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FORECASTING OF SUSPENDED SEDIMENT IN RIVER USING 

ARTIFICIAL INTELLIGENCE METHODS 
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ABSTRACT. Forecasting of Suspended Sediment in River Using Artificial 
Intelligence Methods. Accurate estimation of the amount of suspended sediment in the 
river is important for protecting and managing water structures. By accurately estimating 
the amount of suspended matter in streams, important information is obtained by 
determining the life of water structures, water pollution, and river transportation. In this 
study, the West Branch Neversink River near Claryville, USA, was chosen as the study 
area. 567 real-daily data measured between 2021-2023 were used as the study data. As 
input parameters of the model; air temperature, precipitation, stream flow and turbidity 
were selected and sediment amount was estimated. Multi Linear Regression (MLR), M5 
Decision Tree (M5 Tree) and Artificial Neural Network (ANN) models were used in 
sediment estimation. Model results were evaluated according to statistical criteria. As a 
result, ANN model showed best performance.  

Keywords: Prediction, M5 Decision Tree, Suspended sediment modeling, Fuzzy, 
Regression, Artificial neural networks 

 
 

INTRODUCTION 
In planning and designing structures built on streams, accurate estimation of the 

amount of sediment carried in rivers is very important in terms of engineering and 
planning of water structures. The amount of sediment  in streams reduces the life of 
facilities built on streams and also damages stream transportation and agricultural 
areas. Although determining sediment directly from streams by measurement 
method is the most reliable method, it is a time-consuming and expensive method. 
In addition, although the solid matter flow rate of streams is measured from many 
observation stations, solid matter measurement is not performed due to both cost and 
time-consuming and measurement difficulty. In addition, solid matter observation 
and measurement cannot be made in rivers in case of natural disasters such as floods 
and inundations. In recent years, studies on solid matter estimation in rivers have 
been increasing rapidly. Rajaee et al. (2009) tried to calculate daily solids 
concentration using Fuzzy Logic (FL), Artificial Neural Networks (ANN), Multiple 
Linear Regression (MLR) and Solids Keying Curve (SLCC) methods using data 
from Little Black River and Salt River stations in the USA. They used river 
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discharge, time-shifted river discharge and solids concentration amount for FL and 
ANN models. They showed that the results estimated by ANN were better than the 
classical methods. Mirbagheri et al. (2010) evaluated the performance of Solids 
Keying Curve (SLCC), Artificial Neural Networks (ANN) and fuzzy rule-based 
models in estimating solids concentration in rivers using coefficient of determination 
and compared the results and showed that the fuzzy rule-based model gave better 
results for estimating solids concentration. Firat and Gungor (2010) tried to estimate 
the amount of solid matter using monthly measured flow rate data at 3 different 
stations in the Greater Menderes River in Turkey. They used Artificial Neural 
Networks (ANN), Multiple Linear Regression (MLR) and Fuzzy Logic (FL) 
methods for solid matter estimation. When the model results were evaluated, they 
stated that the FL approach showed high performance. Mianaei and Keshavarzi 
(2010) used daily flow rate and solid matter flow rate measurements in the Escanaba 
River. In this study, they compared the results of Fuzzy Logic algorithms and Solid 
Matter Keying Curve (SMC) and observed that solid matter estimations generated 
with the Fuzzy Logic algorithm gave better results than the others. Vafakhah (2013) 
used precipitation and flow rate data from the Kojor basin near the Caspian Sea in 
Iran for solid matter estimation. In their study, they studied 776 days of data from 
2007 to 2010. Kisi and Zounemat (2016) conducted a study to estimate the amount 
of solids in two stations on the Muddy River in the USA. They used daily stream 
flow and solids concentration data in the study. They compared Artificial Neural 
Networks (ANN), Adaptive Neuro Fuzzy Inference System (ANFIS), Solids Keying 
Curve (SMCP) and Clustered Neuro-Fuzzy (CNF) models. They found that the KNF 
method gave better results in estimating solids in rivers. Shameei and Kaedi (2016) 
investigated the performance of Linear Genetic Programming (LGP) and Neuro 
Fuzzy (NB) methods for estimating the amount of solids measured at Rio Valenciano 
and Quebrada Blanca stations in the USA and found that both methods gave suitable 
results. In addition, artificial intelligence methods are widely used in studies in many 
fields of hydrology (Unes et al. 2018; Demirci et al. 2017 ; Demirci et al. 2018; Unes 
et al. 2019; Unes et al. 2020). 

In this study, Multi Linear Regression (MLR), M5 Decision Tree (M5 Tree) and 
Artificial Neural Network (ANN) models were developed for suspended sediment 
estimation by using the flow, precipitation and water temperature data of West 
Branch Neversink River at Claryville, USA between the years 2021-2023 as input 
parameters. In addition, model results were compared with each other. 
 

METHODOLOGY 
Study area 
In this study, 567 daily meteorological data belonging to station 01434498 on 

West Branch Neversink River at Claryville, USA, between the years 2021-2023 were 
used. In the study, 75% of all data were allocated for training and 25% for testing. 
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425 days of data were used for training and 142 days of measurement data were used 
for testing. In these model applications, the average daily flow rate (Q), Precipitation 
(P) and water temperature (T) obtained from the United States Geological Survey 
(USGS) were used to estimate the amount of suspended sediment (S).  

 

 
Figure 1. Location of study area 

 
Multi Linear Regression (MLR) 
One technique for modeling the link between several independent factors and 

dependent variables is multiple linear regression. By producing a linear equation, it 
conveys the relationship between the independent and dependent variables. The 
coefficient of the independent variables plus a constant number make up this 
equation. The output of the equation allows us to estimate the dependent 
variable.(Equation 1) 

𝒚𝒚𝟎𝟎 = 𝜷𝜷𝟎𝟎 + 𝜷𝜷𝟏𝟏𝒙𝒙𝟏𝟏 + 𝜷𝜷𝟐𝟐𝒙𝒙𝟐𝟐 + ⋯+ 𝜷𝜷𝒏𝒏𝒙𝒙𝒏𝒏                                            (1) 
The dependent variable in this equation is denoted by "y0," the independent 

variables by " x1,x2,x3……in," the independent regression coefficient by "𝛽𝛽1, 𝛽𝛽2, 
𝛽𝛽3...𝛽𝛽n," and the intercept by "𝛽𝛽0." 

 
Artificial Neural Network (ANN) 
Human brain cells are represented by a computational model called an artificial 

neural network (ANN). In terms of prediction capacity, it performs better than other 
traditional regression models. Layers make up an ANN model. The input layers 
receive the starting data. Weighted connections and activation functions are used by 
hidden layers to process inputs. The final product is produced by the output layer.  
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 M5 Decision Tree (M5 Tree)  
The M5 Tree was first proposed by Quinlan (1992). This method provides the 

estimated value of the dependent variable in a timely, useful, and understandable 
manner. This paradigm of logic is adaptable. It acts as a guide for dealing with 
missing values and numerical data. It produces understandable, extremely precise 
outputs at very high rates and functions relatively quickly. This situation can be 
explained by decision tree learning's robust and flexible operation, which can 
manage the demands of real-world data sets. The M5T technique creates a regression 
series by repeatedly dividing the sample space with tests on a single feature that 
maximizes the variance in the target space. There are two types of decision trees: 

(1) A classification tree is the most widely used symbolic class for estimating the 
value of a numerical property.  

(2) Prediction using regression trees (Witten and Frank, 2002). The standard 
deviation reduction (SDR) can be calculated mathematically using Equation 2. 

 

                         (2) 

 
RESULTS AND DISCUSSIONS 
The following statistical criteria were used in this work to compare the MLR, 

ANN and M5 Tree approaches. The data used in the models in this study came from 
the United States Geological Survey (USGS). The variables used in the estimating 
models were precipitation height (P, cm), streamflow (Q, m3/s), and water 
temperature (T). 

The data used was the daily variance in the Neversink River at Claryville between 
2021 and 2023.  
Each model was examined and contrasted using statistical metrics such the 
correlation coefficient (R), mean absolute error (MAE), and root mean square error 
(RMSE). Table 1 provides the MAE, RMSE, and R values for the ANN, MLR, and 
M5 Tree. 

 
Table 1. Comparison of Models 

Model Model Inputs MAE 
(m) 

RMSE 
(m) R 

MLR Q(t), T(t) and P(t) 4.78 7.23 0.776 
M5 Tree Q(t), T(t) and P(t) 2.94 4.01 0.862 
ANN Q(t), T(t) and P(t) 2.79 4.31 0.898 

 



105 

MLR model's performance is shown in Figure 2. The distribution and scatter 
graphs show a poor connection between the estimated and observed values. The 
analysis of Table 1's MAE, RMSE, and R (4.78, 7.23, and 0.776) revealed that, in 
comparison to other models, MLR models did the worst. The scatter and distribution 
graphs of the M5 Tree models are shown in Figure 3. When the distribution and 
scatter patterns are examined, the computed values closely resemble the actual 
values. Table 1 shows the benchmark values for MAE, RMSE and R (2.79, 4.31, 
0.859),  M5 Tree models outperformed MLR models, however, they did marginally 
worse than ANN models. When considering the ANN models, Figure 4 demonstrates 
that the determination coefficient is high and the dam lake level estimates are fairly 
close to the actual data. The ANN model outperformed the other models and had low 
error and strong correlation based on the MAE, RMSE, and R (2.94, 4.01, and 0.889) 
criteria listed in Table 1. 

 

 
 

Figure 2.  MLR model (a)distribution and (b) scatter charts. 
 

 

Figure 3.  M5 Tree  model (a)distribution and (b) scatter charts. 
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Figure 4. ANN  model (a)distribution and (b) scatter charts. 

 
CONCLUSION 
In this study, the suspended sediment of the West Branch Neversink River at 

Claryville, USA were estimated using the Multi Linear Regression (MLR), Artificial 
Neural Network (ANN), and M5 Decision Tree (M5T) models. Model inputs 
included discharge parameters, precipitation and water temperature.  

In terms of suspended sediment prediction in rivers, ANN models perform better 
than any other model due to their strong correlation coefficient (R) and low error 
ratios (RMSE, MAE). Out of all the models. The MLR models did the worst in 
predicting the suspended sediment estimation in river. M5 Tree models outperform 
MLR models in terms of performance. However, comparisons indicate that solutions 
from the ANN model may provide a more accurate representation of the observed 
data.  

Artificial intelligence systems outperform traditional methods in this study for 
suspended sediment prediction because their structure takes into account the non-
linear dynamics of the problem throughout the complete data set. 
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