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Objective: This study focuses on evaluating the effectiveness of the Outlier-robust
extreme learning machine (ORELM) model in predicting the discharge of the Qarasu
River at the Pol Kohneh hydrological station in Kermanshah.

Method: The study focuses on the Pol Kohneh watershed along the Qarasu River, which
originates from Sarab Ravansar, 50 kilometers northwest of Kermanshah. This study
applies ELM to predict rainfall and river discharge using hydrological and meteorological
data. ELM’s ability to handle complex, nonlinear relationships makes it suitable for
forecasting, especially in real-time applications. To improve accuracy, outlier removal is
performed before training. The model efficiently predicts future discharge values,
offering a scalable solution for water resource management and flood risk assessment.

Results: The RMSE values for a one-month lag (t-1) were recorded as 12.22 and 4.14 for
the training and testing phases, respectively. The findings of this study highlight the
potential of artificial intelligence-based models like ORELM in hydrological forecasting.
Unlike traditional methods, these models require significantly less time and
computational effort while delivering accurate predictions. By leveraging machine
learning techniques, water resource managers can efficiently forecast river discharge
trends, aiding in effective decision-making for flood management, irrigation planning,
and water allocation during dry and wet periods.

Conclusions: The ability of ORELM to handle long-term discharge predictions with
minimal input data makes it a valuable tool for hydrological studies, particularly in data-
scarce regions where conventional models face limitations.
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Introduction

Accurate prediction of river discharge is crucial for the effective management of surface
water resources, influencing areas such as domestic water supply, irrigation, hydropower
generation, and environmental sustainability. River discharge forecasting can be categorized
into short-term and long-term predictions, where short-term forecasts typically cover periods
of less than a week, while long-term predictions extend over several months. Given the
complexity and non-linearity of hydrological processes, traditional physical and conceptual
models often face challenges in predicting river flow accurately, particularly in ungauged basins
or regions with highly variable climatic conditions.

Recent advancements in artificial intelligence (Al) have introduced machine learning (ML)
techniques as powerful alternatives to conventional hydrological models. Al-based approaches,
such as backpropagation neural networks (BPNN), long short-term memory (LSTM), and
extreme learning machines (ELM), have demonstrated significant improvements in discharge
prediction. Hybrid models integrating optimization algorithms, signal decomposition methods,
and preprocessing techniques have further enhanced accuracy, especially in regions with
limited hydrological data.

Method

Area

The study focuses on the Pol Kohneh watershed along the Qarasu River, which originates from
Sarab Ravansar, 50 kilometers northwest of Kermanshah. As it flows southeast, the river merges
with several tributaries, including the Razavar and Mereg rivers, before passing through
Kermanshah. Within the city, it converges with the Cham-Bashir and Abshuran rivers before
eventually joining the Gamasiab River near Faraman. Hydrological data from the Pol Kohneh
station on the Qarasu River was used for this research.

ELM

Extreme Learning Machine (ELM) is a fast and efficient machine learning algorithm for
classification and regression. Unlike traditional neural networks, it assigns random hidden layer
weights and computes output weights analytically, avoiding iterative backpropagation. This
study applies ELM to predict rainfall and river discharge using hydrological and meteorological
data. ELM’s ability to handle complex, nonlinear relationships makes it suitable for forecasting,
especially in real-time applications. To improve accuracy, outlier removal is performed before
training. The model efficiently predicts future discharge values, offering a scalable solution for
water resource management and flood risk assessment.

Results

This study utilizes the ORELM method to predict river flow discharge and assess its potential
as an alternative to complex models, especially in cases where numerical models are impractical
or data is limited. The model uses past monthly discharge data (t-1, t-2, t-3) as inputs to forecast
the current discharge at the Qarasou River's Pol-e Kohneh station. Results show that the
ORELM model with a one-step delay (t-1) achieves the highest accuracy during training and
testing. The model's predictions closely align with observed data, demonstrating its
effectiveness for river flow forecasting. The results of applying the ORELM artificial
intelligence model indicate that this method successfully predicted river inflow with minimal
error over a 65-year statistical period during both training and testing phases. The RMSE value
for a one-month lag time (t-1) was 12.22 during training and 4.14 during testing. For lag times
of 2 and 3 months, the RMSE in the testing phase was approximately 9.29 and 8, respectively.
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These results demonstrate that the ORELM model can accurately predict river discharge
without requiring extensive data or complex modeling processes based on governing equations.

Conclusions

One of the most significant achievements of this study is the ability to predict river discharge
over a long-term period using minimal data compared to numerical models. This approach relies
solely on past river flow data without requiring meteorological, soil, or geological parameters,
cross-section information, complex mapping software, or extensive time and costs for model
calibration and validation. This is particularly beneficial for water resource specialists working
in data-scarce basins or rivers with incomplete records. By utilizing artificial intelligence
models, valuable management insights can be obtained with minimal time and cost, allowing
for accurate discharge predictions in both dry and wet years. The evaluation of the ORELM
artificial intelligence model at the Qarasou River (Pol-e Kohneh station) demonstrated its high
accuracy in predicting river discharge. Over a 65-year statistical period, the model achieved
minimal error in both training and testing phases. Specifically, the RMSE for a one-month delay
(t-1) was 12.22 during training and 4.14 during testing. For delays of two and three months, the
RMSE values were 9.29 and 8.00, respectively, indicating that the ORELM model can
accurately predict river discharge without requiring extensive data or complex mathematical
modeling. Empirical results show that the developed method outperforms traditional
approaches based on various performance metrics. Thus, a new, practical evolutionary extreme
learning machine model using swarm intelligence has been developed for complex hydrological
forecasting tasks. However, applying the proposed method in practice may have limitations, as
determining optimal neural network parameters is theoretically challenging, especially given
the variations in hydrological characteristics across different locations. With the rapid
advancement of computing technology, the effectiveness of the proposed method can be
enhanced by introducing more efficient soft computing techniques or developing more robust
optimization strategies. Additionally, integrating newly developed signal processing techniques
could further improve its performance. Finally, the results confirmed that time delay is a crucial
input feature that significantly affects the predictive accuracy of the model.
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1. Non-convex programming

2. Tractable convex relaxation form without loss of the sparsity characteristic
3. Minimization convex

4. Constrained convex

5. Augmented Lagrangian (AL) multiplier
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