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Obijective: Land use/cover has great importance for planning at different spatial scales in
order to environmental sustainability. Land use/cover changes affects ecosystem services
and products, socio-economic issues, climate change, natural resource and biodiversity.
This study aimed to evaluate and compare different machine learning algorithms including
classification and regression tree (CART), random forest (RF) and support vector machine
(SVM) for land use/cover mapping in the south of Lake Urmia.

Methods: Sentinel-2A satellite data from 2023 were used within Google Earth Engine
platform. Classification was performed using sample points with 70% for training and 30%
for validation. The accuracy assessment was evaluated using the overall accuracy and
kappa coefficient.

Results: Based on the land use / cover map, seven category were identified: water bodies,
saline and rocky lands, irrigated farming, dry farming, built up areas, orchards, and ranges.
The RF algorithm showed the highest overall accuracy (89%) while CART and SVM
follow RF with 83% and 80%.

Conclusions: This study proved that RF is the best algorithm for optimal land use/cover
classification, particularly in the study area. It also emphasizes the need to conduct similar
studies with more advanced algorithms along with secondary data, especially in the Lake
Urmia watershed, in order to achieve sustainable development.
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Extended Abstract

Introduction

Land use / cover maps are one of the essential data needed by planners for land management (Qu et al., 2021).
The dynamic nature of land use/cover maps requires regular updates and, preparing these maps with fieldwork is
time-consuming and costly. Using satellite data is a practical option for its preparation (Rujoiu-Mare & Mihai,
2016). In this regard, Sentinel-2 data has been proven to be suitable for preparing land use/cover maps in
heterogeneous areas (Phiri et al., 2020). On the other hand, machine learning algorithms have produced reliable
results in various satellite imagery classification studies compared to other classification techniques (Zhao et al.,
2024). Sharviran Plain is one of the fertile plains of Iran and has historical importance. The type of land
use/cover affects the socio-economic status of local people. Given the need for access to timely land use/cover
statistics in line with sustainable development, and because no documented study has been conducted to evaluate
machine learning algorithms using Sentinel-2A data in preparing land use/cover maps in this area, the present
study focuses on this issue.

Materials and Methods

The study area is located on the southern border of Lake Urmia with an area of about 70000 hectares. In this
study, seven land use/cover classes were examined, including water bodies, saline and rocky lands, irrigated
farming, dry farming, built up areas, orchards and ranges. The Sentinel-2A satellite data cloud-free from 2023
were processed on the GEE platform. Various transformations were applied to the main bands and numerous
indices were extracted and used in addition to the main bands. The training and validation datasets were
identified and labelled in the GEE platform with the help of Google Earth images and field observations. The
validation and training samples were determined in a 70:30 ratio (Aldiansyah & Saputra, 2023) within a
systematic network. Three common machine learning classification algorithms were used for classification,
including classification and regression trees (CART), random forests (RF), and support vector machine (SVM)
for land use/cover classification. The accuracy of the output maps was assessed using overall accuracy and kappa
coefficient (Patil & Panhalkar, 2023).

Results

The results showed that the highest overall accuracy (89%) and kappa coefficient (0.87) were related to the RF
algorithm. In the study of Oo et al. (2022), this algorithm was also introduced as the best. These coefficients
were 86% and 0.83 in the CART algorithm, and 84% and 0.80 in the SVM algorithm. The small area of water
bodies (less than 2%) and the relatively large area of saline areas (about 7-9%) indicate the limited water
resources and problems of water and soil salinity in the study area. This type of spatial analysis has also been
discussed in the study of Patil and Panhalkar (2023). The results of different algorithms did not show significant
differences, which is in line with the results of the study of Phiri et al. (2020). Sentinel data-derived indices
improved the overall accuracy by about 5%, compared to about 7% in Yimer et al. (2024). There was also spatial
variation in the maps produced by different algorithms. For example, when comparing the maps produced by RF
and CART, 84% of the area had the same land use/cover type. In Yimer et al. (2024), the same was 80%.
Therefore, the type of algorithm should be choice carefully based on the research objectives and the
characteristics of the study area (Patil & Panhalkar, 2023).

Conclusion

This study demonstrated the usefulness of machine learning algorithms for preparing land use/cover maps in the
southern lands of Lake Urmia. Given the differences in the performance of classifiers and the possibility of
errors in land use/cover maps, careful evaluation of classifiers is recommended for sensitive applications such as
water use pattern assessment and land use planning. Users should also use remote sensing indices and auxiliary
data such as ecological and socio-economic parameters in classification, as they can help improve classification
results. It is recommended that in future studies, while using Google Earth Engine, more advanced machine
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learning and artificial intelligence techniques such as deep learning should be investigated to improve the
accuracy of land use/cover classification. The importance of land use/cover in sustainable development cannot
be denied; therefore, such studies not only improve our knowledge about land use/cover, but also play an
effective role in land management towards the restoration of Lake Urmia and planning for sustainable
development.
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Table 3. Ground truth data in different land use/land cover classes
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1. User's Accuracy

2. Producer's Accuracy
3. Overall Accuracy

4. Kappa coefficient

5. Confusion Matrix

6. Majority Filter
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Table 4. Accuracy assessment of land use/Land cover map in different machine learning algorithms
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Fig. 3- Land use/ cover map resulting from different machine learning algorithms
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