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Extended abstract

Introduction

Accurate modeling of suspended sediment transported by rivers is of great importance in environmental engineering
and water resource management, as it directly influences the design, planning, operation, and management of water
systems. Moreover, suspended sediment modeling is critical because it significantly affects reservoir capacity, dam
operation, water quality, and pollutant transport. However, estimating suspended sediment remains a challenging
task for hydrology engineers due to the complex and non-linear interactions between sediment dynamics, watershed
geomorphology, and water flow. Suspended sediment transport in rivers is governed by a combination of
meteorological and hydrological parameters, making it a complex process to model accurately. In recent years, the
non-linear nature of hydrological phenomena, including sediment transport, has led to the increased use of artificial
intelligence models. In this research, hybrid models—including Support Vector Regression—Wavelet, Support Vector
Regression-Whale Optimization, and Support Vector Regression—Particle Swarm Optimization—were employed to
estimate suspended sediment in the Babolrood River, located in Mazandaran Province along the Caspian Sea coast.

Materials and Methods

In this study, the required data were obtained from the Regional Water Company of Mazandaran Province. The
Babolrood hydrometric station was selected because it is located in the Caspian Sea coastal area, has no missing data,
and offers a long-term statistical record. The parameters used include river discharge and sediment levels from 2002
to 2022 (Iranian calendar). Of this data, 80 percent (2002-2018) was used for training, and 20 percent (2018-2022)
was used for testing. To model the suspended sediment levels of the Caspian Sea coasts, the data were first normalized
and then input into the model. To construct the hybrid model, the tuning parameters of the kernel functions of the
Support Vector Regression (SVR) model were estimated using meta-heuristic algorithms, including Wavelet, Whale,
and Particle Swarm Optimization. These parameters were then entered into the SVR model, forming the structure of
the hybrid model. The input data were subsequently entered into the hybrid model, and the optimization process of
the tuning parameters continued until the model error reached the lowest possible level.

Results

To model the suspended sediment load of the Babolrood River, a Support Vector Regression (SVR) model was used
with Wavelet, Whale, and Particle Swarm Optimization algorithms. The results showed that the hybrid models,
particularly in the scenario that included all input parameters, performed better than other scenarios. Therefore,
increasing the number of effective parameters in artificial neural network-based hybrid models leads to enhanced
model performance. Additionally, all models showed better accuracy when using the radial basis kernel function.
According to the evaluation criteria, the Support Vector Regression-Wavelet model, in the combined scenario that
included all input parameters, demonstrated the best performance during the validation stage. It achieved the highest
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correlation coefficient of 0.962, the lowest root mean square error of 0.344 (ton/day), the lowest mean absolute error
of 0.158 (ton/day), and the highest Nash-Sutcliffe efficiency coefficient of 0.970.

Conclusion
The research results, based on the evaluation of scenarios consisting of input parameters, showed that in all the
models studied, increasing the number of effective parameters led to better performance in estimating river sediment
levels. Additionally, the evaluation criteria indicated that the Support Vector Regression-Wavelet model exhibited
high accuracy and negligible error. The investigated graphs also showed that the Support VVector Regression-Wavelet
model estimated the river's suspended sediment values close to their actual values, as evident in the box plot and
Taylor diagrams. Overall, the results of this research suggest that artificial intelligence models based on the Support
Vector Regression approach can be used to estimate sediment discharge over 30 years of statistical data for other
regions of the country, serving as a step toward making informed management decisions.
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Table 3. Performance of the investigated models in estimating groundwater level
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sl

Testing Training P e
NS MAE RMSE NS MAE RMSE R Senario Model
(ton/day) (ton/day) (ton/day) (ton/day)
0.925 0.211 0.401 0.910 0.298 0.532 0.900 1
0.935 0.195 0.388 0.925 0.277 0.511 0.920 2 WSVR
0.950 0.178 0.369 0.940 0.252 0.486 0.936 3
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0.970 0.158 0.344 0.962 0.955 0.234 0.463 0.945 5
0.910 0.229 0.431 0.904 0.900 0.324 0.547 0.893 1
0.920 0.218 0.417 0.910 0.905 0.307 0.532 0.900 2
0.930 0.208 0.405 0.925 0.915 0.287 0.510 0.908 3 WOA-SVR
0.945 0.195 0.392 0.940 0.920 0.266 0.497 0.914 4
0.950 0.180 0.377 0.947 0.935 0.252 0.487 0.920 5
0.880 0.317 0.574 0.877 0.870 0.342 0.637 0.850 1
0.890 0.304 0.556 0.886 0.880 0.321 0.625 0 2
0.900 0.293 0.532 0.895 0.890 0.307 0.614 0 3 PSO-SVR
0.910 0.274 0.518 0.902 0.900 0.292 0.592 0.891 4
0.937 0.258 0.492 0.925 0.910 0.278 0.573 0.900
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Figure 4. Time series graph of the models under the investigation
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