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Analyzing temporal and spatial changes in precipitation, temperature, and surface
runoff is essential for water resources discussions and long-term forecasts for
watershed management. Therefore, the aim of this study was to model the time
series of inflow discharge to Jiroft and Nesa dams under different climatic
conditions. For this purpose, two LSTM and GRU models were used in Jiroft and
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Abstract

Introduction

Predicting the inflow to dam reservoirs is one of the key requirements for reliable water
resources planning and operation. Temporal variability of precipitation and streamflow in
different climatic conditions, together with increasing water demand, has intensified the need
for accurate inflow forecasts to support reservoir operation, flood control, and drought
management. This study aims to evaluate the efficiency of deep learning models in simulating
the daily inflow time series to Jiroft and Nesa dams in Kerman Province (southeastern Iran)
under different climatic conditions by comparing the performance of Long Short-Term
Memory (LSTM) and Gated Recurrent Unit (GRU) networks.

Method

The case study includes the Jiroft and Nesa dams, located in the south of Kerman Province,
Iran, where the Halil-Rud River constitutes the main inflow to the reservoir in the Jiroft dam.
Daily inflow data for a period of 25 years for Jiroft Dam and 12 years for Nesa Dam were
obtained from the Regional Water Company of Kerman. The data were checked for missing
values and outliers and then normalized prior to modeling. The available time series were
divided into training and testing subsets to evaluate the generalization ability of the models.

Two recurrent deep learning architectures, LSTM and GRU, were implemented in a Python
environment. The models were trained using backpropagation through time with appropriate
network depth and number of units, and early stopping was applied as a regularization
technique to prevent overfitting once the convergence point was reached. Model performance
was assessed using the Root Mean Square Error (RMSE) and Mean Absolute Error (MAE)
criteria for both training and testing phases in each dam.

Results

The results confirmed that both LSTM and GRU networks are capable of accurately
simulating the daily inflow time series to the studied dams, with small errors in both training
and testing phases. In the Jiroft Dam LSTM model, RMSE values for training and testing
were 0.72 and 0.78, respectively, while the corresponding MAE values were 0.10 and 0.12.
For the Jiroft GRU model, RMSE values were 0.94 and 1.02 and MAE values were 0.15 and
0.20 for training and testing, respectively, indicating the superior performance of LSTM in
this dam.

In Nesa Dam, the LSTM model achieved RMSE values of 0.11 and 0.10 and MAE values of
0.05 and 0.04 in the training and testing phases, respectively. The GRU model in Nesa Dam
yielded RMSE values of 0.01 and 0.09 and MAE values of 0.04 and 0.03 for training and
testing, respectively. These results show that, unlike Jiroft Dam, the GRU network slightly
outperformed LSTM in Nesa Dam. Overall, the magnitude of the error indices reflects the
high capability of deep learning models in capturing the nonlinear dynamics of inflow time
series in the study area.

Conclusions

The findings of this research highlight the effectiveness of deep learning approaches,
specifically LSTM and GRU networks, in modeling and simulating daily inflow to dams
located in regions with variable climatic conditions. The comparative analysis showed that
LSTM performs better for Jiroft Dam, while GRU provides slightly better results for Nesa
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Dam. This suggests that the choice of model architecture should be tailored to the
hydrological and climatic characteristics of each basin. The accurate simulation of inflow time
series can support more reliable reservoir operation, assist in planning optimal water
allocation among competing demands, and help reduce the risks associated with floods and
droughts downstream of the dams.
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