Daily sediment yield prediction using hybrid machine
learning approach

ABSTRACT

In this study, four different soft computing Al techniques were tested for the prediction of sediment yield
based on hydro-meteorological variables at Jondhara station, Seonath stream in Rajnandgaon district,
India. In order to fulfill this purpose, the models namely, multilayer perceptron (MLP), support vector
machine (SVM), multilayer perceptron coupled with genetic algorithm (MLP-GA), and support vector
machine coupled with genetic algorithm (SVM-GA) models were employed. To select the optimal input
variables, a statistical method such as the Gamma test was considered among several methods. Based
on the results of the analysis, all models were evaluated by using the following statistical indices:
Coefficient of Correlation (CC), room mean square error (RMSE) and percent bias (PBAIS). Overall, the
performance of the studied models indicates that all of them are capable of simulation sediments yield at
Jondhara station, Seonath river basin in a satisfactory manner. Comparison of results showed that the
MLP-GA with CC = 0.988, RMSE = 0.006 and PBIAS = 0.000 in training period and CC= 0.990, RMSE =
0.007 and PBIAS = 0.000 in testing period for S-6 model and CC = 0.986, RMSE = 0.025 and PBIAS = -
0.001 in training period and CC = 0.988, RMSE = 0.029 and PBIAS = -0.001 in testing period for S-13
model were able to yield better results than the other models considered. Furthermore, an SVM model is
also observed to have some advantages over MLP models and SVM-GA models since it can represent
the output data in a continuous manner by fitting a linear regression function to the output data, which has
the advantage of making the model more precise than MLP and SVM-GA models.

Keywords: Stage—discharge—sediment modeling, Gamma test, MLP, SVM, Genetic Algorithm, Sediment
Yield, Seonath stream.

1. INTRODUCTION

To manage water resources effectively, it is necessary to understand sediment transport and to predict
the quantity of sediment transported/yield. For sustainable agriculture and the environment, soil erosion is
a major problem that needs to be addressed. The presence of event-based sediment loads is an
important element of our ability to plan and manage protection for river systems, regardless of the
contaminants in the rivers, or the ecosystems within them. We need to be able to make accurate
predictions of the magnitude and variability of these loads.

The problem has been studied in a number of ways in an attempt to reduce the complexity of the
problem. To accomplish this, several practical techniques have been developed that do not require an
extensive knowledge of algorithms and theory in order to solve it. As a result, it is widely known that
classical models such as multilinear regression (MLR) and sediment rating curves (SRC) could be used
for model development of suspended sediments according to classical equations[1, 2]. In McBean and Al-
Nassri [3], the authors claimed that linking streamflow records to the sediment concentration (SRC)
method could bring about uncertainty, so they proposed developing regression-based models for
estimating sediment concentration from streamflow records in order to eliminate this uncertainty.
Meanwhile, due to the hysteresis effect, the relationship between sediment concentration and streamflow,
as described by Lopes and Ffolliott [4], is very complex when it comes to sediment concentration and
streamflow.

A heuristic learning approach has also been utilized for simulating the sediment yield that has been
successful in simulating real-life environmental data[5-10].A new study by Kisi et al. [11] used statistical
properties such as cross-correlations, auto-correlations and partial auto-correlations of the data series to
identify an input vector that is unique to the ANN and is one that represents the sediment estimation
process in a basin to the greatest extent possible. Stream discharge and sediment yield data from the
stations Quebrada Blanca and Rio Valenciano in the United States were used to evaluate the method.




For time series modelling of suspended sediment concentration (SSC) in rivers[12], Rajaee et al.[13]have
used artificial neural networks (ANNSs), neuro-fuzzy models (NF), multi-linear regression models (MLRS),
and conventional sediment rating curves (SRCs) models. In order to train these models, daily flood
discharge data and SSC data from gauging stations along the Little Black River and Salt River in the USA
were used. The results obtained by using ANN and NF models are consistent with the observed SSC
values; however, they represent better results than those obtained by using MLR and SRC models. Singh
et al. [14] used two hybrid machine learning, a combination of GA with Multilayer Perceptron (MLP-GA)
and Support Vector Machine (SVM-GA). A comparison of the performances of four machine learning
algorithms was performed on different sets of predictors using four different algorithms. The predictor
combination containing sand, clay, Field Capacity, and Wilting Point gave the best accuracy out of all the
machine learning models. Out of all the ML algorithms, the SVM-GA algorithm performed the best. There
was a higher efficiency demonstrated by the SVM-GA algorithm than the MLP-GA algorithm.

Ibrahim et al. [15], stating that Artificial Intelligence (Al) appears to be the most effective alternative
solution because of the dramatic increase in the development and development of artificial intelligence
models for forecasting and modeling unstable patterns in hydrological fields over the past three decades.
Despite this, Al models require optimization in tandem to contribute to achieving the best results. This
therefore leads to the desire for hybrid models to be created by combining Al models with optimization
techniques to achieve the best results. According to this comprehensive study, machine learning can be
categorized into three different types, along with the optimization techniques that are most commonly
implemented, and then we will investigate the different types of Al models used for different hydrology
fields as well as the most frequently used optimization methods.

On the other hand, when compared to the hybrid multilayer perceptron model, the hybrid multilayer
perceptron model performs relatively poorly.Heddam et al. [16]investigated the utility and capabilities of
four different artificial intelligence models for the purpose of assessing their effectiveness. According to
the results of the Al models, there is a strong and useful basis for predicting pigment concentrations by
utilizing simple and well-defined indicators of water quality as variables for forecasting pigment
concentrations. As a study was carried out by Ozgeret al. [17], both SVM models and MLP models were
used to predict drought, and it was also compared whether the empirical decomposition method and the
different wavelet networks could be utilized to predict drought more effectively.Sayariet al. [18] evaluated
five artificial intelligence and hybrid Al algorithms to predict water infiltration. Comparing hybrid Al models
with conventional Al models, he found that hybrid Al models were more efficient than conventional Al
models.

Based on review of artificial intelligence's potential applications in a wide range of fields, we concluded
that MLP, SVM, and hybrid models that combine these with genetic algorithms can be used to develop
novel prediction models using artificial intelligence. In order to develop a new approach for forecasting
daily sediment yield, an advanced approach needs to be developed.Hence, our hypothesis was to
develop a novel hybrid model for the develop stage-discharge models and discharge-sediment models as
well as Sediment yield modeling under changing climate for Seonath basin based on MLP, SVM, MLP-
GA, and SVM-GA models. Moreover, the gamma test was also used to develop superior input/output
combinations.

2. MATERIAL AND METHODS

2.1 Study Area Description and Collection of Data

Seonath River originates near Panabaras village in the Rajnandgaon District Chhattisgarh India. Basin is
located between latitude 20° 16' N to 22° 41' N & Longitude 80° 25' E to 82°35' E (Fig. 1.). The basin area
of the river up to its confluence with the Mahanadi River covers an area of 30,860 square kilometers. This
river traverses a length of 380 kilometers during its journey. Its main tributaries include Kharun, Arpa,
Hamp, Agar, and Maniyari Rivers. There is a wide variation in the amount of mean average rainfall
received in the basin each year, ranging from 1005 mm to 1255 mm. The data is collected from Seonath
sream at Jondhara station in Bilaspur district.
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Fig. 1. Study Area

The details of data used in model are given Table 1. The details of the study's methodology are explained

in Fig. 2. The measurement were performed by institutions and daily sediment yield were collected by the
institutions.

Table 1.List of hydrological gauge stations in Seonath Basin
Station  District Latitude Longitude Stream Data Available
Jondhara Bilaspur 21°42'47" 82°21'30" Seonath 2000-2020

Typeof Site
GDSQ
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2.2 Artificial intelligence models

2.2.1 Multilayer perceptron neural networks (MLP)

A neural network consists of layers of neurons arranged in parallel [19].Neurons are located in the hidden
layers of an ANN, which is composed of an input layer, a hidden layer, and an output layer. During the
training phase, neurons are connected by weights to neurons in subsequent layers. There are two
activation functions that can be used in order to analyse the features present in the input data. These are
sigmoid activation functions and linear activation functions. These two functions are commonly used in
the hidden, layer as well as output layer [20, 21]. A multilayer perceptron with a back propagation
algorithm is considered to be the most common and popular kind of network, which will be the subject of
this study. A number of prediction problems have been successfully tackled with the help of the
backpropagation training algorithm [22—24]. Ghorbani et al. [25] elaborated more details about the MLP
method.

2.2.2Support vector machine (SVM)

The support-vector machine (SVM, also known as the support-vector network) is a programming model
for supervised learning which consists of an associated learning algorithm to analyze the data in order to
make classifications and regressions This technique was developed with his colleagues at AT&T Bell
Laboratories by Vladimir Vapnik [26, 27]. SVMs can be considered to be one of the most reliable methods
for predicting outcomes, since they are based on statistical learning frameworks or on the V-C theory
proposed by Cortes and Vapnik [28]. As a result of a set of training examples that have each been
marked as belonging to a specific category, the SVM training algorithm builds a model by assigning each
new example to one of the two categories based on the mark on the training examples. It is therefore a
non-probabilistic binary linear classifier (although methods like Platt scaling exist for implementing SVM in
a probabilistic classification environment). This method of machine learning maps the training examples
to points in space in such a manner as to increase the width of the gap between the two categories. After
mapping the new examples into this space, the predictions are made to determine whether they belong to
a specific category based on the side of the gap from which they come [29].

2.2.3 Hybrid artificial intelligence Algorithm Based on GA

GAs are stochastic optimization methods that don't require the use derivatives and are encouraged by
natural assortment in the fields of genomics and evolution in biology. In many ways, it is finest to other
optimization methods in terms of performance. In terms of continuous and discrete optimization, this
method can be used to solve problems in both areas. Unlike the artificial intelligence method, the GA



method is less likely to cause the user to get stuck in local least than the Al method. The computational
model is based on a population-inspired approach. This is a population genetics-inspired algorithm for
learning how to learn new things. Traditionally, it has been used primarily as an optimization function and
that has been found to be a valuable global optimization method, particularly for multi-model and non-
continuous processes that require global optimization. An overview of the suggested hybrid algorithms
can be seen in Figures 3a and 3b which show a schematic representation of them. Figure 3 shows how
the programs/algorithms is executed. The proposed model proposes a hybrid Al (MLP and SVM) learning
technigue using the GA tool to optimise the hyperparameters of the network through integration with
artificial intelligence. A chromosome of hyperparameters is encoded on an encoding matrix that allows
the GA to tune each hyperparameter on the network. In the final step of the process, as a consequence of
the GA procedure, the Al technique is used to train the network. All the Al models were sun in MATLAB v.
2018b.
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Fig. 3. Flow diagram of hybrid MLP-GA and SVM-GA algorithms

2.3 Model development

To predict the daily sediment yield, it is a complex procedure, which is dependent on various parameters
such as rainfall behavior, runoff, soil properties, and vegetative cover, etc. It is also dependent on a
particular time lag for the purposes of modelling. Thus, for the purpose of developing sediment yield
prediction models, different combinations of runoff and sediment yield were combined.

Qij = f(Qijy Qi j—1, Qi j=2s v voe o Qi j—ms St j—1Sij=2Si j—20 e+ Si j—m) 1)

where, Q,; is the runoff for j"" day of the i year, S; is the sediment concentration for j"" day of the i year
and m standards for time lag which is taken as three in present study. Hence, different combinations of
runoff and sediment concentration need to be considered when developing sediment concentration
prediction models. Various input variables were employed to effectively predict the daily sediment yield
presented in Table 2 in accordance with the significant correlation between the inputs and output.

Table 2. Combination of input- output variable

Model Output Inputs variable

S-1 St Qe Qez, Qeay Qea Qus, Ry Rety Rea, Resy Reas Res
8_2 St Qt—la Qt—21 Qt—31 Qt—41Rt1 Rt—la Rt—21 Rt—Sa Rt—4

8_3 St Qt—la Qt—21 Qt—31Rt1 Rt—la Rt—21 Rt—S

S-4 St Q1 Qe2,Re Rea, Ria, Ris

8_5 St Qt-l! Qt-ZiRti Rt—ll Rl—Z




8_6 St Qt-lv Qt-2’ Q'[—31R'[i Rt-l

8_7 St Qt-l; Qt-21 Qt-31Rt

S-8 St Qe1.Ry Ria

S_g St Qt-l; Rt, Rt-lv Rt-2

S_lo St Qt-l; Rt, Rt-lv Rt-21 Rt-3

S_ll St Qt1 Qt-l’ Qt—Zi Qt—3i Qt—41 Qt—51 St—la St—Za St—31 St—41 St—5
S-12 & Qu Qr1, Qiz, Qrar Sty Stz Ses

S-13 & Qu Qi1 Qe2 Sty Stzy Ses

S-14 5 Qu Qr1, Qr2 Stas Stz

S-15 & Qu Qu1, Qrz, Qrar St

Where S,, Q; and R, = Present day sediment yield (mg/L), discharge (m®/sec) and rainfall (mm).

2.4 Best input Variable selection: Gamma Test (GT)

In any hydrological environment, there are many complex, dynamic, and non-uniform processes occurring
constantly. A Gamma test establishes an impartial and multi-objective way of determining each input
parameter's significant potential. Scholars use a tedious and time-consuming trial-and-error method to
determine the ideal input combination [30, 31]. Therefore, to resolve this problem, a novel approach
Gamma Test, is used to evaluate the ideal input variables in a data set, introduced by Stefansson et al.
[32]. It is competent enough to create a trustworthy and smooth model. The gamma test can be used to
determine whether a continuous, nonlinear model has the least possible standard error for each set of
input-output data by examining its variance. [6, 33—39]. The two-gamma test statistic, gamma value (I')
and V-ratio, are used to select the number of input variables. The relationship between the inputs (x) and
output (y) variables is determined by Eq. (2):

y=Gx+T (2)

Where, G and I denote the gradient and intercept of the line of regression (x = 0), y describes the output.
Another indicator, i.e., V-ratio (VR):
r 3)

" o2(y)

Here, ' = gamma function, and oz(y) = output variance. All combinations of inputs could be tested using
the Gamma test in order to discover the input combination with the lowest absolute Gamma value. When
m scalar inputs are present, there are 2m - 1 possible combinations. We can produce a superior
mathematical model if the gamma, standard error, and V-ratio are below zero; when the values of
gamma, standard error, and V-ratio are lower, we have a higher chance of model consistency. Input
pairings were selected from those that had the lowest gamma, standard error, and V-ratio values [1, 14,
31, 34, 40].

2.5 Selection of Input variable

The selection of the optimal input variables is a crucial stage in modeling for the best result of the chosen
models. Various input combinations of sediment yield (mg/L), discharge (mS/sec) and rainfall (mm) with
multi lag were used to determine the best input combination for present day sediment yield prediction.
Table 3 lists the values of the two gamma test indicators mask, gamma value along with the standard
error for each input pairings for Jondhara station for present day sediment yield. The lower gamma test
statistics show that an input combination performs better. Out of 20 feasible combinations, for prediction
of present-day sediment yield at Jondhara station, S-6 (Q1, Qt2, Qi3,Ri, Ri1) and S-13 (Qy, Qi1, Qta, St1,
St2, St.3) input combination was selected.

Table 3. Selection of Input variable based on Gamma Test

VR

: Jondhara
Model Input variable Gamma SE
S-1 St 0.6041 0.0612
S-2 St 0.6276 0.0597
S-3 St 0.6256 0.0592

S-4 St 0.5378 0.0608




S-5 S 0.6048 0.0588

S-6 St 0.5207 0.0580
S-7 St 0.5529 0.0603
S-8 St 0.6105 0.0600
S-9 St 0.5619 0.0595
S-10 St 0.5607 0.0598
S-11 St 0.5322 0.0550
S-12 St 0.5927 0.0590
S-13 St 0.4030 0.0481
S-14 St 0.5079 0.0552
S-15 St 0.5326 0.0503
S-16 St 0.6032 0.0490
S-17 St 0.5679 0.0547
S-18 St 0.5650 0.0601
S-19 St 0.5916 0.0594
S-20 St 0.5905 0.0593

2.6 Model performance evaluation

For predicting the daily stream discharge and sediment of the Jondhara, Ghatora and Simga station, the
developed models were evaluated qualitatively and quantitatively. A qualitative evaluation of the models
was conducted by comparing predicted and observed daily runoff for the years 2000 and 20022 in order
to assess their qualitative performance. In order to evaluate the quantitative performance of the model,
statistical and hydrological indices like correlation coefficient (CC), root mean square error (RMSE) and
percent bias (PBIAS) were estimated. For this study, the acceptable threshold for correlation coefficient
(CC) is 0.9 and above. A model between 0.8 and 0.9 is considered to be good, and one below 0.8 is
regarded as unsatisfactory. For PBIAS, between O to 10 is considered to be very good, 10 to 15 is
considered to be good, 15 to 25 is considered to be fair and more than 25 is regarded as unsatisfactory or
inadequate. A better and excellence model is one that has the minimum value of root mean square error
(RMSE) and percent bias (PBIAS) and higher values of coefficients of correlation (CC) [41-46].

Zl ) (St?bs Sthbs) (Stf‘re _ Stfre)
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bs is an observed or actual value of sediment yield,

< Obs

Where, all parameters are indicated as follows: St

S Pre < Pre

is simulated or forecasted value of sediment yield, S ™ and S, ™ are the mean value of observed or

actual and simulated or forecasted samples of sediment yield, respectively and N is the total number of
data points.

3. RESULTS AND DISCUSSION

Daily sediment yield prediction models using different Al technique such as MLP, SVM, MLP-GA and
SVM-GA models were developed using above best input combination i.e., S-6 and S-13 model. The daily
rainfall and runoff data of 22 years (2000 to 2022) was used for model development. Eleven years data
(2002-2012) were used for training and remaining eight years data (2013-2020) were used for testing of
developed models.



The well-established Artificial Intelligence predictive models (i.e., the MLP, SVM, MLP-GA and SVM-GA
models) are evaluated numerically through several performance statistics that are acceptable norms in
hydrological research community. Table 4 tabulates the performance assessment in the training and
testing phase of daily sediment yield modeling. The best input combinations for the MLP, SVM, MLP-GA
and SVM-GA are designated as (Model S-6, and Model S-13), in their order of the best to the worst
performance. For S-6 model, the best fit-of-goodness metrics including CC, RMSE, and PBIAS values,
were found 0.983, 0.044 (mg/L) and -0.001 (%) for the MLP with 3-51-1 Architecture, 0.991, 0.117 (mg/L)
and -0.003 (%) for SVM model with Cast: 15 & Gamma: 0.20 Architecture, 0.988, 0.006 (mg/L) and 0.000
(%) for MLP-GA model with 3-24-1 Architecture, and 1.000, 0.100 (mg/L), and -0.003 (%) for SVM-GA
model with Cast: 19 & Gamma: 0.25 Architecture, respectively for training period which is very reliable
and accurately. For testing period, CC, RMSE, and PBIAS values, were found 0.986, 0.051 (mg/L) and -
0.002 (%) for the MLP, 0.990, 0.137 (mg/L) and -0.005 (%) for SVM, 0.990, 0.007 (mg/L) and 0.000 (%)
for MLP-GA, and 0.999, 0.118 (mg/L) and -0.005 (%) for SVM-GA model, respectively which is very
reliable and accurately and closely fitted to observed value.

Table 4. Results of Sediment yield modelling at Jondhara

. . Training Testing
Input  Algorithms  Architecture cC RMSE  PBIAS CC RVSE _ PBIAS
MLP 3-51-1 0.983 0.044 -0.001 0.986 0.051 -0.002
S-6 SVM Cast: 15, Gamma: 0.20 0.991  0.117 -0.003  0.990 0.137 -0.005
MLP-GA 3-24-1 0.988 0.006  0.000 0.990 0.007 0.000
SVM-GA Cast: 19, Gamma: 0.25 1.000  0.100 -0.003  0.999 0.118 -0.005
MLP 5-29-1 0.935  0.050 -0.001 0.974  0.097 -0.004
S-13 SVM Cast: 27, Gamma: 0.20 0.989  0.217 -0.006 0.994  0.078 -0.003
MLP-GA 5-38-1 0.986  0.025 -0.001 0.988 0.029 -0.001

SVM-GA Cast: 14, Gamma: 0.22  0.998 0.108 -0.003  0.997 0.127 -0.005

The best input combinations with stream discharge and sediment yield with lag for the MLP, SVM, MLP-
GA and SVM-GA are designated as Model S-13, in their order of the best to the worst performance. For
S-13 model, the best fit-of-goodness metrics including CC, RMSE, and PBIAS values, were found 0.935,
0.050 (mg/L) and -0.001 (%) for the MLP with 5-29-1 Architecture, 0.989, 0.217 (mg/L) and -0.006 (%) for
SVM model with Cast: 27 & Gamma: 0.20 Architecture, 0.986, 0.025 (mg/L) and -0.001 (%) for MLP-GA
model with 5-38-1 Architecture, and 0.998, 0.108 (mg/L), and -0.003 (%) for SVM-GA model with Cast: 14
& Gamma: 0.22 Architecture, respectively for training period which is very reliable and accurately. For
testing period, CC, RMSE, and PBIAS values, were found 0.974, 0.097 (mg/L) and -0.004 (%) for the
MLP, 0.994, 0.078 (mg/L) and -0.003 (%) for SVM, 0.988, 0.029 (mg/L) and -0.001 (%) for MLP-GA, and
0.997, 0.127 (mg/L) and -0.005 (%) for SVM-GA model, respectively which is very reliable and accurately
and closely fitted to observed value.

However, in terms of quantitative values of statistical metrics presented in Table 4, the MLP-GA was
found to perform better compared to MLP, SVM, and SVM-GA in training and testing phase at Jondhara
stations in most of the three statistical metrics for both scenario (S-6 and S-13 model).

The temporal variation of observed and predicted daily sediment yield along with their scatter plots for the
MLP, SVM, MLP-GA and SVM-GA models during the training and testing period are plotted in Figure2 for
S-6 model and Figure 3 for S-13 model, respectively. As shown in Figure 4 to 5, the estimated and
observed values of sediment yield during the training and testing period for Jondhara station during the
development of various artificial intelligence models can be seen using the various developed models.
Based on the graphs and scatterplots presented in the table, it is evident that the developed models
underestimate the sediment yield on a daily basis. For all models, the regression line and the best fit (1:1)
line are relatively close to each other. However, for the MLP-GA model, which has less scattered
estimates and very closed to reference line than other models, the regression line and best fit (1:1) are
more closely related. The regression line is exactly below the best fit (1:1) for S-6 and S-13 input
combination of MLP, SVM, MLP-GA and SVM-GA models, which means that all the models under-predict
the daily stream discharge values at Jondhara station.
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Fig. 4. Line and scatter diagram of (a) MLP, (b) SVM, (c) MLP-GA and (d) SVM-GA models model
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4. CONCLUSION

In this study, four conceptual models viz. MLP, SVM, MLP-GA and SVM-GA model have been examined
for modelling sediment yield of Jondhara station at Seonath River basin in Chhattisgarh-India. As rain-
runoff-sediment processes have a highly non-linear nature, these models may be a good candidate for
evaluation because of their highly non-linear nature. The daily sediment yield information from year 2000
to 2020 were used to train and test the all models. The possible 20 input variables to all the models were
comprised of S-6 (Q.1, Qro, Qi3 Ry Ri1) and S-13 (Qr, Qw1 Qr2, St1, St2, St.s) combination of total daily
rainfall, daily stream discharge and daily sediment vyield, lagged for one two and three days. In the
selection of the best input combination, the gamma test (GT) was used to test the statistical parameters
that inform the choice of the best input combination. Based on the statistical evaluation measures such as

CC, RMSE and PBIAS, the performance of each model structure was assessed. According to the findings

of the present study, the following conclusions can be drawn:

1. Based on the performance indices, among artificial neural networks MLP-GA model (3-24-1) for S-6
model and MLP-GA model (5-38-1) for S-13 model outperformed than MLP, SVM, SVM-GA models
in daily sediment yield prediction for Jondhara river.

2. The results showed that an increase (decrease) in rainfall, led to an increase (decrease) in runoff and
sediment yield.

3. Results also suggest that SVM model can be a good alternative for sediment estimation on field
where quick results are expected in least computational time.
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