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Abstract A new hybrid decision tree (DT) technique based on two artificial neural networks

(ANN), namely multilayer perceptron (MLP) and radial basis function (RBF), is proposed to pre-

dict sediment transport in clean pipes (i.e. without deposition). The parameters affecting densimet-

ric Froude number (Fr) prediction were extracted from the literature in order to build the model

proposed in this study. The effect of each parameter is first examined using MLP and RBF and

a sensitivity analysis. According to the sensitivity analysis, the optimal model indicates that using

the volumetric sediment concentration (CV), median diameter of particle size distribution to pipe

diameter (d/D) and ratio of median diameter of particle size distribution to hydraulic radius (d/

R) parameters yield the best Fr prediction results. Subsequently, the hybrid DT-MLP and DT-

RBF model results are compared with MLP and RBF. According to the results, MLP with all mod-

els predicted Fr more accurately than RBF, and DT-MLP exhibited the best performance

(R2 = 0.975, MARE = 0.063, RMSE= 0.328, SI= 00.081, BIAS = �0.01). Moreover, the com-

parison between DT-MLP and existing regression-based equations indicates that the models pre-

sented in the current study are superior.
� 2017 Faculty of Engineering, Alexandria University. Production and hosting by Elsevier B.V. This is an

open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

For many years engineers have focused on using pipe channels

for storm water transfer. The inflow to a pipe channel fre-
quently contains suspended solid substances. Such substances
will deposit on the channel bed if the velocity of flow passing
through the channel is insufficient or at a certain slope. Sedi-

mentation increases channel bed roughness and decreases the
cross-sectional flow area. As a result, the channel’s transmis-
sion capacity and sediment transport capacity decrease. Conse-

quently, methods of estimating the minimum velocity in a
channel to prevent sediment deposition are required.

A traditional method of determining the minimum velocity

is to use constant shear stress and velocity [1–3]. This method
mostly under or overestimates since the hydraulic conditions
in clean
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Nomenclature

A cross-sectional area of flow

c function’s center in the nonlinear radial basis func-
tion (Eq. (7))

CV volumetric sediment concentration
d median diameter of particle size distribution

D pipe diameter
Fr densimetric Froude number
g gravitational acceleration

k number of classes in decision tree
p number of decision tree input variables
R hydraulic radius

s specific gravity of sediment (=qs/q)
S0 pipe slope

V flow velocity

Vt velocity required for the incipient motion of sedi-
ment (Eq. (2))

x input variable in the nonlinear radial basis func-
tion (Eq. (7))

y flow depth

Greek symbols
kc clear water friction factor

ks overall friction factor with sediment
q water density
qs sediment density

2 I. Ebtehaj et al.
of the flow and channel are not considered [4]. Therefore,
numerous researchers have examined the factors affecting min-

imum velocity determination and presented various equations
through experimentation and analyses for estimating sediment
transport in clean pipes [5–15]. The clean pipe concept entails

sediment transport in a pipe channel without sedimentation
occurring on the channel bed.

May et al. [16] carried out 332 tests with 7 experiment sets

obtained from Ackers et al. [17] and presented the following
semi-experimental equations:

CV ¼ 3:03� 10�2 D2

A

� �
d

D

� �0:6
V2

gðs� 1ÞD
� �1:5

1� Vt

V

� �4

ð1Þ

Vt ¼ 0:125½gðs� 1ÞD�0:5 y

d

� �0:47

ð2Þ

where D is the pipe diameter, g is the gravitational accelera-
tion, s is the specific gravity of sediment (=qs/q), d is the med-
ian diameter of particle size distribution, V is the flow velocity,
A is the cross-sectional area of flow, CV is the volumetric sed-

iment concentration, y is the flow depth and Vt is the velocity
required for the incipient motion of sediments (Eq. (2)).

Azamathulla et al. [18] employed Ab Ghani [6] and

Vongvisessomjai et al.’s [19] datasets to modify Ab Ghani’s
[6] equation as follows:

Fr ¼ Vffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
gðs� 1Þdp ¼ 0:22C0:16

V D�0:14
gr

d

R

� ��0:29

k�0:51
s ð3Þ

where ks is the overall friction factor (ks = 0.851kc
0.86CV

0.04-

ks = 0.851kc
0.86CV

0.04Dgr
0.03, kc = clear water friction factor).

Ebtehaj et al. [20] performed a wide range of experiments
using three experimental datasets [6,19,21] and presented an
equation for predicting the densimetric Froude number (Fr).

The equation is dependent on the volumetric sediment concen-
tration (CV) and ratio of median diameter of particle size dis-
tribution to hydraulic radius (d/R) as follows:

Fr ¼ Vffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
gðs� 1Þdp ¼ 4:49C0:21

V

d

R

� ��0:54

ð4Þ

Because regression-based equations produce different
results in different hydraulic conditions, and they are not suf-
ficiently flexible for application in certain hydraulic conditions

[14]. Artificial intelligence methods are an alternative means of
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reducing the inaccuracies of regression-based models and have
consequently been widely utilized in diverse engineering

sciences, such as hydrology and hydraulic engineering
[13,22–27].

Han et al. [28] applied support vector machines (SVMs) in

flood forecasting. The authors indicated that the optimum
selection of various input combinations is an actual challenge
in SVM modeling. Bhattacharya et al. [29] used machine learn-

ing methods, artificial neural networks and model trees for bed
load and total load modeling using measured data. They com-
pared their model results with existing methods. According to
the results, machine learning methods lead to superior model-

ing accuracy over existing methods. Tirelli and Pessani [30]
applied ANN and decision trees to model the presence/absence
of telestes muticellus in Northwest Italy. El-Baroudy et al. [31]

compared three data-driven methods (evolutionary polyno-
mial regression (EPR), genetic programming (GP) and artifi-
cial neural networks (ANN)) in evapotranspiration process

modeling. The results demonstrated that EPR is a simpler
method with more accurate results than GP and ANN. Senthil
Kumar et al. [32] applied different soft computing methods
including ANN with backpropagation (BP), radial basis func-

tion (RBF), decision trees (DT) such as the REP tree and M5,
and fuzzy logic (FL) to predict the suspended sediment con-
centration upstream of the Bhakra reservoir in North India.

Their results indicated that the M5 tree model is more accurate
than the other methods. This model also presents decision-
makers with a better outlook compared with the rest of the

models and offers engineers explicit expressions for practical
use. Ebtehaj and Bonakdari [33] examined the performance
of two evolutionary algorithms, i.e. the imperialist competitive

algorithm (ICA) and genetic algorithm (GA) in predicting the
bed load in a clean pipe. These two algorithms were employed
to optimize the MLP neural network weights. The results sig-
nified that both algorithms predict sediment transport well,

although ICA is more accurate than GA. Ebtehaj et al. [34]
examined PSO algorithm performance in radial basis function
(RBF) neural network (RBF-PSO) training and compared the

results with the backpropagation (BP) algorithm. According to
their results, prediction accuracy is greater with RBF-PSO
than RBF-BP.

In this study, the minimum velocity required to prevent sed-
iment deposition, which is expressed as the densimetric Froude
based on two artificial neural networks for predicting sediment transport in clean
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number (Fr), is predicted by means of a novel hybrid method
comprising ANN and a decision tree (DT-ANN). The func-
tional equation presented by Ebtehaj and Bonakdari [32] and

two different neural networks are initially used to conduct sen-
sitivity analysis on the multilayer perceptron (MLP) and radial
basis function (RBF) to determine the effect of each parame-

ter, after which the optimal model is selected. The best model
is ultimately used to predict Fr using the two decision tree-
integrated neural network models (DT-MLP and DT-RBF).

The optimal model’s results are then compared with RBF
and MLP as well as with regression-based equation results.

2. Data collection

The data employed in this research were obtained from the
studies of Ab Ghani [6], Ota and Nalluri [21] and Vongvises-

somjai et al. [19], who conducted experiments on pipes with
different diameters and lengths. Ab Ghani [6] carried out
smooth bed experiments on pipes with diameters of 154, 305
and 450 mm. The roughness was examined on 20.5 m long

pipes with 305 mm diameter, and 1.34 mm and 0.53 mm
roughness. Ota and Nalluri [21] experimented on a 25 m long
pipe with 225 mm diameter to examine the effect of sediment

aggregation on sediment transport at limit of deposition. In
their experiments, Manning’s roughness coefficient, the pipe
slope and bed roughness were 0.01, 0.00315 and 0.24 mm

respectively. Vongvisessomjai et al. [19] conducted experiments
on 16 m long pipes with Manning’s roughness coefficient of
0.0125 and diameters of 100 and 150 mm. The hydraulic
parameter ranges for the datasets employed are as follows:

0.237 < V (m/s) < 1.216; 1 < CV (ppm) < 1280; 0.2 < d
(mm) < 8.3; 0.012 < R (m) < 0.1138; 0.02 < y < 0.229;
0.000507 < S0 < 0.006. The three datasets were used for dif-

ferent hydraulic conditions.

3. Numerical methods

3.1. Multilayer perceptron neural network

Owing to the flexible structure of MLP in simulating nonlinear
complex problems [34], this method is one of the most common
among neural networks. Each MLP model consists of an input

layer, one or more hidden layers, and an output layer. MLP lay-
ers comprise neurons. The numbers of input and output layer
neurons are equal to the numbers of problem input and output
variables, respectively. There is no definitive rule for determin-

ing the number of hidden layer neurons, and hence trial and
error appears to be a good choice [35–37]. The hidden and out-
put layer neurons collect the previous layer neurons’ weights by

weighted summation and transfer the weights to the next layer
via activation functions. MLP models employ sigmoid activa-
tion functions. Each bounded function with a direct relation

between input and output variables is a sigmoid function [38].
In this study, the hyperbolic tangent and linear activation func-
tions are used for the hidden and output layers, respectively.

These functions are defined as follows:

linearðxÞ ¼ x ð5Þ

tanhðxÞ ¼ 2

1þ e�2x
� 1 ð6Þ
Please cite this article in press as: I. Ebtehaj et al., A new hybrid decision tree method
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As mentioned previously, the MLP method undergoes
weighted summation. The process of determining these weights
is called training. The MLP models are trained by applying the

Levenberg-Marquardt (LM) method [39]. In the LM proce-
dure, the weights and biases are determined using the back-
propagation algorithm. The termination criterion for MLP

training entails reaching 100 epochs, when the model com-
pletely converges.

3.2. Radial basis function neural network

The structure of the RBF neural network [40–41] is quite sim-
ilar to that of MLP. RBF comprises three types of layers:

input, hidden and output layers. The function of the input
layer is to introduce the input variables to the model. Subse-
quently, the experimental dimensionality is reduced by apply-
ing a nonlinear projection to the hidden layer using a radial

basis function. A real value function whose output is only
dependent on the distance from the origin is called a radial
basis function [42]. In a nonlinear radial basis function u(x,
c), x and c are the input variable and the function’s center,
respectively. Therefore, any variation in this function is only
dependent on the radial distance, which is defined as follows:

r ¼ kx� ck ð7Þ
Upon RBF neural network activation, an N-dimensional

function is selected from the linear space as follows [43]:

fuðjjx� xijjÞji ¼ 1; 2; . . . ;Ng ð8Þ
Finally, the output layer acts as a linear regressor to pre-

pare the results by doing a weighted summation of the hidden
layer’s radial basis functions. The weight of this regression is
determined with the linear least squares method as follows:

fðxÞ ¼
XN
i¼1

ciuðjjx� xijjÞ ð9Þ

Similar to the MLP method, there is no defined principle

for determining the number of RBF hidden layer neurons.
Therefore, trial and error [35] is employed in this study.

3.3. Hybrid decision tree-based neural networks

Two hybrid methods, namely DT-MLP and DT-RBF are
introduced in this section. The DT algorithm [44] is combined

with the MLP and RBF neural networks in order to increase
the individual methods’ performance. DT is a classification
problem with a number of variables. Class variable Y has a
value between 1 and k, where k is the number of classes deter-

mined for the problem. Output classification is done using
input variables X1 to Xp, where p is the number of input vari-
ables. The classification model’s goal is to predict the Y value

for each new sample of X. In the classification tree, recursive
partitioning is applied in order to use one X variable at a time;
thus, presenting the DT results become very easy. For instance,

a two-variable model with three classes is shown in Fig. 1. The
dataset in a two-dimensional graph with its divisions is shown
in the left plot, and the corresponding decision tree structure

with its splits is shown in the right plot. As seen in this figure,
the benefit of a decision tree is that there is no limitation on the
input variables; however, the limitation in the left plot is that
based on two artificial neural networks for predicting sediment transport in clean
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Figure 1 Partitions (the left plot) versus decision tree (the right plot) structures.
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there are two input variables at most. Breiman [44] introduced
the DT algorithm and its structure in detail.

DT-based hybrid neural networks are optimized in power
allocation. Therefore, rather than assigning the entire neural

network power to a dataset, the dataset is first partitioned into
parts among which the neural network power is divided. The
procedure takes place as follows:

(1) DT algorithm training: the DT algorithm is trained
using the training input and output variables. In the pre-

sent study, the entire dataset is divided into four parts.
The most important point in DT training is classification
precision. Weak classification gives the advantage of a

simple DT structure and the disadvantage of high classi-
fication error. On the other hand, stronger classification
gives the advantage of high accuracy and the disadvan-
tages of a complex DT structure and overtraining.

Therefore, trial and error is employed in this study to
identify the optimum DT structure accuracy. The Mini-
mum Number of Samples (MNS) of each DT node

undergoes trial and error to obtain permission to split.
Evidently, increasing the MNS leads to higher classifica-
tion error and lower DT structure complexity. The opti-

mum MNS obtained in this study is 60.
(2) Neural network splitting: the neural networks are split

into smaller models. In this case, the maximum allow-

able number of hidden layer neurons in the neural net-
works is considered to be 12. DT divides the dataset
into four groups, therefore the maximum allowable
number of hidden layer neurons for each group is

12/4 = 3.
(3) Determining the optimum number of hidden layer neu-

rons: trial and error is applied to determine the optimum

number of simple neural networks (with a maximum
allowable number of 12) and separated neural networks
(with a maximum allowable number of 3 for each

model).
(4) Result collection: the separated neural networks’ out-

puts are cumulated in order to obtain the final results
of the DT-based methods.
Please cite this article in press as: I. Ebtehaj et al., A new hybrid decision tree method
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Finally, the simple neural network results are compared

with the DT-based neural network results to assess the perfor-
mance of the hybrid methods presented.

4. Methodology

Studies conducted in the field of sediment transport in pipe
channels name the following factors that affect sediment trans-

port at limit of deposition: flow velocity (V), volumetric sedi-
ment concentration (CV), flow depth (y) or hydraulic radius
(R), pipe diameter (D), median diameter of particle size distri-

bution (d), specific gravity of sediment (s = qs/q), gravitational
acceleration (g) and overall friction factor of sediment (ks)
[16,18–20]. Therefore, velocity can be written as a functional

equation (Eq. (10)) to determine the minimum velocity
required to prevent sediment deposition:

V ¼ fðCV; y;R;D; d; s; g; ksÞ ð10Þ
In order to produce models for predicting sediment trans-

port using ANN and DT, Ebtehaj and Bonakdari [33] pre-
sented various dimensionless parameters as shown in Fig. 2.
In this figure, the parameters that influence sediment transport
are placed in five groups: sediment, transport, transport mode,

flow resistance, and movement. Four parameters are used to
predict the densimetric Froude number (Fr = V/(g(s � 1)
d)0.5), which is related to the ‘‘movement” dimensionless

group, and one parameter is selected from each group. The
‘‘transport” and ‘‘flow resistance” groups only include one
parameter. Therefore, the CV and ks parameters are constant

in all conditions. With reference to the ratio of median diam-
eter of particle size distribution to pipe diameter (d/D) and
dimensionless particle number (Dgr = d(g(s � 1)/m2)1/3)
parameters from the ‘‘sediment” group and the d/R, D2/A

and R/D parameters from the ‘‘transport mode” group, Ebte-
haj and Bonakdari [33] proposed six different models to exam-
ine the effect of each parameter. It was found that Model D is

the best. Accordingly, the effect of each parameter in model D
is examined in this research using sensitivity analysis of the
multilayer perceptron (MLP) and radial basis function

(RBF) neural networks (Models D1 to D5). Upon selecting
based on two artificial neural networks for predicting sediment transport in clean
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Figure 2 Dimensionless groups and related models.

A new hybrid decision tree method based on two artificial neural networks 5
the optimum model through sensitivity analysis (D1 to D5),
the DT-MLP and DT-RBF models are presented by combin-
ing DT with the MLP and RBF neural networks. The DT-

based dataset separation results are given in Fig. 3. As seen
in this figure, DT separates the entire dataset into four groups
according to the CV, d/D, d/R and ks input variables. In this

study, 70% of all experimental samples comprise the training
dataset and the remaining samples comprise the testing
dataset.

5. Results and discussion

The results of the MLP, RBF, DT-MLP, and DT-RBF artifi-

cial intelligence methods are explained in this section along
with the regression-based equations. R-squared (R2), root
mean squared error (RMSE), mean absolute relative error

(MARE), scatter index (SI) and BIAS are used to examine
the performance of the models presented in this study. These
indices are calculated as follows:

R2 ¼
Pn

i¼1ðFrObserved i � FrObservedÞðFrPredicted i � FrPredictedÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn
i¼1ðFrObserved i � FrObservedÞ2

Pn
i¼1ðFrPedicted i � FrPredictedÞ2

q
2
64

3
75

2

ð11Þ
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RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

n

Xn

i¼1
ðFrObserved i � FrPredicted iÞ2

r
ð12Þ

MARE ¼ 1

n

Xn

i¼1

jFrObserved i � FrPredicted ij
FrObserved i

ð13Þ

SI ¼ RMSE

FrObserved

ð14Þ

BIAS ¼ 1

n

Xn

i¼1

ðFrObserved i � FrPredicted iÞ ð15Þ

Table 1 presents the results of the sensitivity analysis con-

ducted using the MLP and RBF neural networks for Model
D, which appears to exhibit the best performance among the
six models in Fig. 2 [33]. Compared to the other models, D1,

D2 and D4 produced the best R2 with both MLP and RBF.
The value of R2 exceeds 0.95 for MLP with these models
and is over 0.85 for RBF (in training). It can be stated that

parameters ks (Model D2) and d/D (Model D4) are less effec-
tive in estimating Fr than parameters CV and d/R. Excluding ks
increasesMARE by 0.044 for MLP and decreases it by 0.05 for
RBF. Not only does neglecting this parameter have a negative

effect on the two neural networks’ performance, but all the sta-
tistical indices presented in Table 1 indicate that Model D2
based on two artificial neural networks for predicting sediment transport in clean
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Figure 3 Optimum DT structure.

Table 1 Sensitivity analysis of Model D by MLP and RBF neural networks.

Train Test

Model D1 Model D2 Model D3 Model D4 Model D5 Model D1 Model D2 Model D3 Model D4 Model D5

MLP R2 0.965 0.974 0.889 0.950 0.825 0.950 0.957 0.781 0.869 0.660

MARE 0.059 0.051 0.123 0.068 0.153 0.076 0.072 0.168 0.116 0.228

RMSE 0.360 0.310 0.645 0.434 0.810 0.461 0.434 0.980 0.928 1.190

SI 0.089 0.076 0.159 0.107 0.200 0.114 0.107 0.242 0.229 0.294

BIAS 0.004 0.010 �0.001 0.000 0.001 �0.070 0.029 �0.204 �0.242 �0.079

RBF R2 0.850 0.872 0.819 0.859 0.790 0.807 0.842 0.767 0.815 0.668

MARE 0.130 0.112 0.147 0.126 0.177 0.171 0.128 0.186 0.165 0.216

RMSE 0.749 0.692 0.822 0.727 0.886 0.918 0.842 0.993 0.903 1.176

SI 0.185 0.171 0.203 0.179 0.218 0.227 0.208 0.245 0.223 0.291

BIAS 0.000 0.000 0.000 0.000 0.000 �0.173 �0.176 �0.140 �0.217 �0.090
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outperforms Model D1. Model D2 has a BIAS of nearly 0 for

both RBF and MLP in training mode, signifying that both
methods produce similar average overestimation and underes-
timation values. However, the BIAS value for MLP in testing

is positive, indicating overestimation, while this value for RBF
is negative, signifying model underestimation. With both RBF
and MLP methods, the weakest performance was observed
when parameter CV was omitted in estimating Fr (Model

D5). The relative error value with MLP tripled for Model
D5 compared with Model D1, reaching 22%. RBF presented
similar results to MLP with this model. Omitting parameter

d/R (Model D3) also affected the results significantly. The
mean relative error increased by 4% on average for both meth-
ods. It is worth noting that the MARE index is almost half the

value for Model D5 (MLP), which indicates that parameter CV

has a greater effect on Fr estimation than parameter d/R. This
is quite similar to RBF where for D4/D5 the MARE index is
Please cite this article in press as: I. Ebtehaj et al., A new hybrid decision tree method
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0.76, which is larger than with MLP. Table 1 additionally indi-

cates that not using parameter ks in predicting Fr (=f(CV, d/D,
d/R)) decreases the prediction performance and also enhances
the MLP and RBF behaviors. Therefore, the performance of

D2 (the optimal model recognized in this study) is examined
using the decision trees (DT) with MLP and RBF hybrid
methods.

Fig. 4 displays the performance results obtained for the

hybrid DT-MLP and DT-RBF models in testing and training.
The DT-MLP model predicted Fr with less than 10% relative
error for all data in training. It is also clear that DT-MLP both

underestimated and overestimated parameter Fr. In testing,
this model presented similar results to training, whereby it
made most estimations with less than 10% relative error.

The DT-RBF model was similar to DT-MLP in training,
except it estimated a lot of samples with over 10% relative
error. DT-RBF produced similar results in both training and
based on two artificial neural networks for predicting sediment transport in clean
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Figure 4 Performance evaluation of DT-MLP and DT-RBP in prediction of Fr.

Table 2 Comparison of neural network (MLP and RBF) and hybrid method (DT-MLP and DT-RBF).

R2 MARE RMSE SI BIAS

Train MLP 0.974 0.051 0.310 0.076 0.010

DT-MLP 0.983 0.038 0.255 0.063 0.000

RBF 0.872 0.112 0.692 0.171 0.000

DT-RBF 0.943 0.090 0.461 0.114 0.000

Test MLP 0.957 0.072 0.434 0.107 0.029

DT-MLP 0.975 0.063 0.328 0.081 �0.010

RBF 0.842 0.128 0.842 0.208 �0.176

DT-RBF 0.934 0.103 0.527 0.130 �0.071
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testing, signifying this model is flexible in different conditions
in terms of the sample type used in model training. However,
it is obvious DT-RBF is qualitatively less accurate than DT-
MLP in predicting Fr.

Table 2 evaluates the performance of two neural networks
(MLP and RBF) compared to the DT hybrid models (DT-
MLP and DT-RBF) in terms of various statistical indices. It

is notable in the table that the hybrid models (DT-MLP and
DT-RBF) are more accurate than MLP and RBF in both
training and testing. This finding is more significant for the
Please cite this article in press as: I. Ebtehaj et al., A new hybrid decision tree method
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RBF results. For DT-RBF the R2 values increased by approx-
imately 10% in both testing and training and the relative error
values decreased. The BIAS value indicates prediction under-
estimation and overestimation. Regarding Table 2, the BIAS

value is close to 0 for both methods based on MLP in testing
and training. Therefore, this made underestimations and over-
estimations with an almost equal ratio on average, while RBF

and DT-RBF produced negative values that indicate underes-
timations. The statistical index results for DT-MLP are better
than the other models in Table 2. Thus, model D2 that made
based on two artificial neural networks for predicting sediment transport in clean
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Figure 5 Error distribution of propose method DT-MLP and

existing regression-based equation in prediction of Fr.
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predictions using DT-MLP is selected as the superior model in
this study. The full results of the estimation of all models are
presented in Table A1 in Appendix A. The output equation

of this model is as follows:

Fr ¼ linearððtanhðinput� iwþ b1ÞÞ � lwþ b2Þ ð16Þ
where the input matrix is [CV, d/D, d/R], the linear and tanh
functions are defined as Eqs. (5) and (6) and the iw, lw, b1
and b2 matrices for different groups are as follows:

if CV < 4.195e�05 and d/R< 0.0283

iw ¼
�20197 56569 94863

76 120 5

48 331 68

2
64

3
75 lw ¼

�16:7899

�1:2344

4:6675

2
64

3
75

b1 ¼
0:9063

�2:5878

0:0491

2
64

3
75

T

b2 ¼ ½17:1329�

ð16:1Þ
if CV < 4.195e�05 and d/R � 0.0283

iw ¼
�5171 38173

7 84

�19 54

2
64

3
75 lw ¼ �5:519

�0:5988

" #

b1 ¼
0:6534

�4:7619

" #T

b2 ¼ ½5:9252�

ð16:2Þ

if CV � 4.195e�05 and d/R < 0.1058

iw ¼
�509:9 2965:3 1560:6

15:3 3:8 90:9

14:5 15:9 �65:7

2
64

3
75 lw ¼

�5:1292

243:9365

�4:708

2
64

3
75

b1 ¼
�0:1084

2:3676

�0:6486

2
64

3
75

T

b2 ¼ ½�231:68�

ð16:3Þ
if CV � 4.195e�05 and d/R � 0.1058

iw ¼
69:6 3399:6 �2003:7

28:6 �62:4 �0:7

289 69:1 29

2
64

3
75 lw ¼

�0:3983

0:5292

�1:2313

2
64

3
75

b1 ¼
�14:2133

4:2775

�0:8807

2
64

3
75

T

b2 ¼ ½1:2968�

ð16:4Þ
Table 3 Evaluation of proposed model in prediction of Fr for Mo

Method R2 MARE

DT-MLP 0.980 0.045

May et al. [16] 0.916 0.080

Azamathulla et al. [18] 0.718 0.200

Ebtehaj et al. [20] 0.967 0.084
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Table 3 compares the DT-MLP results obtained with model
D2 with regression-based equations in predicting Fr for pre-
venting sediment deposition in pipe channels. May et al. [16]

and Ebtehaj et al.’s [20] equations produced values closer to
the MARE, RMSE and SI indices than existing regression-
based equations. Both equations predicted Fr with 8% mean
relative error. The R2 value for Ebtehaj et al.’s [20] equation

was superior to that of May et al.’s [16]. This signifies that
although May et al.’s [16] equation predicted Fr relatively well,
it sometimes produced a large relative error in some Fr estima-

tions. This problem was also pointed out by Ebtehaj et al. [20].
It can be seen in Fig. 5 that the error distributions of both equa-
tions are just about equal, except that the maximum prediction

error of Ebtehaj et al.’s [20] equation is lower than May et al.’s
[16]. Azamathulla et al.’s [18] equation predicts Fr similar to
model A (Fig. 2) but performs poorly because the mean relative

error is almost 20% (MARE = 0.2). Fig. 5 indicates that the
maximum prediction error of this model is approximately
70%. This model made only about 35% of the estimations with
less than 10% relative error, while the other two regression-

based equations made nearly 70% of the estimations with a rel-
ative error below 10%. Therefore, the performance of this
equation is not satisfactory. Also according to Table 3, DT-

MLP, which includes the dimensionless parameters presented
in model D2 for predicting Fr, outperforms existing equations
in terms of all indices. This model produced a mean relative

error of approximately 4.5%, which is half the value of Ebtehaj
et al.’s [20] equation that performed best among the three exist-
ing equations. DT-MLPmade roughly 90% of estimations with
less than 10% relative error. Moreover, the proposed model

had below 20% maximum prediction error, which was nearly
35% for Ebtehaj et al.’s [20] models.
del D2 in comparison with regression-based equation.

RMSE SI BIAS

0.279 0.069 �0.003

0.574 0.142 �0.050

1.112 0.274 0.295

0.609 0.150 0.240

based on two artificial neural networks for predicting sediment transport in clean
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6. Conclusions

Due to the significance of sediment transport in pipe channels
and problems caused by sedimentation, the minimum velocity

required for sediment transport in pipe channels so the sedi-
ment suspended in the flow passing through pipes does not
deposit in the channel was predicted in this study using two

hybrid methods. Sensitivity analysis was first conducted using
the functional equation presented by Ebtehaj and Bonakdari
[33], which appeared to be the best model for predicting sedi-
ment transport in pipe channels (Fr = f(CV, d/D, d/R, ks)),
and the MLP and RBF neural networks. Sensitivity analysis
was conducted to examine the effect of each dimensionless
parameter presented in Ebtehaj and Bonakdari’s [33] selected

model. The results indicated that excluding the overall friction
factor of sediment (ks) does not decrease Fr prediction accu-
racy. The results also demonstrated that excluding parameter

CV has the greatest effect on Fr prediction, since it increased
Table A1 Datasets employed to predict sediment transport in clean

Investigators Test # Dimensionless parameters

ks CV Dgr d/R R/D

Ab Ghani [6] 1 0.024 426 23.52 0.03 0.2

Ab Ghani [6] 2 0.019 151 23.52 0.02 0.2

Ab Ghani [6] 3 0.025 186 50.59 0.07 0.1

Ab Ghani [6] 4 0.025 309 50.59 0.06 0.2

Ab Ghani [6] 5 0.023 164 106.23 0.11 0.2

Ab Ghani [6] 6 0.038 285 106.23 0.16 0.1

Ab Ghani [6] 7 0.027 163 106.23 0.20 0.1

Ab Ghani [6] 8 0.024 1237 144.17 0.17 0.2

Ab Ghani [6] 9 0.022 296 23.52 0.02 0.2

Ab Ghani [6] 10 0.016 38 23.52 0.02 0.3

Ab Ghani [6] 11 0.019 82 23.52 0.02 0.2

Ab Ghani [6] 12 0.021 115 50.59 0.05 0.2

Ab Ghani [6] 13 0.020 291 50.59 0.05 0.2

Ab Ghani [6] 14 0.023 155 50.59 0.05 0.2

Ab Ghani [6] 15 0.019 121 50.59 0.05 0.2

Ab Ghani [6] 16 0.020 138 106.23 0.09 0.2

Ab Ghani [6] 17 0.023 373 106.23 0.11 0.2

Ab Ghani [6] 18 0.019 369 144.17 0.12 0.3

Ab Ghani [6] 19 0.020 197 11.63 0.01 0.1

Ab Ghani [6] 20 0.020 222 24.53 0.03 0.1

Ab Ghani [6] 21 0.019 232 24.53 0.02 0.1

Ab Ghani [6] 22 0.020 80 24.53 0.02 0.1

Ab Ghani [6] 23 0.016 734 24.53 0.02 0.1

Ab Ghani [6] 24 0.015 388 24.53 0.02 0.1

Ab Ghani [6] 25 0.016 183 24.53 0.02 0.1

Ab Ghani [6] 26 0.014 27 24.53 0.01 0.2

Ab Ghani [6] 27 0.018 294 50.59 0.04 0.1

Ab Ghani [6] 28 0.018 503 50.59 0.04 0.1

Ab Ghani [6] 29 0.016 202 50.59 0.03 0.1

Ab Ghani [6] 30 0.017 121 50.59 0.03 0.1

Ab Ghani [6] 31 0.017 70 50.59 0.03 0.2

Ab Ghani [6] 32 0.013 33 50.59 0.03 0.2

Ab Ghani [6] 33 0.017 9 50.59 0.03 0.2

Ab Ghani [6] 34 0.019 566 144.17 0.12 0.1

Ab Ghani [6] 35 0.018 461 106.23 0.09 0.1

Ab Ghani [6] 36 0.019 486 106.23 0.09 0.1

Ab Ghani [6] 37 0.018 997 106.23 0.08 0.1
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the mean relative error to 20%. Not using parameters d/D
and d/R also negatively impacts Fr prediction. Therefore, the
superior model selected in this study is Fr = f(CV, d/D, d/

R). Subsequently, the DT-MLP and DT-RBF hybrids com-
prising two neural networks and decision trees (DT) were com-
pared with MLP and RBF. According to the comparison, DT-

MLP (R2 = 0.975, MARE= 0.063, RMSE = 0.328;
SI = 0.081; BIAS = -0.01) outperformed MLP, while DT-
RBF (R2 = 0.934, MARE = 0.103, RMSE = 0.527;

SI = 0.13; BIAS = -0.071) outperformed RBF. The MLP
model was more accurate than RBF in both training and test-
ing. A comparison of the model presented in this article (DT-
MLP) with existing regression-based equations further signi-

fied that DT-MLP is superior to the existing models.

Appendix A. Datasets

See Table A1.
pipes.

Fr

y/D d/D D2/A Observed MLP RBF DT-

MLP

DT-

RBF

3 0.43 0.006 3.06 6.08 6.59 7.33 6.62 6.80

5 0.49 0.006 2.64 5.86 5.58 5.07 5.48 5.32

9 0.33 0.013 4.38 2.76 2.80 2.78 2.98 2.88

2 0.41 0.013 3.26 3.39 3.77 3.67 3.78 3.67

4 0.48 0.027 2.66 2.04 2.02 2.09 2.13 2.51

7 0.31 0.027 4.89 1.75 1.85 2.44 1.95 2.30

4 0.24 0.027 7.12 1.52 2.10 2.44 1.63 2.11

2 0.42 0.037 3.21 2.45 2.71 2.55 2.45 2.16

6 0.52 0.006 2.43 6.72 6.15 6.57 6.48 6.38

0 0.76 0.006 1.57 4.21 4.71 4.64 4.45 4.93

8 0.63 0.006 1.93 5.27 5.54 4.88 5.48 5.36

9 0.65 0.013 1.86 3.51 3.55 3.07 3.43 3.36

6 0.52 0.013 2.42 4.07 4.08 3.97 4.10 3.96

7 0.56 0.013 2.22 3.45 3.58 3.17 3.54 3.42

8 0.60 0.013 2.02 3.45 3.49 3.04 3.41 3.33

9 0.68 0.027 1.76 2.31 2.31 2.38 2.40 2.02

6 0.53 0.027 2.37 2.92 2.71 2.46 2.66 3.15

0 0.74 0.037 1.61 2.18 2.41 2.64 2.18 2.36

3 0.21 0.002 8.31 8.36 8.54 7.93 8.44 8.24

3 0.21 0.003 8.32 5.78 6.05 5.79 5.90 5.92

4 0.23 0.003 7.34 5.98 6.25 6.13 6.19 6.23

4 0.24 0.003 6.73 4.66 5.24 4.85 5.01 5.42

7 0.29 0.003 5.21 9.30 8.46 11.77 8.42 10.16

9 0.34 0.003 4.25 9.12 7.09 8.77 7.91 8.31

9 0.34 0.003 4.22 7.38 6.90 6.72 7.11 6.99

4 0.46 0.003 2.87 5.51 5.37 5.72 5.33 5.58

5 0.27 0.007 5.99 4.81 4.73 4.59 4.81 4.70

7 0.30 0.007 5.16 6.00 6.18 6.47 5.83 6.06

9 0.34 0.007 4.21 5.24 4.85 4.45 4.83 4.61

9 0.34 0.007 4.18 4.21 4.24 3.79 4.19 4.15

0 0.36 0.007 3.92 3.62 3.78 3.46 3.73 3.93

3 0.43 0.007 3.11 3.25 3.50 3.48 3.43 3.52

5 0.51 0.007 2.47 2.85 3.04 3.60 3.40 2.45

6 0.27 0.019 5.94 2.82 2.87 2.49 2.81 2.55

5 0.27 0.014 5.98 3.32 3.26 3.29 3.15 3.04

6 0.27 0.014 5.74 3.41 3.43 3.42 3.24 3.06

7 0.30 0.014 5.14 4.14 4.13 5.28 4.07 4.15

(continued on next page)
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Table A1 (continued)

Investigators Test # Dimensionless parameters Fr

ks CV Dgr d/R R/D y/D d/D D2/A Observed MLP RBF DT-

MLP

DT-

RBF

Ab Ghani [6] 38 0.021 43 106.23 0.07 0.19 0.33 0.014 4.37 2.11 2.05 2.13 2.05 2.33

Ab Ghani [6] 39 0.021 7 106.23 0.07 0.19 0.34 0.014 4.25 1.54 1.81 1.99 1.37 1.68

Ab Ghani [6] 40 0.016 308 106.23 0.07 0.19 0.34 0.014 4.21 3.61 4.05 3.98 4.04 3.94

Ab Ghani [6] 41 0.016 903 106.23 0.07 0.19 0.35 0.014 4.10 4.29 4.18 5.76 4.37 4.71

Ab Ghani [6] 42 0.020 14 106.23 0.07 0.21 0.39 0.014 3.55 1.67 1.85 2.01 1.66 1.89

Ab Ghani [6] 43 0.015 52 106.23 0.06 0.24 0.46 0.014 2.84 2.62 2.35 2.27 2.44 2.67

Ab Ghani [6] 44 0.016 17 106.23 0.05 0.25 0.51 0.014 2.49 1.98 2.07 2.13 2.07 2.27

Ab Ghani [6] 45 0.021 418 144.17 0.14 0.14 0.23 0.019 7.14 2.40 2.29 2.42 2.27 2.48

Ab Ghani [6] 46 0.020 196 144.17 0.13 0.14 0.24 0.019 6.75 1.93 2.18 2.35 2.02 2.50

Ab Ghani [6] 47 0.019 566 144.17 0.12 0.16 0.27 0.019 5.94 2.82 2.71 2.91 2.86 3.58

Ab Ghani [6] 48 0.017 1183 144.17 0.11 0.17 0.30 0.019 5.06 3.52 3.46 3.39 3.44 2.60

Ab Ghani [6] 49 0.017 374 144.17 0.10 0.19 0.34 0.019 4.19 3.03 2.90 2.62 2.81 2.69

Ab Ghani [6] 50 0.017 298 144.17 0.10 0.19 0.35 0.019 4.13 2.47 2.69 2.49 2.72 2.55

Ab Ghani [6] 51 0.017 1190 144.17 0.10 0.19 0.35 0.019 4.09 3.67 3.30 4.29 3.57 3.43

Ab Ghani [6] 52 0.016 93 144.17 0.09 0.20 0.36 0.019 3.92 2.14 2.20 2.10 2.19 2.15

Ab Ghani [6] 53 0.014 44 144.17 0.08 0.23 0.43 0.019 3.11 1.90 2.09 2.02 2.03 1.83

Ab Ghani [6] 54 0.014 57 144.17 0.08 0.25 0.49 0.019 2.62 2.24 2.23 2.13 2.19 2.00

Ab Ghani [6] 55 0.020 647 209.93 0.21 0.13 0.21 0.027 8.23 1.95 1.97 1.89 1.95 2.02

Ab Ghani [6] 56 0.019 755 209.93 0.17 0.16 0.27 0.027 5.88 2.32 2.15 2.38 2.28 2.21

Ab Ghani [6] 57 0.016 1280 209.93 0.16 0.17 0.30 0.027 5.17 3.09 3.03 2.14 3.10 2.28

Ab Ghani [6] 58 0.017 144 209.93 0.14 0.20 0.36 0.027 3.90 1.77 1.82 2.19 1.73 2.39

Ab Ghani [6] 59 0.016 1128 209.93 0.13 0.22 0.41 0.027 3.35 3.29 2.92 2.46 3.42 2.45

Ab Ghani [6] 60 0.017 63 209.93 0.13 0.22 0.41 0.027 3.34 1.59 1.78 2.03 1.58 2.45

Ab Ghani [6] 61 0.017 316 209.93 0.12 0.23 0.45 0.027 2.95 2.42 2.30 2.17 2.47 2.48

Ab Ghani [6] 62 0.014 68 209.93 0.11 0.25 0.49 0.027 2.61 1.84 1.82 1.99 1.82 2.51

Ab Ghani [6] 63 0.016 5 18.21 0.01 0.25 0.50 0.002 2.57 5.64 6.41 7.14 6.04 6.71

Ab Ghani [6] 64 0.017 13 18.21 0.01 0.25 0.50 0.002 2.53 7.28 7.62 7.24 7.90 7.40

Ab Ghani [6] 65 0.018 22 18.21 0.01 0.25 0.50 0.002 2.58 9.11 8.75 7.33 8.79 8.12

Ab Ghani [6] 66 0.017 7 18.21 0.01 0.25 0.50 0.002 2.57 6.57 6.30 7.14 6.58 6.82

Ab Ghani [6] 67 0.016 8 18.21 0.01 0.25 0.50 0.002 2.56 7.48 6.87 7.18 6.93 6.97

Ab Ghani [6] 68 0.017 11 18.21 0.01 0.25 0.50 0.002 2.58 8.45 7.28 7.21 7.55 7.20

Ab Ghani [6] 69 0.018 18 18.21 0.01 0.25 0.50 0.002 2.55 9.13 8.28 7.29 8.47 7.81

Ab Ghani [6] 70 0.016 20 18.21 0.01 0.25 0.51 0.002 2.49 9.90 8.61 7.33 8.69 8.01

Ab Ghani [6] 71 0.017 5 18.21 0.01 0.25 0.50 0.002 2.56 6.53 6.42 7.15 6.04 6.72

Ab Ghani [6] 72 0.018 2 18.21 0.01 0.25 0.50 0.002 2.55 4.67 5.97 7.12 4.88 6.48

Ab Ghani [6] 73 0.018 5 18.21 0.01 0.25 0.50 0.002 2.57 5.56 6.41 7.14 6.04 6.71

Ab Ghani [6] 74 0.018 38 18.21 0.01 0.25 0.49 0.002 2.58 11.26 10.54 7.50 10.75 9.44

Ab Ghani [6] 75 0.016 13 18.21 0.01 0.25 0.50 0.002 2.57 6.98 7.58 7.23 7.88 7.38

Ab Ghani [6] 76 0.016 19 18.21 0.01 0.25 0.50 0.002 2.56 7.90 8.39 7.30 8.55 7.88

Ab Ghani [6] 77 0.017 3 18.21 0.01 0.25 0.50 0.002 2.55 5.12 6.12 7.13 5.30 6.56

Ab Ghani [6] 78 0.017 5 18.21 0.01 0.25 0.50 0.002 2.58 6.04 6.40 7.14 6.03 6.71

Ab Ghani [6] 79 0.015 14 18.21 0.01 0.25 0.50 0.002 2.55 7.81 7.74 7.25 8.03 7.47

Ab Ghani [6] 80 0.028 320 24.53 0.02 0.14 0.24 0.003 6.98 6.55 6.73 7.07 6.75 6.89

Ab Ghani [6] 81 0.027 262 24.53 0.02 0.16 0.27 0.003 5.84 6.74 6.58 6.89 6.81 6.88

Ab Ghani [6] 82 0.023 379 24.53 0.02 0.17 0.30 0.003 4.99 7.77 7.05 8.36 7.58 7.94

Ab Ghani [6] 83 0.028 161 50.59 0.04 0.17 0.29 0.007 5.27 3.75 4.10 3.78 4.20 4.11

Ab Ghani [6] 84 0.025 13 50.59 0.03 0.25 0.49 0.007 2.63 2.87 3.13 3.55 3.64 2.86

Ab Ghani [6] 85 0.024 61 50.59 0.03 0.21 0.39 0.007 3.54 3.41 3.84 3.54 3.78 4.02

Ab Ghani [6] 86 0.026 129 50.59 0.03 0.19 0.35 0.007 4.11 3.85 4.35 3.89 4.29 4.22

Ab Ghani [6] 87 0.028 318 50.59 0.04 0.16 0.27 0.007 5.81 4.67 4.94 4.82 4.97 4.87

Ab Ghani [6] 88 0.029 318 50.59 0.06 0.11 0.18 0.007 10.62 3.88 3.53 4.02 3.96 4.37

Ab Ghani [6] 89 0.022 235 50.59 0.03 0.20 0.37 0.007 3.85 5.54 5.22 4.89 5.18 4.95

Ab Ghani [6] 90 0.029 252 106.23 0.08 0.17 0.29 0.014 5.24 2.57 2.74 2.82 2.91 2.68

Ab Ghani [6] 91 0.028 437 106.23 0.10 0.14 0.24 0.014 6.98 3.15 2.89 3.03 2.95 3.41

Ab Ghani [6] 92 0.031 562 106.23 0.12 0.12 0.20 0.014 9.08 2.66 2.78 2.92 2.81 2.62

Ab Ghani [6] 93 0.028 419 106.23 0.09 0.15 0.27 0.014 5.96 3.08 3.11 3.18 3.10 2.98

Ab Ghani [6] 94 0.026 37 106.23 0.06 0.24 0.46 0.014 2.81 2.19 2.21 2.19 2.27 2.14

Ab Ghani [6] 95 0.026 15 106.23 0.06 0.25 0.49 0.014 2.65 1.99 1.99 2.09 1.98 2.21

Ab Ghani [6] 96 0.027 207 106.23 0.07 0.19 0.35 0.014 4.09 2.65 2.89 2.83 3.02 2.82

Ab Ghani [6] 97 0.028 542 106.23 0.09 0.16 0.27 0.014 5.75 3.19 3.63 3.57 3.31 3.15
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Table A1 (continued)

Investigators Test # Dimensionless parameters Fr

ks CV Dgr d/R R/D y/D d/D D2/A Observed MLP RBF DT-

MLP

DT-

RBF

Ab Ghani [6] 98 0.030 586 106.23 0.13 0.11 0.18 0.014 10.49 2.65 2.60 2.84 2.55 2.57

Ab Ghani [6] 99 0.022 313 106.23 0.07 0.20 0.36 0.014 3.87 3.84 3.42 3.34 3.42 3.20

Ab Ghani [6] 100 0.029 254 144.17 0.11 0.17 0.29 0.019 5.23 2.20 2.33 2.29 2.34 2.59

Ab Ghani [6] 101 0.029 662 144.17 0.13 0.14 0.24 0.019 6.85 2.65 2.86 2.45 2.66 2.50

Ab Ghani [6] 102 0.027 366 144.17 0.10 0.18 0.33 0.019 4.42 2.80 2.79 2.55 2.76 2.95

Ab Ghani [6] 103 0.030 617 144.17 0.16 0.12 0.20 0.019 9.24 2.32 2.29 2.54 2.33 2.37

Ab Ghani [6] 104 0.029 537 144.17 0.12 0.16 0.27 0.019 5.93 2.63 2.78 2.47 2.74 2.55

Ab Ghani [6] 105 0.025 31 144.17 0.08 0.24 0.46 0.019 2.82 1.89 2.04 2.01 1.93 1.63

Ab Ghani [6] 106 0.030 745 144.17 0.17 0.11 0.18 0.019 10.49 2.27 2.30 2.51 2.35 2.30

Ab Ghani [6] 107 0.023 443 144.17 0.11 0.17 0.30 0.019 4.98 3.20 2.82 2.53 2.91 2.60

Ab Ghani [6] 108 0.027 516 209.93 0.15 0.19 0.33 0.027 4.39 2.30 2.16 2.27 2.27 2.35

Ab Ghani [6] 109 0.032 867 209.93 0.23 0.12 0.20 0.027 9.02 1.88 1.93 1.65 1.87 1.97

Ab Ghani [6] 110 0.029 705 209.93 0.17 0.16 0.27 0.027 5.86 2.15 2.06 2.40 2.26 2.21

Ab Ghani [6] 111 0.025 30 209.93 0.11 0.24 0.46 0.027 2.81 1.56 1.73 1.95 1.59 1.67

Ab Ghani [6] 112 0.029 765 209.93 0.17 0.16 0.28 0.027 8.75 2.25 2.23 2.37 2.30 2.23

Ab Ghani [6] 113 0.032 923 209.93 0.25 0.11 0.18 0.027 10.30 1.85 1.99 1.81 1.71 1.88

Ab Ghani [6] 114 0.025 837 209.93 0.16 0.17 0.31 0.027 4.87 2.59 2.75 2.26 2.52 2.30

Ab Ghani [6] 115 0.024 583 209.93 0.13 0.20 0.37 0.027 3.76 2.66 2.61 2.20 2.65 2.41

Ab Ghani [6] 116 0.028 1 24.53 0.01 0.29 0.68 0.003 1.77 3.30 3.45 5.99 3.18 4.28

Ab Ghani [6] 117 0.021 30 24.53 0.01 0.28 0.61 0.003 1.99 5.63 6.10 6.20 6.14 6.51

Ab Ghani [6] 118 0.029 2 50.59 0.02 0.29 0.68 0.007 1.76 2.28 2.88 3.95 2.31 1.76

Ab Ghani [6] 119 0.023 32 50.59 0.03 0.26 0.54 0.007 2.34 3.41 3.87 3.89 4.01 4.30

Ab Ghani [6] 120 0.025 10 50.59 0.02 0.27 0.56 0.007 2.21 2.87 3.16 3.76 3.49 2.45

Ab Ghani [6] 121 0.023 14 50.59 0.02 0.28 0.63 0.007 1.92 3.10 3.42 3.97 3.75 2.75

Ab Ghani [6] 122 0.023 14 50.59 0.02 0.30 0.72 0.007 1.64 3.04 3.50 4.13 3.77 2.76

Ab Ghani [6] 123 0.025 12 106.23 0.05 0.27 0.56 0.014 2.19 1.97 2.11 2.17 2.18 2.40

Ab Ghani [6] 124 0.024 16 106.23 0.05 0.28 0.63 0.014 1.92 2.14 2.29 2.27 2.36 2.52

Ab Ghani [6] 125 0.022 84 106.23 0.05 0.26 0.54 0.014 2.32 2.75 2.76 2.70 2.75 2.62

Ab Ghani [6] 126 0.022 55 209.93 0.10 0.28 0.59 0.027 2.06 1.78 1.89 2.09 2.09 2.22

Ab Ghani [6] 127 0.038 145 50.59 0.05 0.14 0.24 0.007 6.75 3.97 3.45 3.36 3.73 3.83

Ab Ghani [6] 128 0.034 109 50.59 0.04 0.18 0.31 0.007 4.81 4.06 3.83 3.49 3.87 3.91

Ab Ghani [6] 129 0.032 70 50.59 0.03 0.22 0.41 0.007 3.28 4.08 4.11 3.73 4.01 4.18

Ab Ghani [6] 130 0.027 57 50.59 0.03 0.25 0.51 0.007 2.48 4.60 4.38 4.03 4.35 4.53

Ab Ghani [6] 131 0.038 246 106.23 0.10 0.14 0.25 0.014 6.70 2.72 2.46 2.67 2.67 3.04

Ab Ghani [6] 132 0.035 190 106.23 0.08 0.18 0.31 0.014 4.80 2.79 2.63 2.67 2.79 2.61

Ab Ghani [6] 133 0.032 76 106.23 0.06 0.22 0.41 0.014 3.30 2.82 2.42 2.33 2.52 2.65

Ab Ghani [6] 134 0.033 215 106.23 0.07 0.20 0.35 0.014 4.02 3.16 2.95 2.87 3.07 2.86

Ab Ghani [6] 135 0.038 278 144.17 0.13 0.14 0.24 0.019 6.72 2.34 2.22 2.36 2.14 2.51

Ab Ghani [6] 136 0.035 201 144.17 0.11 0.18 0.31 0.019 4.81 2.40 2.31 2.24 2.33 2.61

Ab Ghani [6] 137 0.032 138 144.17 0.09 0.22 0.41 0.019 3.30 2.43 2.45 2.28 2.46 1.97

Ab Ghani [6] 138 0.026 119 144.17 0.07 0.25 0.51 0.019 2.48 2.72 2.61 2.40 2.56 2.22

Ab Ghani [6] 139 0.033 199 144.17 0.10 0.19 0.35 0.019 3.99 2.72 2.45 2.31 2.53 2.36

Ab Ghani [6] 140 0.039 323 209.93 0.19 0.14 0.25 0.027 6.63 1.91 1.99 2.50 1.93 2.15

Ab Ghani [6] 141 0.036 267 209.93 0.15 0.18 0.31 0.027 4.74 1.96 1.85 2.41 1.93 2.31

Ab Ghani [6] 142 0.033 200 209.93 0.12 0.22 0.41 0.027 3.28 2.00 1.92 2.09 1.95 2.45

Ab Ghani [6] 143 0.034 403 209.93 0.14 0.20 0.36 0.027 3.96 2.21 2.07 2.21 2.20 2.39

Ab Ghani [6] 144 0.030 7 144.17 0.06 0.29 0.65 0.019 1.84 1.91 6.72 7.17 6.66 6.88

Ota and Nalluri [21] 145 0.028 20.4 17.96 0.01 0.19 0.33 0.002 4.34 5.22 5.14 5.86 5.26 5.35

Ota and Nalluri [21] 146 0.026 20.2 17.96 0.01 0.25 0.49 0.002 2.62 6.32 5.72 6.51 6.19 6.41

Ota and Nalluri [21] 147 0.028 25.2 29.85 0.02 0.19 0.33 0.004 4.34 4.05 4.13 4.42 4.15 3.91

Ota and Nalluri [21] 148 0.026 24.9 29.85 0.02 0.25 0.49 0.004 2.62 4.90 4.74 5.23 4.58 4.60

Ota and Nalluri [21] 149 0.030 28.0 50.59 0.04 0.17 0.29 0.007 5.33 2.86 2.64 2.66 2.77 2.93

Ota and Nalluri [21] 150 0.028 28.8 50.59 0.04 0.19 0.33 0.007 4.34 3.11 2.98 2.93 3.12 3.17

Ota and Nalluri [21] 151 0.026 29.7 50.59 0.03 0.22 0.41 0.007 3.27 3.51 3.42 3.36 3.50 3.47

Ota and Nalluri [21] 152 0.026 32.0 50.59 0.03 0.25 0.49 0.007 2.62 3.76 3.76 3.72 3.92 4.16

Ota and Nalluri [21] 153 0.025 27.0 50.59 0.02 0.28 0.62 0.007 1.96 4.09 3.89 4.09 3.97 3.53

Ota and Nalluri [21] 154 0.028 31.5 71.07 0.05 0.19 0.33 0.009 4.34 2.63 2.38 2.32 2.38 2.47

Ota and Nalluri [21] 155 0.026 35.4 71.07 0.04 0.25 0.49 0.009 2.62 3.17 3.20 2.90 3.11 3.05

Ota and Nalluri [21] 156 0.025 29.7 71.07 0.03 0.28 0.62 0.009 1.96 3.45 3.39 3.23 3.49 3.31

Ota and Nalluri [21] 157 0.030 36.3 103.45 0.08 0.17 0.29 0.013 5.33 2.00 2.05 2.01 1.93 1.58

(continued on next page)
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Table A1 (continued)

Investigators Test # Dimensionless parameters Fr

ks CV Dgr d/R R/D y/D d/D D2/A Observed MLP RBF DT-

MLP

DT-

RBF

Ota and Nalluri [21] 158 0.028 43.5 103.45 0.07 0.19 0.33 0.013 4.34 2.18 2.18 2.11 2.15 2.11

Ota and Nalluri [21] 159 0.026 45.4 103.45 0.06 0.22 0.41 0.013 3.27 2.46 2.43 2.31 2.36 2.53

Ota and Nalluri [21] 160 0.026 43.2 103.45 0.05 0.25 0.49 0.013 2.62 2.63 2.67 2.48 2.51 2.80

Ota and Nalluri [21] 161 0.025 41.3 103.45 0.05 0.28 0.62 0.013 1.96 2.86 3.01 2.76 3.07 2.58

Ota and Nalluri [21] 162 0.028 57.7 141.89 0.10 0.19 0.33 0.018 4.34 1.86 1.96 2.01 2.08 2.16

Ota and Nalluri [21] 163 0.026 59.4 141.89 0.08 0.22 0.41 0.018 3.27 2.10 2.14 2.25 2.18 1.82

Ota and Nalluri [21] 164 0.026 57.7 141.89 0.07 0.25 0.49 0.018 2.62 2.25 2.28 2.49 2.27 2.21

Ota and Nalluri [21] 165 0.025 52.1 141.89 0.07 0.28 0.62 0.018 1.96 2.44 2.45 2.80 2.37 2.80

Ota and Nalluri [21] 166 0.028 28.8 50.59 0.04 0.19 0.33 0.007 4.34 3.11 2.98 2.93 3.12 3.17

Ota and Nalluri [21] 167 0.026 29.7 50.59 0.03 0.22 0.41 0.007 3.27 3.51 3.42 3.36 3.50 3.47

Ota and Nalluri [21] 168 0.026 32.0 50.59 0.03 0.25 0.49 0.007 2.62 3.76 3.76 3.72 3.92 4.16

Ota and Nalluri [21] 169 0.025 27.0 50.59 0.02 0.28 0.62 0.007 1.96 4.09 3.89 4.09 3.97 3.53

Ota and Nalluri [21] 170 0.028 29.9 50.59 0.04 0.19 0.33 0.007 4.34 3.11 3.00 2.94 3.11 3.17

Ota and Nalluri [21] 171 0.026 31.2 50.59 0.03 0.25 0.49 0.007 2.62 3.76 3.74 3.71 3.92 4.09

Ota and Nalluri [21] 172 0.025 28.2 50.59 0.02 0.28 0.62 0.007 1.96 4.09 3.93 4.10 3.98 3.63

Ota and Nalluri [21] 173 0.028 29.9 50.59 0.04 0.19 0.33 0.007 4.34 3.11 3.00 2.94 3.11 3.17

Ota and Nalluri [21] 174 0.026 33.9 50.59 0.03 0.22 0.41 0.007 3.27 3.51 3.52 3.40 3.52 3.47

Ota and Nalluri [21] 175 0.026 32.8 50.59 0.03 0.25 0.49 0.007 2.62 3.76 3.78 3.73 3.93 4.22

Ota and Nalluri [21] 176 0.025 30.5 50.59 0.02 0.28 0.62 0.007 1.96 4.09 4.03 4.12 4.01 3.82

Ota and Nalluri [21] 177 0.028 34.1 50.59 0.04 0.19 0.33 0.007 4.34 3.11 3.09 2.97 3.11 3.17

Ota and Nalluri [21] 178 0.026 34.6 50.59 0.03 0.25 0.49 0.007 2.62 3.76 3.83 3.74 3.94 4.37

Ota and Nalluri [21] 179 0.025 32.7 50.59 0.02 0.28 0.62 0.007 1.96 4.09 4.11 4.14 4.03 4.01

Ota and Nalluri [21] 180 0.028 34.1 50.59 0.04 0.19 0.33 0.007 4.34 3.11 3.09 2.97 3.11 3.17

Ota and Nalluri [21] 181 0.026 41.9 50.59 0.03 0.22 0.41 0.007 3.27 3.51 3.70 3.47 3.53 3.47

Ota and Nalluri [21] 182 0.026 40.6 50.59 0.03 0.25 0.49 0.007 2.62 3.76 4.00 3.80 3.99 4.87

Ota and Nalluri [21] 183 0.025 37.7 50.59 0.02 0.28 0.62 0.007 1.96 4.09 4.29 4.19 4.09 4.42

Vongvisessomjai et al. [19] 184 0.048 4 5.06 0.01 0.17 0.30 0.002 5.05 4.17 4.18 5.90 4.14 4.37

Vongvisessomjai et al. [19] 185 0.047 22 5.06 0.01 0.17 0.30 0.002 5.05 5.91 5.63 6.09 5.92 5.86

Vongvisessomjai et al. [19] 186 0.042 24 5.06 0.01 0.25 0.50 0.002 5.05 7.61 7.39 6.94 7.71 7.50

Vongvisessomjai et al. [19] 187 0.053 42 5.06 0.02 0.12 0.20 0.002 5.05 5.73 5.33 5.38 5.60 6.20

Vongvisessomjai et al. [19] 188 0.048 6 7.59 0.02 0.17 0.30 0.003 5.05 3.40 3.60 4.79 3.20 2.95

Vongvisessomjai et al. [19] 189 0.047 29 7.59 0.02 0.17 0.30 0.003 3.41 4.82 4.70 5.02 4.69 4.85

Vongvisessomjai et al. [19] 190 0.041 30 7.59 0.01 0.28 0.60 0.003 3.41 6.66 6.32 6.34 6.43 6.76

Vongvisessomjai et al. [19] 191 0.041 71 7.59 0.01 0.28 0.60 0.003 5.05 8.15 8.61 6.78 8.49 7.59

Vongvisessomjai et al. [19] 192 0.048 6 10.88 0.03 0.17 0.30 0.004 5.05 2.84 3.03 3.71 2.85 2.41

Vongvisessomjai et al. [19] 193 0.047 34 10.88 0.03 0.17 0.30 0.004 3.41 4.03 3.90 3.97 4.08 4.73

Vongvisessomjai et al. [19] 194 0.041 35 10.88 0.02 0.28 0.60 0.004 5.05 5.56 5.40 5.42 5.19 5.63

Vongvisessomjai et al. [19] 195 0.047 79 10.88 0.03 0.17 0.30 0.004 3.41 4.93 4.80 4.38 4.58 4.89

Vongvisessomjai et al. [19] 196 0.041 83 10.88 0.02 0.28 0.60 0.004 5.05 6.81 6.96 5.91 6.98 6.54

Vongvisessomjai et al. [19] 197 0.046 4 5.06 0.01 0.12 0.20 0.001 8.93 4.34 4.53 6.08 4.44 4.68

Vongvisessomjai et al. [19] 198 0.046 21 5.06 0.01 0.12 0.20 0.001 4.37 6.13 5.93 6.26 6.43 6.09

Vongvisessomjai et al. [19] 199 0.041 25 5.06 0.01 0.19 0.33 0.001 8.93 8.19 8.73 7.20 8.77 8.06

Vongvisessomjai et al. [19] 200 0.047 46 5.06 0.01 0.12 0.20 0.001 8.93 7.50 7.42 6.52 7.54 7.48

Vongvisessomjai et al. [19] 201 0.046 5 7.59 0.02 0.12 0.20 0.002 3.41 3.54 3.68 5.01 3.30 3.15

Vongvisessomjai et al. [19] 202 0.038 7 7.59 0.01 0.21 0.40 0.002 3.41 5.19 4.96 6.44 5.54 5.51

Vongvisessomjai et al. [19] 203 0.039 31 7.59 0.01 0.21 0.40 0.002 8.93 7.33 7.26 6.70 7.52 7.49

Vongvisessomjai et al. [19] 204 0.047 57 7.59 0.02 0.12 0.20 0.002 3.41 6.13 5.77 5.53 5.81 6.30

Vongvisessomjai et al. [19] 205 0.039 74 7.59 0.01 0.21 0.40 0.002 3.41 8.98 9.74 7.16 8.85 8.02

Vongvisessomjai et al. [19] 206 0.046 8 10.88 0.02 0.12 0.20 0.003 8.93 2.96 3.25 3.97 3.11 2.67

Vongvisessomjai et al. [19] 207 0.038 9 10.88 0.01 0.21 0.40 0.003 3.41 4.34 4.18 5.57 4.40 4.16

Vongvisessomjai et al. [19] 208 0.039 40 10.88 0.01 0.21 0.40 0.003 3.41 6.13 6.12 5.89 6.34 6.72

Vongvisessomjai et al. [19] 209 0.047 69 10.88 0.02 0.12 0.20 0.003 8.93 5.12 4.82 4.54 4.57 5.14

Vongvisessomjai et al. [19] 210 0.039 90 10.88 0.01 0.21 0.40 0.003 3.41 7.50 7.65 6.41 7.45 7.10

Vongvisessomjai et al. [19] 211 0.041 5 5.06 0.01 0.28 0.60 0.002 3.41 5.76 5.48 6.94 5.74 6.32

Vongvisessomjai et al. [19] 212 0.047 49 5.06 0.01 0.17 0.30 0.002 5.05 7.22 7.18 6.37 7.49 7.28

Vongvisessomjai et al. [19] 213 0.041 6 7.59 0.01 0.28 0.60 0.003 3.41 4.71 4.11 6.09 4.60 4.77

Vongvisessomjai et al. [19] 214 0.047 66 7.59 0.02 0.17 0.30 0.003 5.05 5.90 5.82 5.40 5.81 6.08

Vongvisessomjai et al. [19] 215 0.041 7 10.88 0.02 0.28 0.60 0.004 3.41 3.93 3.66 5.13 3.53 3.31

Vongvisessomjai et al. [19] 216 0.051 37 5.06 0.02 0.08 0.13 0.001 16.06 5.87 5.13 5.38 5.47 5.88

Vongvisessomjai et al. [19] 217 0.046 25 7.59 0.02 0.12 0.20 0.002 8.94 5.01 4.69 5.21 4.82 4.81

Vongvisessomjai et al. [19] 218 0.046 29 10.88 0.02 0.12 0.20 0.003 8.94 4.18 3.93 4.17 4.13 4.41
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