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Abstract

Introduction: Suspended sediment load (SSL) is one of the complex hydrological phenomena,
and its prediction is difficult. This study uses the artificial neural network method to predict
suspended sediment load. Since the accuracy of artificial neural networks depends on their
parameters, the benefit of meta-heuristic algorithms can be effective in ‘¥acreasing their
performance. The case study is the catchment area of the Kosar Dam located in the soUtQwest of

Iran.

Methods: River discharge and rainfall were considered as inputs, ‘and featuses fof predicting
models. Five input compounds were selected. OTLBO and PSO meta-heuristic algorithms were
used to find the optimal ANN values, and ANN-OTLBO agd ANN:PSO prediction models were

developed. Predicting models were evaluated using different numegfical and visual indicators.

Findings: The results show that the ANN-OTEBO model provides higher prediction
performance than other models used in this study, Specifically, the ANN-OTLBO-M5 model
shows superior values (R=0.96358, RMSE=258.14, PBIAS=2.6752, and NSE=0.92674). Also,
based on the Scatter plot, Heat map, ane,BOx plotythe clesest predicted data to the observed data
belongs to the ANN-OTLBO-MS'model. 4

Conclusion: Among all ANN, ANN<OTLBO, and ANN-PSO models, the ANN-OTLBO model
has the best performance. The mentiofed model can accurately predict high, medium, and low
amounts of se@iment, Among allf"ANN, ANN-OTLBO, and ANN-PSO models, the ANN-
OTLBO model has the b%st performance. The mentioned model can accurately predict high,
medium, andew a\mounts of sediment. In addition, the combination of meta-heuristic algorithms

with artificial néural networks increases the accuracy of sediment prediction.
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Extended Abstract
Introduction

Despite the importance of suspended sediment load in water resources management issues, the
process of assessing suspended sediment load is very complex due to its dependence on
numerous hydrological and hydraulic variables. Various physical, numerical, and experimental
models have been used to predict SSL. These models have limitations such a8 complexity in
solving equations, dependence on different simplifying assumptions, the need™for high
knowledge and skill in application, and the availability of high-quality expesimental data.
Instead, the artificial neural network recognizes complex and noRslinear relationshipsbetween
input and output. Flexibility, simplicity, and pairing with different softwareare otherteatures of
artificial intelligence models. But artificial intelligence models;“such aSartificial neural networks
or support vector machines, must adjust their parameters Thereﬁre, in this research, the
suspended sediment load in the Kosar Dam watershed locateddn t?le southwest of Iran has been

estimated by combining meta-heuristic algorithms witheartificial neural networks.

Methods
The daily hydrological data of the catchmept, feluding the discharge, rainfall, and SSL recorded

from 1986 to 2015, are used fogpredictiomymodeling. Then all data are rescaled from x ¢ [a b] to
X' € [0 1], and their values are normaliZed. Inptit combinations by calculating the correlation
between SSL on the day of origin (t)%@nd input variables, including the river discharge (Qs) from
the day of origin (t) tothe previgus four days (t - 4) and the amount of precipitation (Rs and Rq)
from the day of OFiginy(t) {0 six days‘earlier (t - 6), they are obtained. As a result, using Pearson
correlation,analysis, five input combinations (M1 to M5) are accepted. Then PSO and OTLBO
optimization algorithms are combined with ANN, and two combined models ANN-OTLBO and
ANN-PSO, ‘aré developed. Hybrid models are executed until the training phase termination
criterion sisatisfied. In the testing phase, the developed models estimate the suspended sediment
load based on the best solution obtained (the best decision variables). Finally, ANN, ANN-
OTLBO, and ANN-PSO are evaluated with four criteria: Pearson correlation coefficient (R), root
mean square error (RMSE), percentage bias (PBIAS), and Nash-Sutcliffe efficiency (NSE).



Results:

According to the results, for the ANN-OTLBO model, the best performance is related to ANN-
OTLBO-M5 (NSE=0.92674, PBIAS=-2.6752, RMSE=258.14, R=0.96358). In the case of ANN-
PSO, the lowest (RMSE =371.1) and (PBIAS=-21.2667) and the highest (R=0.92476) and
(NSE= 0.84859) are observed in the ANN-PSO-M5 model. Regarding the ANN model, the best
performance of three indices belongs to the ANN-M5 model (NSE=0.7399,“RMSE=486.31,
R=0.88292), and the index belonging to the ANN-M4 model (PBIAS=34.5631). Therefare, in all
three methods, the input combination M5, which includes Rsw), Rdft), Qs), Rd-1), ahd Rst-1))is the
best combination for predicting SSLw. Therefore, the predictionymodels;»ANN-OTLBO-M5,
ANN-PSO-M5, and ANN-M5, are selected for further evaluation. The,Hedl map*s used as a
visual comparison tool to find the best model among all the"mgdelspintroduced in this study.
Based on the Heat map, ANN-OTLBO-M5 performs best in“hgth t\he?raining and testing stages.
Scatterplot charts have been used to investigate the performange of the models further. Based on
the R? values, the hybrid models are generally closert@ the best line than the ANN model. In
addition, ANN-OTLBO-M5 provides the highest'R? valugs in the training phase R? = 0.94522
and testing R? = 0.92849. A Box plot'is, used to evaluate‘the predicted data changes. Visually,
based on the shape of the predicted data, the ANN-OFLBO-M5 model is more similar to the
observed data and has the most negligib{e compared modifications to it. Based on the results,
combining artificial neural netwogks'with meta-heuristic algorithms has superior performance
compared to the artificial neural network method without combination. Also, search agents of the
OTLBO algoritam have the possthility of wider search in the search space, and as a result, the
performance of the ANNSOTLBO model is better than other models. ANN-OTLBO model can
obtain R index values'with very high accuracy. Therefore, the ANN-OTLBO model accurately
estimates the amOL}]ts of high and very high sediments. The sign of the PBIAS index is negative
in all thxee/models, which indicates the overestimation of the models compared to the sediment
observation data. The appropriate performance of the PBIAS index is estimated to be below
15%. Therefore, the ANN-OTLBO model is also accurate in estimating low sediment values.

Conculotion:

Based on the findings of this research, it can be concluded that, among all ANN models, ANN-

M5 has the highest performance. ANN-OTLBO-M5 has the best performance compared to other
4



ANN-OTLBO models, and ANN-PSO-M5 is the best model among all ANN-PSO models.
Among the models with the highest performance, ANN-OTLBO-M5 has the highest
performance in both the testing and training phases. The predicted data of the hybrid models are
closer to the observed data than the ANN model's output data. Furthermore, ANN-OTLBO-M5

is the closest predicted model to the observed data.
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