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Table 1- Porous media overflow models used
Parameters Dimension Range
Intake discharge, Q 10-60
Length, L 300,600
hight, P 200
Grain size, ds 10.8, 18.5, 28.4, 37.8
Porousity, ¢ dimensionless 28.6, 34.5, 36, 41
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Table2. Description of the variables used in the proposed investigation to formulate GEP
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Abstract

Introduction

Among the various types of weirs, broad-crested gabion weirs have received considerable
attention in hydraulic engineering research and design owing to their excellent structural stability
and reliable discharge-measurement capability. The hydraulic behavior of these structures differs
substantially from that of conventional impervious weirs due to their porous composition and the
occurrence of internal flow through the gabion matrix. As porous hydraulic structures, gabion weirs
permit flow both over the crest and through the body of the weir, resulting in more complex flow
patterns and hydraulic interactions. In addition to their hydraulic functionality, gabion weirs offer
several practical advantages, including relatively low construction costs, ease of installation,
structural flexibility, and strong environmental compatibility. These attributes have contributed to
their widespread use in river restoration, stream stabilization, erosion control, and ecological
habitat enhancement projects.

Despite these advantages, the hydraulic performance of gabion weirs under varying flow
conditions remains insufficiently understood and warrants further investigation. In particular,
critical hydraulic parameters such as the discharge coefficient, flow distribution mechanisms, and
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the influence of porosity on overall hydraulic behavior require comprehensive and systematic
evaluation. Alomari et al. (2023) investigated the estimation of the discharge coefficient of
rectangular broad-crested gabion weirs based on upstream flow depth and reported that the
discharge coefficient increased by approximately 10.5% relative to conventional rigid weirs. In
recent years, machine learning techniques have increasingly been applied to predict the hydraulic
performance of gabion weirs. For instance, Tiwari et al. (2023) assessed several machine learning
approaches for predicting the aeration efficiency of rectangular broad-crested gabion weirs and
found that deep neural network models provided the highest predictive accuracy. Similarly,
Hameed et al. (2025) employed hybrid reinforcement-based modeling approaches to estimate both
the discharge coefficient and flow rate of rectangular broad-crested gabion weirs, demonstrating
the effectiveness of hybrid intelligent models in predicting complex hydraulic parameters. Against
this background, the primary objective of the present study is to develop and evaluate data-driven
models for predicting the discharge coefficient (C,) of rectangular broad-crested gabion weirs. The
predictive capabilities of the proposed models are assessed against experimental laboratory
measurements, and an explicit empirical formulation for C is subsequently derived using the Gene
Expression Programming (GEP) algorithm to provide a practical and interpretable predictive tool
for hydraulic engineering applications.

Methodology

The laboratory experiments were conducted in a rectangular glass-sided flume measuring 7.0
m in length, 0.60 m in width, and 0.50 m in depth at the Hydraulics Laboratory of the Hydraulic
Structures Research Group, Ferdowsi University of Mashhad. A total of eight rectangular broad-
crested gabion weir models were tested under a wide range of hydraulic and geometric conditions,
including varying mean aggregate sizes, crest lengths, and discharge rates. To predict the free-flow
discharge coefficient (C,), five regression-based machine learning algorithms were implemented:
Random Forest (RF), Stacked Regression (SR), Support Vector Regression (SVR), Extreme
Gradient Boosting (XGBoost), and CatBoost. The predictive performance of the developed models
was comprehensively assessed using five widely adopted statistical evaluation metrics, namely the
Root Mean Square Error (RMSE), Mean Absolute Error (MAE), coefficient of determination (R?),
Scatter Index (SI), and Nash—Sutcliffe Efficiency (NSE).

Results and Discussion

The discharge coefficient (C;) was selected as the target variable for model development. The
compiled dataset was primarily divided into training (80%) and testing (20%) subsets. To further
evaluate model robustness and predictive sensitivity, additional data-partitioning scenarios with
training proportions of 70%, 60%, and 50% were also considered. Based on the statistical
performance metrics, the XGBoost model developed under the 80:20 training-to-testing ratio
exhibited the best overall performance, achieving a coefficient of determination (R?) of 0.960, a
root mean square error (RMSE) of 0.065, a mean absolute error (MAE) of 0.041, and a scatter
index (SI) of 0.076. A reduction in the size of the training dataset resulted in a noticeable decline
in predictive performance, with R2 values decreasing to 0.827, 0.833, and 0.812 for the 70%, 60%,
and 50% training scenarios, respectively. Under the baseline 80:20 data-partitioning framework,
the CatBoost model ranked second and demonstrated comparable predictive capability, achieving
R?, RMSE, MAE, and Sl values of 0.962, 0.042, 0.026, and 0.050, respectively. In contrast, the
Random Forest (RF), Stacked Regression (SR), and Support Vector Regression (SVR) models
exhibited lower predictive accuracy under the same data allocation, with R? values of 0.898, 0.899,
and 0.882, respectively. Their performance deteriorated further when the training proportion was
reduced to 50%, yielding R? values of 0.690, 0.712, and 0.563, respectively.

These results clearly indicate that the predictive capability of machine learning models is
strongly influenced by the adopted data-partitioning strategy. The superior performance of the
gradient-boosting algorithms, particularly XGBoost and CatBoost, can be attributed to their
enhanced ability to capture the highly nonlinear relationships between weir geometry, hydraulic
parameters, and flow characteristics, which are essential for accurately modeling discharge
behavior over porous gabion weirs (see Fig.1).
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Fig. 1- Results of testing of the considered models with the (80-20) split in C, prediction

Fig. (2) presents the Taylor diagram, which provides a graphical validation of the statistical
performance metrics obtained for the investigated machine learning models. As shown, the
comparative assessment in Taylor space is in close agreement with the trends identified from
the MAE and RMSE analyses. The XGBoost model, characterized by a correlation coefficient
greater than 0.99, a normalized standard deviation of 0.32, and the lowest root-mean-square
error, exhibited the highest predictive performance, demonstrating an exceptional capability to
capture the complex hydraulic flow processes governing gabion-weir behavior. This model not
only achieved the lowest MAE and RMSE values but also displayed superior robustness and
generalization ability by closely reproducing the observed variability and attaining the highest
correlation coefficient in the Taylor diagram. Relative to the Stacked Regression (SR) model,
these results highlight the outstanding predictive accuracy and computational efficiency of
XGBoost for estimating the discharge coefficient (Cq) of gabion weirs.

In contrast, the CatBoost model showed a tendency to overestimate the variance, whereas the
Random Forest (RF) model ranked lower due to its comparatively weaker correlation and
moderate predictive accuracy. The SR model exhibited the poorest performance among the
investigated approaches, failing to adequately reproduce the observed variability and producing
relatively large error distributions, thereby limiting its applicability for accurate discharge-
coefficient prediction in this hydraulic context.
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Fig. 2- Taylor diagram illustrating the performance of machine learning models in predicting Cq



Following the development of the black-box predictive models, Gene Expression Programming
(GEP) was employed using GeneXproTools software to derive explicit empirical equations based
on the governing dimensionless parameters. The GEP models developed for the entire dataset (Eq.
1), as well as for the 80% (Eq. 2) and 70% (Eq. 3) training-data scenarios, demonstrated satisfactory
predictive performance. For the 80% training scenario, the model achieved R2, RMSE, and MAE
values of 0.955, 0.106, and 0.055, respectively, whereas the corresponding values for the 70%
training scenario were 0.942, 0.084, and 0.061. Finally, an explicit predictive equation was
established by training the GEP algorithm using the complete dataset, thereby providing a
generalized empirical formulation for estimating the discharge coefficient.
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Conclusions

Rectangular broad-crested gabion weirs are extensively utilized in open channels, natural rivers,
and small- to medium-scale hydraulic structures owing to their reliable discharge measurement
capability, effective flow regulation, favorable energy dissipation characteristics, structural
stability, and environmental compatibility. In the present study, the predictive performance and
robustness of five regression-based machine learning models, namely Random Forest (RF),
Stacked Regression (SR), Support Vector Regression (SVR), and the advanced gradient-boosting
algorithms XGBoost and CatBoost, were systematically evaluated and compared under four data-
partitioning scenarios with training proportions of 50%, 60%, 70%, and 80% to predict the
discharge coefficient (C,;) of gabion weirs.

The results demonstrated that the size of the training dataset exerts a substantial influence on
model generalization capability, with the 80:20 training-to-testing ratio providing the most
effective framework for capturing the inherent nonlinear hydraulic flow behavior. Among the
investigated models, the gradient-boosting algorithms consistently outperformed the conventional
machine learning approaches in estimating the discharge coefficient. Notably, the XGBoost and
CatBoost models developed under the 80:20 data-partitioning scenario exhibited the highest
predictive accuracy and stability, with no evidence of overfitting, achieving the highest coefficients
of determination and superior overall predictive performance. Furthermore, the development of
explicit empirical equations using Gene Expression Programming (GEP) confirmed that the data-
partitioning strategy plays a critical role in determining the accuracy, reliability, and predictive
robustness of the resulting governing formulations.
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