361.05 4960.61
Forest 6827.56 6645.03 7648.36 6820.52 7730.92 7471.37
Rangeland 13442.85 11995.92 13484.62 12839.87 11301.21 8571.03
Urban 620.57 1236.70 301.76 790.99 222.62 328.21
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Fig. 3. Net area changes of each land use class under CART, RF, and SVM algorithms during the study period
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Fig. 4. Average user accuracy and producer accuracy percentages for each LULC class under CART, RF, and SVM algorithms
during the study period
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