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ABSTRACT

Purpose: Knowledge of sediment load carried by any river is essential for designing and
planning of hydro power and irrigation projects. So the aim of this study is to develop and
evaluating the best soft-computing-based model with M5P and Random Forest regression-
based techniques for computation of sediment using datasets of daily discharge, daily gauge
and sediment load at the Champua gauging site of the Upper Baitarani river basin of India.

Design/methodology/approach: Last few decades, the soft computing techniques
based models have been successfully used in water resources modelling and estimation. In
this study, the potential of tree based models are examined by developing and comparing
sediment load prediction models, based on M5P tree and Random forest regression (RF).
Several M5P and RF based models have been applied to a gauging site of the Baitarani River
at Odisha, India. To evaluate the performance of the selected M5P and RF-based models,
three most popular statistical parameters are selected such as coefficient of correlation, root
mean square error and mean absolute error.

Findings: A comparison of the results suggested that RF-based model could be applied
successfully for the prediction of sediment load concentration with a relatively higher
magnitude of prediction accuracy. In RF-based models Q, Qt1), Q.0 Sit1) Sro)y Hyand
Hit.1) combination based M10 model work superior than other combination based models.
Another major outcome of this investigation is Q, (.1 and S.q) based model M4 works
better than other input combination based models using M5P technique. The optimum input
combination is Q, Qt4)and S for the prediction of sediment load concentration of the
Baitarani River at Odisha, India.
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Research limitations/implications: The developed models were tested for Baitarani

River at Odisha, India.
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1. Introduction

Soil erosion is one of the most serious concerns not even
a country like India but all over the world today, as it will
deteriorate the agricultural and natural environment. Soil
degradation with time would cause a miserable situation
when agricultural efforts are focussed on increasing food
production. The assessment of the volume of sediments
being transported by a river is important for the estimation
of sediment transport in rivers, design of dams, reservoirs
and channels, environmental impact assessment, and
determination of the efficacy of watershed management and
other catchment treatment. According to the Global
Assessment of Human-Induced Soil Degradation, there are
1.9 billion hectares affected by soil degradation worldwide,
850 million hectares of which are within the Asia-Pacific
region, accounting for about 24% of the total regional land
area [1]. In India, there are 175 Mha constitutes about;
around 53% of the total geographical area is affected by land
degradation and soil erosion [2].

In General, Sediment erosion rate depends on runoff
generation due to the consequence of rainfall occurring. The
frequency and magnitude of extreme rain events in rising
trends in most part of central India in monsoon seasons [3];
this would cause more sediment erosion. Sediment rating
curves are quite useful to get the impression of sediment
flows with the discharge through the river gauging site from
the catchment area. Sediment rating curves relating
instantaneous sediment flux to discharge were established
by Van Dijk et al. in work [4] for suspended, bedload and
total sediment by fitting a power equation to all water
discharge—sediment-discharge data pairs and no extra
variation in sediment load was explained by runoff stage (i.e.
rising or falling) and, therefore, a single curve was used.

Estimate the quantity of daily sediment load discharge
which moves in a river is very significant as an indicator to
measure the soil erosion loss, water quality, Management
and Planning of reservoir, irrigation system, dam etc. [5].

Research paper |

Several researchers were working in the field of sediment
load prediction [6-10].

Last few decades soft computing based models such as
artificial neural network (ANN), Support vector machine
(SVM), Wavelet-based least square support vector machine
model (WLSSVM), Multiple linear regression (MLR) were
used for the prediction of sediment load concentration in
river [11-17]. In work [7] Melessea et al. compared the
performance of ANN and MLR based models for the
prediction of sediment load. The artificial neural network is
used, with three different learning algorithms to predict the
quantity of sediment load discharge in river is: Broyden-
Fletcher-Goldfarb-Shanno Quasi-Newton (BFGS), Scaled
Conjugate Gradient (SCD) and Levenberg-Marquardt (LM).
Comparison of results shows that ANN based model
perform better than MLR based model. In research [10]
Roushangar & Shahnazi has used Gaussian Process
regression and support vector machine based models for the
prediction of sediment load. In his study, it was found that
Gaussian process regression shows better results as compare
to support vector machine and other applied regression
based models. From this study they conclude that Gaussian
process regression based model is performing better than
SVM based model for the prediction of sediment load in
Gravel-bed Rivers in the United States. In research [6] Nagy
et al. has compared the ANN based model with conventional
models and found that due to some uncertainty and the
stochastic nature of the sediment movement, ANN model
was found outperforming than conventional models. Nhu et
al. [18] compared the soft computing techniques such as
MS5P, Random forest and random tree to predict the daily
water level of Zrebar Lake and came to conclusion that M5P
shows better results compared to other techniques. Sharafati
et al. [19] studied machine learning models to predict the
suspended sediment load such as gradient boost regression,
AdaBoost regression and random forest regression. Their
predictions were compared and found that random forest
regression model predict better outcome as compared to
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other regression methods. This paper demonstrates the
applicability of a data-driven soft-computing-based
approach in developing the gauge—discharge—sediment
relationship. Keeping in the view improved performance of
MS5P and RF based models So the aim of this study is
evaluating the best soft-computing-based model with M5P
and Random Forest regression-based techniques for
computation of sediment using datasets of daily discharge,
daily gauge and sediment load at the Champua gauging site
of the Upper Baitarani river basin of India.

2. Materials and methods

2.1. Soft computing techniques

MS5P tree regression: Quinlan [20] initially introduced
the M5P model tree. This model is a binary decision tree that
has a linear function at the last nodes (leaf). M5P model tree
is valuable in linear and nonlinear problem-solving. The
divide-and-overcome scheme generates Tree-based models
(Fig. 1). A tree model has been developed based on two
different stages. The first stage includes splitting criteria to
form a decision tree. Due to the splitting process, the
information in secondary nodes has conformity as compared
to the significant node [20]. After examining all the possible
splits, M5P selected a model that has minimized the error to

Exch.
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a more substantial extent. The reason for this isolation is to
allow the growth of the stable structure of the tree, which
may produce overfitting. Substituting a subtree with a leaf
helps to overcome this issue. However, the tree should be
pruned back for illustration of this process.

2.2. Random Forest Regression

Random Forest (Fig. 2) is an adaptable assembly of
decision trees that performs smoothly for linear and
nonlinear estimation by adjusting bias and variance [21,22].
This assembly learning process is identified as ‘bagging’ as
it develops tree lines which don't support ancient trees to be
a base for consecutive trees. Every tree undergoes a distinct
estimation process using a bootstrap sample of the dataset.
Consequently, a single generic vote stands out for the final
prediction [23]. RF model requires two specific standard
users to define parameters: the number of variables (m)
selected at every node to develop a tree and the number of
trees to be produced (k).

2.3. The goodness of fit evaluation parameters

To analyse the performance of various modelling
approaches, correlation coefficient (CC), root mean square
error (RMSE) and mean absolute error (MAE) were
calculated using training the testing dataset.
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Fig. 1. General structure of M5P

Comparative study for deriving stage-discharge—sediment concentration relationships using soft computing techniques



http://www.journalamme.org
http://www.journalamme.org

Journal of Achievements in Materials and Manufacturing Engineering

) Instance
Subset J \ Subset
& Subset T
® [ ]
o o Al ® A @
Tree 1 Tree 2 Treen
Class B Class B

Maximum
Value

Cla[i A

Final Class

Fig. 2. General structure of Random forest

Coecfficient of Correlation

The coefficient of correlation is used to measure the
success of numeric prediction. The coefficient of correlation
(CC) is computed as

n ¥l Y- x) Creq ¥))
) -E D) [Ty~ )

cc = (1)

where x; = observed values, y; = predicted values, n =
number of observations.

Root Mean Square Error (RMSE)

Mean-square error is the most commonly used measure
of success of numeric prediction, and root mean-squared
error is the square root of mean-squared-error after we give
it the same dimensions as the predicted values themselves.
This method exaggerates the prediction error — the
difference between prediction value and actual value. The
root mean squared error (RMSE) is computed as:

1
RMSE = [F(ELiGr - 90? ®)
Mean Absolute Error (MAE)
The mean absolute error is used to measure of success of
numeric estimation. The mean absolute error (MAE) is
computed as:

1
MAE = —(¥iZq 1% — yil A3)
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2.4. Study area

The study area is part of the Upper Baitarani river basin
located in Odisha state of India. The study area is about
1815 km? and lies in between 8509'42.66" to 85044'10.42"
E longitude and 2106'52.92" to 22011'51.65" N latitude in
the Baitarani River basin. The location map of the area is
given in Figure 3.The rainfall received in the basin is mainly
from southwest monsoon and lasts from June to October.
About 78% of annual precipitation occurs during these
months. The annual average rainfall over the study is about
1438 mm [24]. Most of the living population is tribal
communities. Cultivation is the basic source of livelihood
for rural masses, and the majority of soil in the study area is
sandy loam in texture.

2.5. Model development

Selection of input variables is the initial step in devel-
oping soft computing based models. Several researchers
have developed model using discharge, gauge and sediment
load concentration at time step. In this study, model was
developed using time series of discharge, time series of
sediment load concentration and time series of gauge.

Discharge dependent models
M1: S; = f(Q: Qe-1)
M2: S, = f(Qe Qro1, Qc—2)
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Fig. 3. Location map of study area (Upper Baitarani River Basin)

Discharge and sediment load concentration dependent
models

M3: Sy = f(Q¢Se-1)

M4: Sy = f(Qr Q¢t-1,St-1)

M5: Sy = f(Qp Qr—1,St-1,St-2)

Mé6: S; = f(Q Q¢-1,Qt—2,St-1,S¢-2)

M7: S = f(Q¢ Q¢-1,Qt—2,St-1,Se-2,St-3)

Discharge, sediment load concentration and gauge
dependent models

M8: Sy = f(Q¢ St-1,He)

M9: Sy = f(Q¢ Qr-1,St—1,St-2,He, He—1)

M10: S; = f(Qp Qr-1,Q¢—2,Se-1,St—2, Hey He—1)

M11: S = f(Qp Qc-1,Qt—2)Se-1,Se—2,St—3, He, He 1)
M12: S,

= f(Q¢ Q¢-1,Qt—2,St-1,Se—2,St—3, Hey He_1, He—3)

2.6. Implementation of machine learning
methods

Three popular standard statistical measures: CC, RMSE
and MAE were selected as performance evaluation

Comparative study for deriving stage-discharge—sediment concentration relationships using soft computing techniques

parameters to judge the performance of the machine
learning-based models. A large number of trials were
performed to find optimum value of user defined
parameters. Higher values of CC and lesser values of RMSE
and MAE suggest that better estimation accuracy of the
models. Trees quantity in the forest (k) and the number of
variables used (m) at every node to generate a tree are the
two standard users define parameters essential for RF. In
MS5P, calibration of models were done using changing the
value of number of instances allowed at each node (m) is the
only user define parameter in M5P tree model.

Data set: Data set was collected from Champua gauging
site in the Upper Baitarani basin, India from 8 September,
2001 to 31 December, 2011. Total 3797 observations were
collected from the metrological station, out of which 1166
observations (monsoon period data) considered for the
analysis, in which, 795 observations, randomly taken from
the total data were used for preparing the models and rest
371 were used to validate/test the developed model
performance. Discharge (m¥/s), gauge stage (m) and
sediment load concentration (mg/l) are available in the total
dataset. Table 1 records the statistical features of training
and testing data set that were taken in this investigation.
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Table 1.

Features of the data set used for model development and validation

Training dataset

Testing dataset

Ranee QW) H() S() QW) H() S()
Minimum 2.59 3.79 0.00 2.75 3.80 1.20
Maximum 362.99 7.59 183.70 310.78 6.83 183.50

Mean 63.83 4.81 37.65 64.61 4.82 36.90

Standard Deviation 61.84 0.63 33.42 61.51 0.61 30.61
Kurtosis 4.40 0.85 2.59 3.53 0.18 2.35
Skewness 1.90 0.70 1.60 1.82 0.53 1.45
Table 2.
Performance evaluation parameters of various M5P based models
Training data set Testing data set
Models M3P CcC RMSE MAE CcC RMSE MAE
Ml 0.66 25.42 19.18 0.53 25.98 20.19
M2 0.72 23.77 17.78 0.54 25.69 19.66
M3 0.80 20.18 12.40 0.75 20.37 13.47
M4 0.85 17.78 10.97 0.79 18.72 12.38
M5 0.85 17.72 10.87 0.79 18.95 12.43
M6 0.86 16.95 10.40 0.78 19.20 12.41
M7 0.87 16.78 10.33 0.78 19.21 12.30
M8 0.82 19.32 11.83 0.76 20.10 13.15
M9 0.86 17.01 10.37 0.79 18.98 12.56
MI10 0.87 16.44 10.03 0.78 19.18 12.42
Ml11 0.88 16.20 9.81 0.78 19.33 12.43
MI12 0.88 16.01 9.76 0.79 18.99 12.17
3. Results two user-defined parameters are needed to optimize. These

The optimal number is found 4 of the user-defined
parameter (m), and for all models, this number has been kept
constant for achieving an unbiased assessment among M5P
based various models. Table 2 shows that the M4-M5P
model performs better than the other M5P based models for
the prediction of sediment load concentration of the
Baitarani River. In Figures 4-7, the agreement plot among
actual and predicted values of sediment load concentration
is shown for the testing stage. Figures 4-7 suggests that M4
based M5P models work better than other input combination
based M5P models with minimum deviation. Table 2 also
concludes that M4 based M5P models work better than other
input combination based M5P models with higher values of
CC (0.7920), R? (0.6270) and lower value of RMSE
(18.7207) and MAE(12.3833) in the testing stage.

3.1. Results of RF-based models

RF-based model development is also a trial and error
process. In Random Forest Regression-based models only

Research paper ,

are: how many trees are there to be grown (k) and how
many variables utilized (m) for generating a tree at every
node. The optimum value of user-defined parameters of RF
is found m as 1 and k as10 and these values remained
constant in all models for the fair comparison among
various input combination based models. It is clear from
Table 3 that M10RF-based model performs better for the
Baitarani River than other RF-based models. Table 3,
shows the performance values viz. CC, RMSE and MAE
of M10-RF based model are (0.9811, 7.7251 and 4.9472)
and (0.8075, 18.1455 and 12.7289) for training and testing
stages, respectively for Baitarani River. Figures 8-11
indicates the agreement plot among actual and predicted
values of sediment load concentration in Baitarani River by
using various input combination based RF models for
Baitarani River with a testing dataset. Figures 8-11 and
Table 3 indicate that M10 work is better than other RF-
based models for the prediction of sediment load
concentration in the Baitarani River.
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Fig. 4. Performance of M5P based models for the prediction of sediment load concentration using testing data set (M1-M3)

Comparative study for deriving stage-discharge—sediment concentration relationships using soft computing techniques

60 -

20 4

Volume 104 ¢ Issue 2 * February 2021

* M1

y =0,2952x + 26,709
R? = 0,2789

60 80 100 120 140
Actual sediment load Concentration (mg/l)

160

180

200

= M2

y =0,3189x + 25,392
R?=0,2953

20

60 80 100 120 140
Actual sediment load Concentration (mg/l)

160

180

200

4 M3

y = 0,6074x + 15,722
R? = 0,5612

60 80 100 120 140
Actual sediment load Concentration (mg/l)

160

180

200


http://www.journalamme.org
http://www.journalamme.org

Journal of Achievements in Materials and Manufacturing Engineering

Predicted sediment load concentration (mg/I) Predicted sediment load concentration (mg/)

Predicted sediment load concentration (mg/I)

200

180

160

140

120

100

80

60

40

20

200

180

160

140

120

100

80

60

40

20

200

180

160

140

120

100

80

60

40

20

M4

y = 0,6624x + 13,082
R2=0,6272

60 80 100 120 140 160 180 200
Actual sediment load Concentration (mg/1)

& X;
x% %,

X

X

X

x M5

*K
R
X

y=0,6572x+ 13,137
R?=0,6182

x

20

X
e 3
. X

40

60 80 100 120 140 160 180 200

Actual sediment load Concentration (mg/l)

* M6

y=0,6526x + 12,908
R? = 0,6085

60 80 100 120 140 160 180 200

Actual sediment load Concentration (mg/l)

Fig. 5. Performance of M5P based models for the prediction of sediment load concentration using testing data set (M4-M6)

Research paper ,

P. Sihag, M.R. Sadikhani, V. Vambol, S. Vambol, A.K. Prabhakar, N. Sharma


http://www.journalamme.org
http://www.journalamme.org

Volume 104 « Issue 2 ¢ February 20211

200

y = 0,6506x + 12,978

180 1 R? = 0,6079

+M7
160 A
140 A
120
100 A
30 4
60 4
40 {4+ i e +

20

Predicted sediment load concentration (mg/I)

+

+

+
+

+

4

#t

+

0 T T T T T T T T T
0 20 40 60 80 100 120 140 160 180 200

Actual sediment load Concentration (mg/l)

200

y=0,6059x + 15,616

180 1 R2=0,5709

-M8
160 A
140 ~
120 A
100 A - -
80 - -

60
40

20 H+

Predicted sediment load concentration (mg/1)
1
1 II
1
1
1
1
1
1

0 ‘ — ‘ : ‘ : . ‘
O 20 40 60 80 100 120 140 160 180 200

Actual sediment load Concentration (mg/l)

200
180 | y = 0,6518x + 13,65
M9 RZ=0,617
160 -
140 |
120
100
80
60

40

20

Predicted sediment load concentration (mg/1)

0 T T T T T T T T T
0 20 40 60 80 100 120 140 160 180 200

Actual sediment load Concentration (mg/I)

Fig. 6. Performance of M5P based models for the prediction of sediment load concentration using testing data set (M7-M9)

Comparative study for deriving stage-discharge—sediment concentration relationships using soft computing techniques m


http://www.journalamme.org
http://www.journalamme.org

Journal of Achievements in Materials and Manufacturing Engineering

200
180 | y = 0,6603x + 12,628
M10 R?=0,6103
$° 160 A
E
'5 140
=
ud
£ 120
@
£
S 100
©
(o]
2 380 A
=
c
a
E 60
o
a
- 40
[
£
E 20 4
o
e
0 + T T T T T T T T T
0 20 40 60 80 100 120 140 160 180 200
Actual sediment load Concentration (mg/I)
200
y =0,6616x + 12,711
180 4 R? =0,6054
= M11
= 160
P
E
£ 140 - -
® = -
s 120 1
5 [] ]
= 100 L
B |} |} |}
S [ B I - [ [ ]
o u L] g Ew
[ ]
o 80 4 = fu_=m g =
o . . -
S [ L 9 ) a” u
% 60 4 . ...... l... ]
4 40 | =1 . i " -
o u aEE
g I..I. ity . " L] [ ]
= ] ] ]
E 20 1m L ..l - u
a [ ] Ny
0 = T T T T T T T T
0 20 40 60 80 100 120 140 160 180 200
Actual sediment load Concentration (mg/1)
200
150 y = 0,6658x + 12,568
T 2 -
M2 R2=0,6177
£ 160 |
P
E
£ 140 N
2 i
£ 120 A A R
g N A A
g 100 - » A &t R A* . T
ey A A A
S o0 | : at WL
= N 4 Ad o, A
° A, 4 A O
i A
R N et .
a 4 A,
z 401 e A .
L iy n adkia :‘ oot R
i A
E 20 {4 NS a
A L'y
0 T T T T T T T T T
0 20 40 60 80 100 120 140 160 180 200

Actual sediment load Concentration (mg/l)

Fig. 7. Performance of M5P based models for the prediction of sediment load concentration using testing data set (M10-M12)

m Research paper , P. Sihag, M.R. Sadikhani, V. Vambol, S. Vambol, A.K. Prabhakar, N. Sharma



http://www.journalamme.org
http://www.journalamme.org

200

180

160

140

120

100

Predicted sediment load concentration (mg/I)

200

180

160

140

ration (mg/1)

120

100

1t load ¢

80

60

40

Predi

20

200

180

160

140

120

100

80

60

40

Predicted sediment load concentration (mg/I)

20

Volume 104 ¢ Issue 2 * February 2021

| o M1 y=0,3232x + 25,73 .
R? = 0,2248
i *
*
*
] . ., o ‘. . .
* * *
i *
* .’ ‘ . : . *
e e e % ¢ ¢
E * - 'S ° *, *®
.0', » :“, 3 P %
K *
R RSB0
o> . * e‘o R4 Pa—
> * * .
o O X4 o TP 0
RS 2 o &4 ”" $ * . -
7 F Y 3 t‘ . * -
22 - ¢
0 20 40 60 80 100 120 140 160 180 200
Actual sediment load concentration (mg/I)
1 = M2 y=0,3407x + 24,78
R?=0,286 ]
n
b ]
1 [
n
n
1 m = . ="
[ ] (L] L] -
] .l - T ; ] - "
4 -m
m .l l-f u = . = -
ou oA . .I ]
iLY | me g == L]
[ l:. s ' L ]
|} n
; i S,
1 a™ g
|}
t T T T T T T T T T
0 20 40 60 80 100 120 140 160 180 200
Actual sediment load concentration (mg/l)
A M3 y=0,6615x + 14,2
R R?2=0,5868
- A
A A
A A AM‘ A
b A . L Aa o A R . N
A 4.t A A
i N . N A A
A A" A
at AAA A A oAt 2
i A A A N A
AA‘ ‘AAA A SN AL
W R
i f:é B AAA A
™ 2 “A‘A‘ 4 .
144 A& N AAA A A, .
A 4
0 20 40 60 80 100 120 140 160 180 200

Actual sediment load concentration (mg/l)

Fig. 8. Performance of RF based models for the prediction of sediment load concentration using testing data set (M1-M3)

Comparative study for deriving stage-discharge—sediment concentration relationships using soft computing techniques m


http://www.journalamme.org
http://www.journalamme.org

Journal of Achievements in Materials and Manufacturing Engineering

200
180 +
5
E 160 M4 y =0,6436x + 14,255
5 R?=0,6329
5 140 1
X
120 +
X X
','g 100 | x . 7 x
X X
_ﬂ < x % XXX X X %Xx - -
80 x XXX xx > X
x X x X
T X x X X XX
60 + x X xxgg 9 . < x
T X
x *x %XX%XX%% XXXXX xx x )
E 4 X
1‘_ 40 % %gxxjxxx x . X
& % %X X&%X . b <
20 4% X} X XU
X K X
0 ‘ = ‘ ‘ ‘ ‘ ‘ T ‘
0 20 40 60 80 100 120 140 160 180 200
Actual sediment load concentration (mg/1)
200
180 +
= y=0,6053x + 15,581
£ 160 x M5 R? = 0,5972
c
2
% 140 -
E X
8 120 1
8 X
® 100 « *
o X %y X
= X X 3 % X X
c X Xy X P % «
g 80 1 x x 33 % .
] X 2K X
Q 1 ¥ X X x X
a 60 X X &;2 oK o y . X
% * %ox x x, % *
X X
T 40 | b C e S x
@ Kook X x X
a X, RS X * «
i Kok
20 ’9(%% x X X
X
0 : = : : : : : : :
0 20 40 60 80 100 120 140 160 180 200
Actual sediment load concentration (mg/1)
200
180
3
E 160 * M6 y =0,6087x + 15,531
H R?=0,622
% 140 ~
120
-} L] L]
8 100 - . o
= . ° ®e o2
S 80 ° e 0 0%e8e o0 o o ° L]
E ° e ° 2 o °
60 L :‘..o 0008 %0° o o
b e ° <) ® e °
° o % °
° o Lo ° °
T 404 ° " o, °
2 ° P ] o o
o
e ofo °
20 hete ® o @ o
L)
0 : - : : : : : : :
0 20 40 60 80 100 120 140 160 180 200

Actual sediment load concentration (mg/l)

Fig. 9. Performance of RF based models for the prediction of sediment load concentration using testing data set (M4-M6)
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Table 3.
Performance evaluation parameters of various RF based models
Training data set Testing data set
Models (RF
odels (RF) CC RMSE MAE cC RMSE MAE
Ml 0.96 11.12 8.12 0.47 27.66 20.72
M2 0.97 10.60 7.63 0.53 26.02 19.62
M3 0.97 9.03 5.50 0.77 19.95 13.31
M4 0.98 7.87 4.94 0.80 18.56 12.37
M5 0.98 8.21 5.17 0.77 19.43 13.21
Mo6 0.98 7.96 5.06 0.79 18.83 12.86
M7 0.98 8.30 5.27 0.79 19.02 13.00
M8 0.98 8.24 5.09 0.78 19.43 13.28
M9 0.98 8.08 5.10 0.79 18.76 12.86
M10 0.98 7.73 4.95 0.81 18.15 12.73
Ml1 0.98 8.07 5.21 0.80 18.65 12.70
M12 0.98 7.82 5.04 0.80 18.61 12.93
200

s 801, M5P (M4) = RF (M10)

1]

E 160 |

8

w© 140

: *

c * u

8 120 . .

3] * . n

','g 100 - ‘eww "a . "

= " 8 ¢ . g .

£ =0 LIPS ) -y "

E B mae * » -

b= i s *n p ] . 3 ¢

2 g0 A . ] A . 9 e+ =

] [ ]
.E 40 - ':-}‘ s '.'2-;-...: o
E .‘ "I ng * . ] :
20 2 v ..9 ‘a
0 * : * II Y : : i : : i :
0 20 40 60 80 100 120 140 160 180 200

Actual sediment load concentration (mg/l)

Fig. 12. Agreement plot among actual and predicted values of sediment load concentration using RF and M5P based models
for testing data set

3.2. Intercomparison of soft computing based and predicted values using M5P and RF-based models are
models shown in Figure 13. In Figure 13 M10RF-based models
follows the same bath as followed by the actual values in

Table 4 proposes that Random forest based model work both training and testing stages. Overall performance of
better than M5P based models. Figure 12 indicates that M10 based RF model is reliable and suitable for the
predicted values using M10 RF-based model are lies closer prediction of sediment load concentration for the Baitarani
to the line of perfect agreement than the values predicted River so Q¢ Qt-1, Qt—2, Se-1, St—2, Hy and Hy_; input
by M4 M5P based model. Performance plot among actual combination based RF model could be used for the

prediction of sediment load concentration of rivers.
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4. Discussion

The basic aim of the current study is to evaluate the
performance of tree based modelling methods and give
evidence that a specific model is suitable for the prediction
of sediment load concentration of Upper Baitarani River.
There are several soft computing based modelling methods.
Inter-comparison among various models is necessary for the
identification of superior models. Last few decades few
artificial intelligence techniques were successfully used in
the prediction of sediment load concentration. A direct and
organized comparison of various studies is not fairly
possible, because there is a large variation in input features,

parameters, spatial variation and structure of the models.
Table 5 contains the modelling studies addressing the
performance of various soft computing models in predicting
the sediment load in Rivers. The summary of these studies
in Table Sindicates a broad dissimilarity for their main
features but absolutely, there is no pointer towards any
specific single most successful and better modelling most.
Till date, it is not clear which technique is superior for the
prediction of sediment load concentration. In present study
Random forest works better than M5P based models and it
could be successfully used for the prediction of sediment
load of other Rivers.
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Fig. 13. Performance of best performing RF and M5P based model using training and testing stages

Table 4.

Performance evaluation parameters of best performing M5P and RF based model

Training data set

Testing data set

Models CcC RMSE MAE CC RMSE MAE
MS5P-M4 0.96 11.12 8.12 0.47 27.66 20.72
RF-M10 0.97 10.60 7.63 0.53 26.02 19.62
Table 5.
Comparison of soft computing based models for prediction of sediment load concentration
Sr.no. Author’s Technique Study area Preferrable
The neural network can be a
Artificial neural network ' potential estimation method that
| Boukhrissa et al. [8] (ANN) and sediment ratin El Kebir catchment, can be used for a better
’ ouifrissa et ak sedime g Algeria understanding of sediment flux

curve models

that was considered high in the
study catchment.
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Sr.no. Author’s

Technique

Study area

Preferrable

2. Bouzeria et al. [9]

Multilayer Perceptron (MLP)
and Artificial neural network
(ANN)

Mellah catchment
north east of Algeria

The study suggested that the
appropriate application of ANN
other than MLPs to the sediment
records may lead to solving
several problems of water
resources engineering and could
provide a superior alternative for
developing input-output
simulations and estimation
models in situations that do not
require modelling of the internal
structure of the catchment.

3. Msadala & Basson [25]

Regional probabilistic
method& empirical methods

South Africa

Where observed data is available,
it is always recommended to use
observed data, since the regional
probabilistic and empirical
methods have limited predictive
capability due to the range of
calibration data.

4, Melessea et al. [7]

Artificial neural network
(ANN) and multiple linear
regression (MLR)

Three major rivers of
USA (Mississippi,
Missouri and Rio
Grande

Comparison of the ANN and
MLR approaches revealed that
ANN performed better than MLR
for all the rivers for both daily
and weekly simulations.
Comparison of the different input
arrangements has shown that
precipitation was not a
significant parameter

5. Mustafa et al. [26]

Radial basis function (RBF)
neural network.

Pari River, in Perak,
Malaysia

Results obtained from the RBF
model are satisfactory and was
found that RBF is able to predict
the nonlinear behaviour of
suspended sediment discharge of
Pari River.

6. Nagy et al. [6]

Artificial neural
network(ANN)

Rio Grande,
Mississippi,
Sacramento

Approach gives better results
compared to several commonly
used formulas of sediment
discharge.

Roushangar & Shahnazi
[10]

Gaussian process
regression(GPR)& Support
vector machine (SVM)
models

Gravel-bed rivers in
the United States

GPR models present better
performance compared to the
SVM model.

8. Nourani & Andalib [27]

Wavelet-based least square
support vector machine model
(WLSSVM) & Arttificial
neural network (ANN).

Mississippi river

WLSSVM and wavelet-based
ANN showed same
consequences

Comparative study for deriving stage-discharge—sediment concentration relationships using soft computing techniques
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Sr.no. Author’s Technique

Study area Preferrable

BFGS, Multiple Linear
Regression and Artificial
Neural Network

9. Toriman et al. [28]

BFGS model structure is the
better and more accurate to
prediction suspended sediment
discharge

Jenderam catchment

Artificial neural networks,

multiple linear regression,
10.  Baniya et al. [29]

general power model, and

Log transform models

nonlinear multiple regression,

Result was satisfactory compared
to the multiple linear regression,

Kali Gandaki River ) . .

. . nonlinear multiple regression,
Basin, Himalaya, eneral power model, and Lo
Nepal g p > g

transform models, including the
sediment rating curve.

M5P and Random Forest

11.  Present study (RF)

RF based model is better than
MS5P based models

Baitarani River at
QOdisha, India

5. Conclusions

The performances of two popular tree based modelling
techniques summarized by current investigation effort to
give proof for most reliable and accurate modelling
techniques for predicting sediment load concentration
values. The tree based modelling techniques selected were
MS5P and Random Forest. The investigation selected a
combination of stage, discharge and sediment load
concentration for the model development of sediment load
prediction of Baitarani River, India.

This investigation indicates that the RF-based model
works better than M5P based models for the prediction of
sediment load concentration. In RF-based models
Q¢ Qi—1,Q¢—2,5+-1,St—2, H: and H;_ combination based
M10 model work superior than other combination based
models. Another major outcome of this investigation is
Q;, Q;—1 and S;_; based model M4 works better than other
input combination based models using M5P technique. The
optimum input combination is Q¢ Q,—; and S,_;for the
prediction of sediment load concentration of the Baitarani
River at Odisha, India.
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