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ABSTRACT

Introduction

With the increasing complexity and dynamics of hydrological systems, accurate and
reliable river stream flow prediction is necessary for sustainable water resource
management. Streamflow estimation plays a significant role in water resources
management, especially for flood mitigation, drought warning, and reservoir operation.
Streamflow predictions play a crucial role in decision-making for water managers and
policymakers, influencing water allocation, reservoir operations, flood control
measures, and drought mitigation strategies. The reason for focusing the prediction
model on stream flow data is that hydrological processes are complex, requiring a
paradigm based entirely in hard facts of data.

Methodology

This research utilized 20 years (from 2001 to 2021) of daily precipitation, river
discharge, and mean air temperature data from the Dehgolan basin in Kurdistan
Province. To select the optimal combination and model scenarios, Pearson's correlation
coefficient was employed using precipitation (Pt), mean temperature (Tt), and river
discharge with one to three days of lag (Qt-1 to Qt-3). The Pearson correlation
coefficient (PCC) was used to select optimal scenarios and model combinations,
establish the relationship between input and output variables, and subsequently choose
the model and scenario combinations. For streamflow prediction, we utilized hybrid
models including the Artificial Neural Network-Tasmanian Devil Optimizer (ANN-
TDO), Support Vector Regression-Red Tailed Hawk (SVR-RTH), and the deep
learning model Long Short-Term Memory-Marine Predators Algorithm (LSTM-MPA).
Model evaluation involved the following metrics: Mean Absolute Error (MAE), Root
Mean Square Error (RMSE), Coefficient of Determination (R2), and Kling-Gupta
Efficiency (KGE). After completing the forecasting and modeling processes, the results
were stored and compared with each other. Various objectives were considered for this
comparison.
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These included: examining the dominant combined scenario, evaluating the model in both training and testing phases, assessing
the increase in accuracy of the hybrid model compared to individual models, comparing different hybrid models with each other,
and comparing the results of NFE models with each other in terms of convergence time and accuracy, as well as the extent of getting
trapped in local optimal solutions. Finally, time series plots, scatter plots, Taylor diagrams, and cumulative error plots were drawn
and examined for visual representation of the results.

Results and Discussion

The ANN-TDO hybrid model demonstrated significantly better performance compared to the standalone ANN model
in both the training and testing phases. For all scenarios (M1 to M5), the hybrid model recorded higher R2 and KGE
values, and lower MAE and RMSE values. This indicates the higher accuracy and lower error of the hybrid model. The
overall best performance for the hybrid model was observed in scenario M1 during the testing phase (with R2=0. 881,
MAE=0. 021, RMSE=0. 054, and KGE=0. 915). Additionally, in the training phase, the hybrid model in scenario M5
showed more desirable performance (with R2=0. 852 and KGE=0. 898). The overall worst performance belonged to
the standalone ANN model in scenario M4 (4-20-1) during the testing phase (with R2=0. 349 and KGE=0. 588),
indicating an insufficient ability to generalize to new data. In the training phase, by using R2 as a criterion, the results
showed that models M1 to M5 improved the performance of the standalone model by 10. 66%, 19. 25%, 39. 40%, 79.
45%, and 82. 44% respectively. Similarly, in the testing phase, they improved the standalone model's performance by
4. 51%, 0. 27%, 25. 22%, 133. 81%, and 90. 48% respectively. The LSTM-MPA hybrid model improved the error of
the standalone LSTM by 75. 11%, 87. 53%, 72. 27%, 67. 86%, and 113. 45% in scenarios M1 to M5 respectively during
the training phase, and by 54. 90%, 92. 12%, 68. 45%, 75. 65%, and 118. 87% respectively during the testing phase.
Regarding the standalone LSTM model and the LSTM-MPA hybrid model, the results showed that for the standalone
model in the training phase, scenario M4 exhibited relatively better performance with the highest R2 value (0. 504) and
the lowest RMSE (0. 109) and MAE (0. 074). In the testing phase, scenario M1 had the highest R2 (0. 510), but overall,
M4 was more dominant in the training phase. This indicates that the LSTM model in scenario M4 had a better ability
to learn patterns from the training data. For the LSTM-MPA hybrid model in the training phase, scenario M3 is
identified as the dominant scenario with the highest R2 (0. 851) and the lowest RMSE (0. 060) and MAE (0. 022).

Conclusions

The aim of this research is to predict the Dehgolan Kurdistan river flow using artificial intelligence models. Initially,
the research data was acquired, and after performing data management tests, the data was divided into training and
testing phases at a 70: 30 ratios. ANN, SVR, and LSTM models were utilized with meta-heuristic algorithms (TDO,
RTH, and MPA) to optimize the models' hyperparameters. Pearson correlation coefficient was employed to create
model scenarios, and scenarios with the highest correlation values were selected. Among the hybrid models, ANN TDO
consistently demonstrated the best performance. Its R2 values for the testing phase were frequently above 0. 8, and
KGE values reached up to 0. 915 in some scenarios, indicating a very high correlation with observed data. The LSTM-
MPA model also delivered very good performance. Although it performed slightly below ANN-TDO in some scenarios,
its R2 and KGE values (often above 0. 7 and 0. 8), along with low MAE and RMSE values, demonstrated this model's
high capability in time series modeling. LSTM's nature in preserving long-term information and MPA's optimization
mechanism contributed to LSTM-MPA maintaining high accuracy. In comparison, SVR-RTH, while improved over
the standalone SVR, generally exhibited lower performance than ANN-TDO and LSTM-MPA.
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Figure (2): Frequency distribution plot and error histogram of the hybrid models.
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Figure (3): Scatter plot of the hybrid ANN-TDO model in the training and testing phases
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Figure (5): Scatter plot of the hybrid LSTM MPA model in the training and testing phases
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Figure (6): Time series plot of observed and predicted data for the hybrid models.
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