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Extended abstract

Introduction

Simulating suspended sediment in hydrological systems has always been challenging due to inherent
complexities and uncertainties. This issue has led to the use of intelligent models such as Artificial Neural
Networks (ANNS) as a suitable approach for predicting suspended sediment load. Therefore, the use of
intelligent models like ANNs has expanded in this field. However, determining the optimal network
structure (including the number of neurons, layers, weights, and biases) is usually done through trial and
error, which is both time-consuming and inefficient. In this study, a multilayer perceptron neural network
was used to simulate the daily suspended sediment load in the Qarasu Sarab watershed (Quri Chay and Hir
Chai rivers) located in Ardabil province, Iran.

Materials and methods

In this research, an Artificial Neural Network (ANN) of the Multilayer Perceptron (MLP) type was utilized
to simulate the daily suspended sediment load in the Sarab Qareh Su watershed (including the Quri Chay
and Hir Chay rivers) in Ardabil province. The neural network models were trained not only whit the
conventional backpropagation algorithm but also using the Particle Swarm Optimization (PSO) algorithm
to optimize the weights and biases of the neurons. Furthermore, to increase the models' generalization
capability, a Self-Organizing Map (SOM) clustering was employed. In addition to the backpropagation
algorithm, the Particle Swarm Optimization (PSO) algorithm was also employed to optimize the network
weights and biases. Furthermore, to enhance the model's generalization power, SOM clustering was used.
The use of evolutionary algorithms such as PSO in training neural networks is an effective approach to
improve the accuracy of intelligent models, especially in simulating river suspended sediment and
applications related to water resources and watershed management structures.

Results and discussion

Using SOM clustering and the Davies-Bouldin index, the optimal number of clusters was determined as 12
for Koozeh Toupragi station and 15 for Hir Chai station. Statistical analysis and the Kolmogorov-Smirnov
(KS) test showed that data distributions across training, validation, and testing sets were similar, which
enhances the generalization capability of the models. Training the neural network models with PSO yielded
better performance and lower prediction errors compared to backpropagation. The ANN-PSO-Sig and
ANN-PSO-Tan models achieved the best results at Koozeh Toupragi and Hir Chai stations, respectively.
Bias analysis further confirmed that PSO-trained models had lower errors in total sediment load estimation.
Overall, results showed that PSO-based training outperforms pure backpropagation training. At Koozeh
Toupragi station, the hybrid ANN-PSO model with sigmoid activation function (ANN-PSO-Sig), and at
Hir-Hirchai Topraghi station, the hybrid model with hyperbolic tangent activation function (ANN-PSO-
Tan) were selected as optimal models, showing biases of +5.25% and -19.2% and RMSE values of 86.28
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and 89.2 tons per day, respectively. These findings demonstrate the improvement in suspended sediment
load prediction accuracy by using PSO in neural network training.

Conclusion

The use of the PSO metaheuristic algorithm in training neural network models improved their performance
in simulating suspended sediment load. This method outperformed gradient-based error algorithms and
provided more accurate weight optimization. The improved bias accuracy in PSO-trained models is crucial
for designing hydraulic structures and water resource management. Furthermore, SOM clustering helped
select homogeneous and representative datasets for model training, enhancing model generalizability.
Overall, considering the complexities and uncertainties in hydrological systems, employing intelligent
models combined with evolutionary optimization algorithms like PSO is an effective approach for
simulating and monitoring suspended sediment loads. The obtained results can be applied in planning and
implementing watershed engineering measures and water resource management.
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No Hydrometric station name Station code River name  Station rank . Station
establishment year

1 Koozeh Toupraqgi 059-19 Qorichay 3 1974

2 Hir Chai 093-19 Hir chai 3 1974
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Table 2. Statistical characteristics of hydrometric data at selected hydrometric stations during the 35-year statistical period

Hydrometry Station Hir Chai

Hydrometry Station Koozeh Toupragi

(249 Sample) (198 Sample)
Statistical properties Suspended Sediment Instantaneous Suspended Sediment Instantaneous
Discharge Discharge Discharge Discharge
(ton/day) (m¥/s) (ton/day) (m/s)
Maximum 75.10 221 1800.33 11.81
Minimum 0.00 0.00 0.00 0.00
Mean 3.32 0.25 73.99 1.32
Standard Deviation 7.91 0.26 226.94 2.31
Skewness 5.18 3.06 4.65 2.39
Coefficient of Variation 238.17 104.19 306.73 174.74
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Fig. 4. PSO algorithm flow chart (Yarkiani, 2010)

! Particle Swarm Optimization (PSO)
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Table 3. Statistical parameters of the three training, cross-validation, and testing data sets in the neural network model at the
selected stations under study
Statistical parameters

Model

Hydrometry . Coefficient of
- variables and Standard . - "
station name Mean L Maximum Minimum Skewness variation
data sets deviation
(percen)
Instantaneous discharge (Qw) (m®/s)
Training Set 1.38 2.37 11.81 0.00 2.25 171.93
Cross-
Validation 1.37 2.61 11.68 0.00 2.66 188.47
Set
Koozeh Test Set 0.98 1.62 6.37 0.00 2.04 166.17
Toupragi i i
Suspended Sediment Discharge (SSL) (ton/day)
Training Set 8.43 256.23 1800.23 0.00 4.28 296.5
Cross-
Validation 454 143.54 598.43 0.00 3.30 302.02
Set
Test Set 3.79 105.53 492.03 0.00 3.43 272.1
Instantaneous Discharge (Qwx) (m¥/s)
Training Set 0.25 0.27 221 0.00 341 106.54
Cross-
Validation 0.27 0.28 1.28 0.00 2.14 104.50
Set
Hir Chai Test Set 0.24 0.22 1.01 0.00 1.90 92.59
Suspended Sediment Discharge (SSL) (ton/day)
Training Set 3.08 8.00 75.1 0.00 6.02 259.32
Cross-
Validation 4.95 9.84 41.47 0.00 2.50 198.9
Set
Test Set 2.64 4.17 19.44 0.00 247 158.16
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Table 4. Results of the two-sample nonparametric KS test on the three training, cross-validation, and test sets at the hydrometric
stations under study

Statistical Parameters

Hydrometry

- Variables . Computational MATLAB index
station name Comparison sets P-value statistic Dc (or k) (h)
Training-Cross 0.97 0.10 0.00
Validation ' ' '
Instantaneous Training-Test 0.73 0.14 0.00
Discharge (QW) ¢ 55 validation and 0.66 0.19 0.00
Koozeh Toupragi Test . . .
prag Training-Cross 0.64 0.15 0.00
Suspended Validation ' ' '
Sediment Training-Test 0.85 0.12 0.00
Discharge (SSL)  Cross-Validation and 1.00 0.06 0.00
Test
Training-Cross 083 0.10 0.00
| Validation ' ' '
nstantaneous Training-Test 1.00 0.07 0.00
Discharge (QW) 55 validation and 0.73 0.15 0.00
Hir Chai Test ‘ . ‘
Training-Cross
Suspended Validation 0.46 0.14 0.00
Sediment Training-Test 0.91 0.10 0.00
Discharge (SSL)  Cross-Validation and 0.80 0.14 0.00

Test
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Table 5. Structure and evaluation results of different neural network models in estimating suspended sediment load of test data at
the hydrometric stations under study
Structure of the

Hydron’:;tgeStation Model Networl;ﬂ/ogg?ression ('t\lncﬁs) z}\gfyli (t/?igy) PBIAS
ANN-LM-Sig 1:6:1 12.00 31.76 32.96 1977

_ A’;'i’;‘PSO‘ 1:6:1 117 28.86 20.95 5.25

Koozeh Toupragi ANN-LM-Tan 1:6:1 11.75 3216 33.38 21.48
A?g'PSO' Le:1 11.00 3021 31.46 -6.30

ANN-LM-Sig 1:5:1 1.62 3.16 3.25 34.57

_— A';'ig"PSO' Ls1 158 2.94 3.02 9.16
ANN-LM-Tan 1:5:1 1.66 2.97 3.05 32.64

A'T\'a'\r']'PSO' Ls1 1.65 2.89 2.97 -2.19
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Table 6. Comparison of observed and estimated suspended sediment by different models during the test period at the hydrometric
stations under study

Total estimated suspended sediment load (t/day)

Hydrometry station Total observed suspended ANN-LM- ANN- ANN- ANN-
name sediment load (t/day) Sig PSO-Sig LM-Tan PSO-Tan
Koozeh Touprag 1086 871.21 1029 852.71 1154.46
PBIAS (percent) 19.77 5.25 21.48 -6.30
. . 100.24 65.58 91.05 67.52 102.44
Hir Chai

PBIAS (percent) 34.57 9.16 32.64 -2.19
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