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preserving biodiversity. This cover interacts directly with surface soil moisture, and its changes can
indicate ecological transformations in sensitive environments such as Lake Urmia. Investigating the
correlation between vegetation cover and surface moisture is essential for a better understanding of
environmental trends and sustainable management of water resources. In this study, using deep learning
methods with a NAR recurrent neural network, the Levenberg—Marquardt training algorithm, and one
hidden layer with 10 neurons, along with the analysis of remote sensing indices NDVI and NDWI, the
changes in vegetation cover and surface moisture were investigated in four regions around Lake Urmia
from 2015 to 2024, and the values for 2025 were predicted. Modeling was performed using a deep neural
network, and its accuracy was evaluated using the Root Mean Square Error (RMSE) criterion. The lowest
error values for the NDVI index were observed in the eastern region (0.00348), and for the NDW!1 index,
also in the same region (0.00652), indicating the very high accuracy of the model in this area. After
applying the neural network, statistical analysis of the results showed that the southern and western regions
experienced the most fluctuations. Furthermore, the correlation coefficient between NDVI and NDWI was
negative and significant in all regions (r ranging from -0.83 to -0.96, p < 0.01), indicating the negative
impact of increased vegetation cover on surface moisture. One of the limitations of this study is that due
to the high computational load, it was not possible to process the entire area in a single image; therefore,
the study area was divided into four parts (northern, southern, eastern, and western), and each region was
analyzed separately. The results of this study can serve as an effective tool for continuous monitoring of
ecological changes, predicting moisture trends, and identifying sensitive areas around Lake Urmia. This
information enables more precise planning for vegetation management, erosion control, and the adoption
of targeted strategies in lake restoration projects.

Introduction

surface soil moisture is essential for understanding ecological

Lake Urmia, as one of the largest hypersaline lakes in the
world and a biosphere reserve, plays a vital role in the ecological
balance and the livelihood of local communities in the northwest
of Iran (Azizi, 2024; Naji et al., 2024). In recent decades, the
decrease in water level and the increase in soil salinity have
presented this sensitive ecosystem with challenges such as the
desiccation of the water body, the threat to biodiversity, and the
reduction in the quality of agricultural lands (Kazemi Garajeh et
al., 2021; Azizi, 2024). Accurate and continuous monitoring of
key environmental variables such as vegetation cover and

trends and sustainable management of natural resources
(Tahmouresi et al., 2024; Rabiei et al., 2025; Celik et al., 2022).
Traditional field methods have limitations such as inadequate
spatial coverage and being time-consuming, while remote
sensing, by providing multitemporal and extensive data, enables
accurate analysis of environmental changes (Li and Yan, 2024;
Wang et al., 2024). NDVI and NDWI indices have found
widespread application for assessing vegetation density and
surface soil moisture (Priya and Vani, 2024; Yu et al., 2021).
Deep learning algorithms have the ability to model non-linear
relationships between remote sensing data and ground
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parameters and provide accurate predictions (Tahmouresi et al.,
2024; Kazemi Garajeh et al., 2021). Despite recent advances,
limited research has addressed the simultaneous and dynamic
analysis of vegetation cover and surface moisture in the Lake
Urmia basin (Azizi, 2024; Naji et al., 2024). This study aims to
fill this gap by investigating the spatiotemporal correlation of
these two parameters using remote sensing data and deep
learning models to provide practical insight for the sustainable
management of natural resources.

Materials and Methods

Lake Urmia, located in northwestern Iran between East
Azerbaijan and West Azerbaijan provinces, is one of the largest
hypersaline lakes in the Middle East. Its watershed covers
approximately 51,800 square kilometers and has been affected
by declining precipitation, rising temperatures, and water
extraction for agriculture. Four regions—north, south, east, and
west of the lake—were selected for the study based on
ecological diversity and land-use types. To analyze changes in
vegetation cover and surface moisture, Landsat 8 and 9 satellite
images from 2015 to 2024 were collected. For each region, 10
annual images of the NDVI and NDWI1 indices were extracted,
resulting in a total of 80 images prepared for analysis using the
Google Earth Engine platform.

The data were first pre-processed, including normalization,
removal of incomplete data, and conversion to numerical
values. Changes in NDVI and NDW!I were then predicted using
a Nonlinear Autoregressive (NAR) neural network. This
network is capable of modeling nonlinear and dynamic
relationships in time series, with inputs consisting of past values
from the time series. Model accuracy was evaluated using the
RMSE index. Following the predictions, a spatio-temporal
analysis of changes in the indices was conducted for each
region, and the percentages of increase, decrease, and no change
were calculated. Finally, the relationship between vegetation
cover and surface moisture was assessed using the Pearson
correlation coefficient. This approach enables accurate
prediction of ecological indices and quantitative analysis of
environmental trends at the spatial scale, providing a suitable
framework for monitoring sensitive ecosystems.

Results and Discussion

In this research, the proposed method was implemented
using MATLAB, ArcGIS, and Google Earth Engine software,
employing a Nonlinear Autoregressive (NAR) neural network
to predict changes in NDVI and NDWI indices. Landsat 8 and
9 satellite data from 2015 to 2024 underwent preprocessing,
normalization, and removal of incomplete data, then were
prepared as numerical time series for the four regions
surrounding Lake Urmia. The NAR model was designed with a
hidden layer containing 10 neurons, a 9-year time delay, and the
Levenberg-Marquardt training algorithm, enabling predictions
of the indices for 2024 and 2025. Model accuracy evaluation
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using the RMSE index demonstrated acceptable performance of
the NAR network across all regions, with the lowest error values
for both NDVI and NDW!I observed in the eastern region,
indicating high model precision in reconstructing vegetation
cover and surface moisture patterns there; in contrast, the
southern and western regions exhibited the highest RMSE
values, likely due to greater fluctuations in ecological
conditions, land-use diversity, and environmental pattern
complexity. Spatio-temporal analysis of index changes between
2024 and 2025 revealed that the southern region experienced the
greatest increase in NDVI while simultaneously showing the
largest decrease in NDWI, a discrepancy that may reflect
increasing pressure on surface and subsurface water resources
due to vegetation expansion or agricultural activities; long-term
time series examination also confirmed an overall decline in
NDW!I alongside relative increases in NDVI in certain regions.
Finally, Pearson correlation coefficient calculations indicated a
strong, significant negative relationship between NDVI and
NDWI across all regions, underscoring the necessity of
simultaneous analysis of these two indices for accurate
monitoring of ecological changes and the adoption of
sustainable management strategies in the Lake Urmia basin.

Conclusions

In this research, aimed at investigating changes in vegetation
cover and surface moisture around Lake Urmia, NDVI and
NDWI indices derived from Landsat 8 and 9 satellite imagery
were utilized over the period from 2015 to 2024. The primary
innovation of the study lies in the application of a Nonlinear
Autoregressive  (NAR) neural network model for spatio-
temporal analyses and forward-looking predictions of
environmental indices at the regional scale. The results
demonstrated that the NAR model, with suitable accuracy, is
capable of identifying complex temporal patterns and nonlinear
relationships within the data, exhibiting greater flexibility and
efficiency compared to traditional statistical models—a feature
that particularly enhances the model's applicability in remote
sensing studies under conditions of incomplete or non-
stationary data. However, limitations of the research include
restriction of the analysis to only the NDVI and NDWI indices,
lack of consideration for spatial dependencies between regions,
and omission of human and managerial factors. Employing
deeper spatio-temporal models and complementary indices
could improve the accuracy and comprehensiveness of analyses
in future studies. Despite these limitations, the research findings
possess high interpretability and can serve as a scientific
foundation for monitoring ecological changes, managing water
resources, and planning the restoration of Lake Urmia.
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Fig. 3. NDVI forecast for 2024 and 2025 for the northern region
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Fig. 10. NDWI forecast for 2024 and 2025 for the western region
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Table 2. Root means square values of the residuals for the four selected regions
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Table 3. Comparison of the mean, standard deviation, and percentage changes in NDVI and NDWI between 2024 and 2025
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Table 4. Correlation coefficient and significance level between NDVI and NDWI in the period 2015 to 2024
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