217

© IWA Publishing 2021 Water Supply

|

21.1

|

2021

Study of the performance of support vector machine
for predicting vertical drop hydraulic parameters
in the presence of dual horizontal screens
Rasoul Daneshfaraz, Mohammad Bagherzadeh, Reza Esmaeeli,
Reza Norouzi and John Abraham

ABSTRACT
In the present study, the performance of the support vector machine for estimating vertical drop
hydraulic parameters in the presence of dual horizontal screens has been investigated. For this
purpose, 120 different laboratory data were used to estimate three parameters of the drop: the
relative length, the downstream relative depth, and the residual relative energy in the support vector
machine. For each parameter, 12 models were analyzed by using a support vector machine. The
performance of the models was evaluated with statistical criteria (R2, DC, and RMSE) and the best
model was introduced for each of the parameters. The evaluation criteria for the relative length of
the vertical drop equipped with dual horizontal screens for the testing stage are R2 ¼ 0.992, DC ¼
0.981 and RMSE ¼ 0.050. Also, the values of the downstream relative depth evaluation indicators for
the testing stage are R2 ¼ 0.9866, DC ¼ 0.980 and, RMSE ¼ 0.0064. For the residual relative energy
parameter, the values of the residual relative energy evaluation indicators are R2 ¼ 0.9949, DC ¼
0.9853 and RMSE ¼ 0.0056. The results showed the capacity for this approach to predict the
hydraulic performance of these systems with accuracy.
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HIGHLIGHTS

•
•
•

120 different laboratory data were used to estimate three parameters of the drop: the relative
length, downstream relative depth and the residual relative energy.
Intelligent model support vector machine (SVM) is applied to evaluate hydraulic parameters of
vertical drops with dual horizontal screens.
The performance of the models was evaluated with statistical criteria (R2, DC, and RMSE).

LIST OF SYMBOLS
ρ

density

S

distance between the screens (m)

μ

dynamic viscosity

yc

critical depth (m)

g

gravitational acceleration (m s2)

yu

approach ﬂow depth (m)

B

channel width

yd

downstream depth of the drop (m)

h

drop height (m)

Reu

upstream Reynolds number

p

porosity of screens (dimensionless)

Fru

upstream Froude number
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α

relative distance between screens (dimensionless)

yc =h

relative critical depth

Eu

upstream total energy of drop (m)

Ed

downstream specifc energy of drop (m)

LD =h

relative length of drop

yd =h

relative depth of downstream

Ed =Eu residual relative energy
ξ

slack variable

C

regularization parameter

RBF

Gaussian radial basis function

ERBF exponential radial basis function
c

capacity

ε

epsilon

γ

gamma
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their research showed that the drop number was critically
important for predicting hydraulic jump downstream of a
vertical drop but not for sloped drop structures. The use of
vertical screens as an energy dissipator downstream of
small hydraulic structures was ﬁrst introduced by Rajaratnam
& Hurtig (). The Balkiş  study also examined the
effect of the placement angle of screens on the rate of
energy dissipation in a laboratory experiment and showed
that the placement angle of screens does not have much
effect on energy dissipation.
More recently, Barati et al. () investigated empirical
models with high accuracy for estimating drag coefﬁcients
for ﬂow around a smooth sphere with an evolutionary
approach. The performances of the developed models
were examined and compared with other reported models.
The results indicate that these models respectively give
16.2% and 69.4% better results than the best existing corre-

INTRODUCTION

lations in terms of the sum of the square of logarithmic
deviations (SSLD).

A variety of energy dissipation structures are used to reduce

In Mansouri & Ziaei (), the effect of a vertical

the destructive kinetic energy of water ﬂow and prevent

drop positioned adjacent to a downstream reverse slope

damage to downstream hydraulic facilities. In open chan-

was studied numerically. The researchers compared the

nels, one of the most common structures used to dissipate

energy dissipation, depth, and the length of the pool with

energy is the vertical drop. A vertical drop alone cannot

laboratory models. The authors incorporated multiple turbu-

completely dissipate the kinetic energy of the ﬂow, and

lent models in their analysis. They found that the k-ε

this excess energy can cause downstream damage. There-

turbulence model was in better agreement with the labora-

fore, some structures are commonly used to aid in energy

tory data.

dissipation. In recent years, researchers have focused on

Sadeghfam et al. () conducted a laboratory investi-

the use of screens to achieved the desired energy dissipation.

gation of the behavior of screens with supercritical ﬂow,

Studies on vertical drop structures with the upstream

which was simulated by using the Froude number in the

subcritical ﬂow fall into two categories. The ﬁrst category

range of 2.5–8.5. The results of this study showed that the

includes studies of hydraulic performance of the vertical

screens dissipate more energy than a free hydraulic jump,

drop (White ; Rand ; Rajaratnam & Chamani

even for a submerged hydraulic jump. The dual arrangement

; Chamani et al. ). And the second group investi-

of the screens performs better than a single screen, although

gates energy dissipation downstream of vertical drops by

the distance between the screens does not affect the results.

adopting methods and arrangements such as placing

In another work, Alizadeh et al. () predicted longi-

additional structures (Esen et al. ; Hong et al. ;

tudinal dispersion coefﬁcients in natural rivers using a

Sadeghfam et al. ; Kabiri-Samani et al. ; Danesh-

cluster-based Bayesian network. The results show that a

faraz et al. ; Daneshfaraz et al. a).

dimensionless BN model resulted in a 30% reduction of

Past studies such as Sholichin & Akib () studied the

the root mean square error. The accuracy criterion was

effect of drop number and its inﬂuence on estimating

increased from 70 to 83% by performing clustering analysis

hydraulic jumps downstream of the vertical drops and

on the BN model.

sloped drops. The study incorporated three angles and rela-

Daneshfaraz et al. () conducted a numerical study

tive critical depths ranging from 0.1 to 0.6. The results of

by using Flow-3D software and investigated the effect of
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using screens with porosity ratios of 40 and 50% and with

downstream of an inclined drop causes an increase in rela-

the presence of bafﬂes downstream of a sluice gate. They

tive downstream depth of at least 105% and as large as

showed that bafﬂes increased the energy dissipation and

130%.

they validated the numerical models by comparing the
results with experimentation.

Recent research has shown that artiﬁcial intelligence
models have the ability to accurately solve hydraulic and

Results presented in Kabiri-Samani et al. () were

water engineering problems with high uncertainty and

based on a laboratory study of a vertical grid drop-type dis-

have been used as appropriate alternatives to the statistical

sipator. Their results showed that the use of a grid

methods that have been utilized in the past. As an example,

dissipator at the drop brink increases energy dissipation

Sadeghfam et al. () experimentally studied scouring of

and the downstream relative depth. The researchers of

supercritical ﬂow jets upstream of screens and modeled

Chiu et al. () investigated the effect of plunge pool

scouring dimensions using artiﬁcial intelligence to combine

length and characterized the three ﬂow regimes and calcu-

multiple models (AIMM). First, they performed SFL and NF

lated the hydraulic head loss to evaluate the energy

models using laboratory data and then input the results into

dissipation efﬁciency with various drop pool lengths. The

an SVM analysis. The authors showed that the SVM model

results showed that the hydraulic head loss progressively

improves predictive skill. Similarly, Norouzi Sarkarabad

increases with increasing pool length in the skimming ﬂow

et al. () used an adaptive neuro-fuzzy inference system

condition, and signiﬁcantly increases and becomes the maxi-

(ANFIS) and reported that the ANFIS model was the best

mum value as the ﬂow pattern switches to the periodic

model based on the selected performance measures.

oscillatory ﬂow regime. The head loss gradually decreases

According to the above studies, it is clear that while

with increasing pool length for the periodic oscillatory and

studies have been conducted on the behavior of drops and

nappe ﬂow regimes. It has been deduced that the hydraulic

screens, few studies have been performed on the efﬁciency

jump is the dominating effect of energy dissipation for ﬂow

of artiﬁcial intelligence models for predicting energy dissipa-

over a vertical drop pool. The nappe ﬂow condition was

tion of drops and screens. Consequently, the main purpose

superior for practical design because of the creation of a

of this study is to investigate the performance of support

stable hydraulic jump.

vector machine (SVM) for estimating hydraulic parameters

By examining the effect of downstream water depth on a

of vertical drops with dual horizontal screens. Also, the

vertical drop equipped with a horizontal grid dissipator,

results will be evaluated and validated with laboratory

Sharif & Kabiri-Samani () showed that with increasing

data and with the help of statistical indicators.

downstream depth, the impact of the falling jet on the channel bed and the drop length decreases. By equipping vertical
drops with horizontal screens with two porosity ratios and

MATERIALS AND METHODS

three rates of gate opening under supercritical ﬂow conditions, Daneshfaraz et al. () examined the energy

Dimensional analysis

dissipation. The results showed that the use of these screens
increases the relative depth of the pool, the downstream

In the present study, the general form of the equation that

relative depth, and the energy dissipation. They also

relates downstream depth yd to the ﬂow conditions is

showed that the energy dissipation increases by increasing

expressed in Equation (1).

the upstream Froude number and by decreasing relative
critical depth.

yd ¼ f1 (ρ, μ, g, B, h, p, S, yc , yu )

(1)

The energy dissipation of ﬂow due to the use of vertical
screens with two porosity ratios located downstream of

In the above relation, ρ is the density value of water, μ is

inclined drops was studied in Daneshfaraz et al. (b).

the dynamic viscosity, g is the gravitational acceleration, B is

That work showed that the use of a vertical screen

the width of the channel, h is the height of the drop, p is the
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porosity percentage of the screens, S is the vertical distance

In Equation (4), LD/h is the relative length of the

of the screens, yc is the critical depth and yu is the drop

drop, Eu is the total energy upstream of the drop, Eu ¼

upstream water depth. Using the Pi-Buckingham method,

1.5yc þ h, and Ed/Eu is the relative residual energy. The

the downstream relative depth (yd/h) is obtained as a func-

relative distance between the screen plates is 0.25, 0.33,

tion of the following dimensionless parameters:

and 0.50, and the relative critical depth range is between



yd
yc
S
¼ α, Reu , Fru
¼ f2
, p,
h
h
h

0.077 and 0.242. A schematic of the ﬂume, model, and
laboratory equipment of the present study are presented
(2)

In the above relation, Reu, Fru, α, and yd/h are the

in Figure 2.

Details of the numerical model

upstream Reynolds number, the upstream Froude number,
the relative distance between the screens, and the relative

To evaluate the performance of SVM in predicting the

critical depth, respectively. Since the Reynolds number is

hydraulic parameters of a vertical drop equipped with dual

within the turbulent ﬂow range, the effect of viscosity can
be ignored (Ghaderi et al. a, b). Since the range
investigated Froude numbers is small, Froude number variations can be ignored (Daneshfaraz et al. a). With
these simpliﬁcations, there is obtained
y

yd
c
¼ f3
, p, α
h
h

horizontal screens, the data gained from 120 different investigations of physical models made in the laboratory ﬂume at
the University of Maragheh were used. The experiments
were performed in a horizontal, rectangular cross section
ﬂume with Plexiglas walls. The ﬂume is 5 m long, 0.3 m
wide, and 0.45 m deep. Polyethylene screens of 1 cm thick-

(3)

ness spanned the width of the channel. The screens
included a multitude of circular openings each with a diameter of 1 cm and with porosities of 40 and 50%. The vertical

For a vertical drop equipped with dual horizontal
screens, the falling jet becomes a falling sheet-like ﬂow as

drop heights were h ¼ 0.2 m and 0.25 m. To construct a vertical drop with dual horizontal screens, a ﬁrst screen was

shown in Figure 1. The following relationship can be used

oriented parallel in the bed of the channel at distances of

to calculate the total length of the drop and the downstream

0.5 h, 0.33 h, and 0.25 h from the drop brink. Next, the

relative energy:

second screen was placed on the drop brink parallel to the

y

Ed LD
c
,
¼ f4
, p, α
Eu h
h

Figure 1

|

ﬁrst. Tables 1 and 2 show the features of the laboratory
(4)

equipment and the range of variables that have been used
in the present study.

Vertical drop equipped with energy dissipators (a) equipped with plunge pool, (b) equipped with dual horizontal screens.
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Schematic of ﬂume and equipment of the present study.

Features of the laboratory equipment of the present study

Features
Dimensions (length,

Equipment and

Other features

Measurement
accuracy

Material

width, height) meters

materials

—-

—-

Wall and ﬂoor material:
Plexiglass

5 × 0.3 × 0.45

Flume

—-

—-

8 mm Glass

0.2 × 0.3 × 1.2

Physical model

The relative distance between plates:
0.25 h, 0.33 h and 0.5 h (drop height
h)

—-

Polyethylene with the porosity of
40 and 50%, circular holes
(1 cm diameter)

0.01 thickness

Capacity: 150–450 liters per minute

2%

The type of Flowmeter:
Rotameter

—-

pump

Depth measurement

1 mm

—-

—-

Point gauge

The measurement of turbulence length

1 mm

metal

—-

ruler

0.25 × 0.3 × 1.2
Screen

Measuring tools

The support vector machine (SVM)

two stages: training and testing (validation). The main task
of SVM is a linear classiﬁcation of data, and it is optimal

The SVM algorithm is classiﬁed as a pattern recognition

to select a line in the division process that has a high

algorithm and is a supervised learning model that was ﬁrst

degree of reliability. The regression SVM model can take

introduced by Vapnik (). SVM uses regression methods

the problem to a higher dimensional space by the kernel

to solve classiﬁcation analyses and predictions. Like Artiﬁ-

method. Due to separation of data into two classes, there

cial Neural Networks, the analysis steps are divided into

is an inﬁnite number of lines in the two-dimensional
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Range of the measured variables

Range of parameters
α ¼ 0:5h

α ¼ 0:33h

The measured parameters

P ¼ 50%

P ¼ 40%

P ¼ 50%

Q(L=s)

2.5–10

2.5–10

2.5–10

yu (cm)

2.45–5.7

2.45–5.61

2.45–5.7

α ¼ 0:25h
P ¼ 40%

P ¼ 50%

P ¼ 40%

2.5–10

2.5–10

2.5–10

2.45–5.65

2.45–5.7

2.45–5.7

yd (cm)

2.39–5.56

2.41–5.57

2.39–5.55

2.42–5.62

2.27–5.66

2.43–5.69

Lmix (cm)

17.6–41

18.5–42

19–42.5

21–42.5

19–42.5

21–43.75

space. The training data that is closest to the separator page

In Equation (9), the function jmaps data from a non-

is called the support vector separator hyperplane, and the

linear space to linear space. Different types of kernel

hyperplane with the maximum distance between the two

functions are presented in Table 3, each of which has a

classes is known as the most optimal separating hyperplane.

speciﬁc application (Roushangar et al. ). The most

Therefore, according to the relation 6, the value of ||W||

widely used kernel functions in SVM problems are Gaussian

must assign the minimum value to itself, and so the general

radial basis functions (RBF) and exponential radial basis

equation of the optimal hyperplane will be expressed as

functions (ERBF) (Norouzi et al. ), which are used

Equation (7) (Roushangar et al. ).

when there is no prior known brink about data characteristics and their nature. The characteristics of the SVM

2
2
Margin ¼
¼
k W k wT x

(5)

model, the ε value, and C value are also optimized and
the character γ of the kernel RBF function must be also optimized (Roushangar et al. ).

1
Min kW k
2

(6)

wT x þ b ¼ 0

(7)

Model performance evaluation

In some cases, some data may exceed the classiﬁcation

The present research models (Table 4) were simulated using

range and fall into another category. Assuming that the

the Gaussian function (RBF) with three different percen-

slack variable is equal to x, then the issue of optimization

tages [(70:30), (75:25), and (80:20)] and the optimized g

becomes to ﬁnd W, which minimizes the following relation

values. To achieve the most accurate predictions, the
data training process was tested. The following criteria

X
1
Min kW k þ C
ξi
2
i

were used to evaluate the results and the efﬁciency of the
(8)

where C is a so-called ‘regularization parameter’ that controls the trade-off between empirical error and complexity
of the hypothesis space used. Also, when the data is not linearly separable, the data must be mapped from a nonlinear
to a linear space. Eventually, the separating relationship
becomes as follows (Vapnik & Vapnik ):
wT z þ b ¼ 0 ! wT φ(x) þ b ¼ 0
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Different kinds of kernel functions (Roushangar et al. 2018)

Function

Expression

Linear

K(xi , xj ) ¼ (xi , xj )

Polynomial
Radial basis function

K(xi , xj ) ¼ ((xi , xj ) þ 1 )d

 !
xi  xj 2
K(xi , xj ) ¼ exp 
2σ 2

Sigmoid

K(xi , xj ) ¼ tanh (a (xi , xj ) þ c)
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and mean absolute percentage error are calculated using

Input patterns of SVM

The Investigated parameter, model

Input parameters

LD/h
Model 1

(yc/h, α, p)

Model 2

(yc/h, α)

Model 3

(yc/h, p)

Model 4

(yc/h)

Equations (10)–(13), respectively.
vﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
u n
2
u1 X
RMSE ¼ t
(Xexp  Xcal )
n 1
n
P

DC ¼ 1 

yd/h
Model 1

(yc/h, α, p)

Model 2

(yc/h, α)

Model 3

(yc/h, p)

Model 4

(yc/h)

Ed/Eu
Model 1

(yc/h, α, p)

Model 2

(yc/h, α)

Model 3

(yc/h, p)

Model 4

(yc/h)

(10)

2

(Xexp  Xcal )

1
n
P

(11)

2

(Xexp  Xcal )

1

0

12
P
P
P
n Xexp XCal 
Xexp ð Xcal Þ
B
C
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
R2 ¼ @qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
A
P
P
P 2
P 2
2
2
n( Xexp )  ( Xexp ) n( Xcal )  ( Xcal )
(12)
MAPE(%) ¼ 100 ×


n 
Xexp  Xcal 
1X



n 1  Xexp

(13)

1. Root-mean-square error (RMSE)
2. (Nash–Sutcliffe model) efﬁciency coefﬁcient DC
3. Coefﬁcient of determination R2

RESULTS AND DISCUSSION

4. Mean absolute percentage error (MAPE %).

Twelve models were simulated for each of the parameters
The values of root-mean-square error, Nash–Sutcliffe
model efﬁciency coefﬁcient, the coefﬁcient of determination
Table 5

|

using the Gaussian function (RBF). A results summary of
the best combinations is presented in Table 5.

The overall results of the present study

Training
The investigated superior model per percent

Testing

R2

DC

RMSE

MAPE (%)

R2

DC

RMSE

MAPE (%)

(yc/h, α, p) 70:30

0.995

0.987

0.038

2.40

0.992

0.981

0.050

3.06

(yc/h, α, p) 75:25

0.984

0.983

0.038

2.76

0.980

0.964

0.068

3.47

(yc/h, α) 80:20

0.990

0.987

0.038

2.53

0.986

0.980

0.051

3.28

(yc/h, α, p) 70:30

0.9862

0.985

0.0055

3.01

0.984

0.980

0.0067

3.83

(yc/h, α, p) 75:25

0.9869

0.9854

0.0055

2.94

0.981

0.978

0.0070

3.95

(yc/h, α, p) 80:20

0.9872

0.9860

0.0055

2.86

0.987

0.980

0.0064

3.71

(yc/h, α) 70:30

0.9948

0.9686

0.0076

2.66

0.9940

0.9667

0.0084

2.93

(yc/h, α) 75:25

0.9962

0.9875

0.0049

2.30

0.9955

0.9853

0.0056

2.85

(yc/h, α) 80:20

0.9960

0.9862

0.0052

2.31

0.9950

0.9830

0.0057

2.88

LD/h

yd/h

Ed/Eu

Figures in bold denote signiﬁcance.
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and the porosity of the horizontal screens can be seen. By
increasing each of them, the total length of the drop is

To identify the best model, the vertical drop relative lengths

reduced. Also, removing each input combination reduces

for the 12 models were simulated. During the simulations,

the accuracy of the SVM estimate.

70% of the data were used for the testing stage and 30%

The chart of the predicted values of the relative length of the

for the examination stage. Model No. 1 with the input com-

drop shows a higher prediction than the observed values. and

position (yc/h, α, p) provided the best performance. Notice,

ranges from the SVM are lower than the actual values (Figure 3).

Table 6 shows that model No. 1 with statistical data R2 ¼

According to Figure 3, the SVM model has acceptable

0.995, DC ¼ 0.987, and RMSE ¼ 0.038 for the training

performance and the results support the accuracy of the support

stage and R2 ¼ 0.992, DC ¼ 0.981 and RMSE ¼ 0.050 for

vector machine in predicting the relative length of the drop.

the testing stage is selected as the best model. Based on lab-

Figure 4 shows the distribution diagram of the labora-

oratory ﬁndings and predictions of the relative length of the

tory values and the predicted relative length of the drop

drop, the effect of the relative distance between the screens

for the superior model. Figure 5 also shows the changes in

Table 6

|

Prediction results of the relative length of drop for the superior model

Training

Testing

Model

R2

DC

RMSE

MAPE (%)

R2

DC

RMSE

MAPE (%)

γ

c

ϵ

Model 1

0.995

0.987

0.038

2.40

0.992

0.981

0.050

3.06

0.05

10

0.1

Model 2

0.991

0.986

0.041

2.75

0.988

0.982

0.049

3.09

0.2

10

0.1

Model 3

0.987

0.986

0.041

2.57

0.986

0.985

0.045

2.74

6

2

0.1

Model 4

0.985

0.985

0.042

2.55

0.983

0.983

0.047

3.12

0.1

10

0.1

Figures in bold denote signiﬁcance.

Figure 3

|

A comparison of experimental and predicted data for the superior model of the drop relative length (testing and training stage).

Figure 4

|

Experimental and predicted the drop relative length of the superior model (testing and training stage).
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Variation of relative critical depth of the superior model with relative length of drop (testing and training stage).

the relative length of drop versus the relative critical depth

vector machine at low relative critical depths were higher

of the superior model for the testing and training stages.

than the values of the drop relative length, and at high rela-

According to Figure 6, changes in the relative length of the

tive critical depth, the support vector machine had a lower

drop for the testing and training stages indicate a good ﬁt

prediction compared to the laboratory values. Figure 6

and overlap between the laboratory and predicted values.

shows a diagram of the DC change versus the different g

The relative length of the vertical drop for all models

values for the superior model. When the evaluation criteria

increases with increasing relative critical depth, and the sup-

for the testing data are at the highest value and training error

port vector machine has a better prediction accuracy for low

does not occur, the value of the g in the support vector

relative critical depths.

machine is optimized.

As Figure 5 shows, at a higher relative critical depth, the
predictive accuracy of the support vector machine has been
reduced. In other words, the values predicted by the support

The relative downstream depth
To achieve accurate predictions, the training process was
repeated several times, and among different patterns. 20% of
the data pattern was ﬁnally selected for testing and the residual
80% of the data was selected for training. The data listed in
Table 7 show that model 1 with input composition (yc/h, α,
p) has greater R2 and DC values and lower RMSE values compared to other models. Therefore, model 1 with statistical
values R2 ¼ 0.9866, DC ¼ 0.980, and RMSE ¼ 0.0064 for the
testing stage was recognized as the superior model for estimating the downstream relative depth. The use of a combination

Figure 6

Table 7

|

|

Variation of DC with different gammas for the superior model of drop relative
length (testing and training stage).

of all the parameters (relative critical depth, relative screen distances, and screen porosity) has increased the ability of the

Predicted results of the downstream relative depth for the superior model

Training

Testing

Model

R2

DC

RMSE

MAPE (%)

R2

DC

Model 1

0.9872

0.986

0.0055

2.86

0.9866

0.980

Model 2

0.9863

0.985

0.0055

2.87

0.9822

0.9733

Model 3

0.9618

0.741

0.0055

12.91

0.9572

0.7227

Model 4

0.946

0.721

0.0243

13.53

0.9422

0.7084

Figures in bold denote signiﬁcance.
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γ

c

ϵ

0.0064

3.71

0.6

9

0.1

0.0073

4.24

4

9
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0.0240

15.07
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1

0.5

0.0246
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SVM in estimating the downstream relative depth and

The diagram of Figure 10 shows the DC change versus

improved the accuracy of the results. Also, based on both

the different g values for the downstream relative depth

the laboratory and predictive ﬁndings, the relative distance

from the superior model. According to the diagram, the

and porosity of the horizontal screens have little effect on

results of training and testing data have been improved by

the relative depth of the downstream.

increasing g, so when g is equal to 0.6, the results are opti-

Figures 7 and 8 show the comparison and distribution of

mal and thereafter, the DC values decrease. It is also

laboratory and predictive data for the superior model. It is

observed that during the simulation process the training

clear that the SVM has maximum and minimum values

values are always higher than the testing values.

that are less and more than the measured values, respectively. Figure 9 shows the changes in the relative

The residual relative energy

downstream depth versus the relative critical depth of the
superior model. The SVM for both the training and testing

The predicted values for the superior model for calculating

stages initially predicted a slightly larger critical depth

the residual relative energy of the ﬂow are given in

than the actual values. By increasing the relative critical

Table 8. Model 2, with input composition (yc/h, α) and

depth, the accuracy of the SVM was reduced. In other

with 25% of the data for testing and 75% data for training,

words, for a low value of relative critical depth, the accuracy

was identiﬁed as the best model. The root mean square

of the model is greater than for high values of the relative

error values of RMSE, DC efﬁciency coefﬁcient and R2

critical depth. It is clear that the outputs of the SVM are

Coefﬁcient of Determination for model 2 are 0.0049,

acceptable for predicting the downstream relative depth.

0.9875, and 0.9962 for the training stage and 0.0056,

Although the results are slightly lower than the other pre-

0.9853, and 0.9949 for the testing stage, respectively. It

dicted parameters, it provides an appropriate estimation.

should be noted that model 4 is able to estimate the residual

Figure 7

|

A comparison of experimental and predicted data for the superior model of downstream relative depth (testing and training stages).

Figure 8

|

Experimental data versus predicted data for the superior model of downstream relative depth (testing and training stages).
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relative energy of the ﬂow with acceptable accuracy and performance, despite the use of only one relative critical depth
parameter.
The predicted laboratory values for the residual relative
energy models are compared in Figures 11 and 12. Most
Figure 9

|

Variation of downstream relative depth and relative critical depth of the

often, the SVM estimations were lower than the actual.

superior model (testing and training stages).

Figure 13 shows the residual relative energy changes
versus the relative critical depth of the superior model
and indicates that the SVM estimates at low and high relative critical depths are greater than and less than the
laboratory values, respectively. In all experiments related
to a vertical drop equipped with dual horizontal screen,
by placing the jet of the vertical drop on the horizontal
screen, the ﬂow passed through the holes of the plate
and became thin falling jets. These falling jets impacted
the ﬂoor of the ﬂume after passing through the bottom
grill. As these jets hit the ﬂoor of the ﬂume, several very
small submerged hydraulic jumps formed and residual relative energy decreased and energy dissipation increased.

|

Figure 10

Table 8

|

Variation of DC with different gammas for the superior model of downstream
relative depth (testing and training stages).

The primary depth, secondary depth, and length of each
of these jumps formed were not measurable due to the

Predicted results of the residual relative energy for the superior model

Training
Model

R2

Testing
DC

RMSE

MAPE (%)

R2

DC

RMSE

MAPE (%)

γ

c

ϵ

Model 1

0.996

0.9848

0.0054

2.56

0.9947

0.9812

0.0063

3.23

0.2

5

0.1

Model 2

0.9962

0.9875

0.0049

2.30

0.9950

0.9853

0.0056

2.85

0.2

6

0.1

Model 3

0.9922

0.7822

0.0203

9.61

0.988

0.7720

0.0220

11.05

9

1

0.5

Model 4

0.991

0.7959

0.0197

9.19

0.9876

0.7823

0.0216

10.71

8

1

0.5

Figures in bold denote signiﬁcance.

Figure 11

|

A comparison of experimental and predicted data for the superior model of the residual relative energy (testing and training stage).
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Figure 12

|

Experimental and predicted data for the superior model of the residual relative energy (testing and training stage).

Figure 13

|

Variation of relative critical depth of the superior model with residual relative energy (testing and training stage).
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large amount of turbulence, but together they produced a

with the parameters of the relative length of the drop

turbulent length and a uniform subcritical depth. Also,

and the downstream relative depth.

Figure 14 shows that for the superior residual relative
energy model, the DC values decreased with increasing g
The DC values of the residual relative energy decreased

SENSITIVITY ANALYSIS

as g increased for the lesser testing stage, in comparison
Sensitivity analysis was employed to study the variability of
the statistical model. It is a formalized method to ascertain
the dependence of the output variables on the input parameters. It leads to a determination of which input
variables are most important for controlling the results. In
the present study, the parameter that had the most impact
on the prediction of hydraulic characteristics was identiﬁed
and its results are presented in detail in Table 9.

CONCLUSION

Figure 14

|

Variation of DC with different gammas for the superior model of residual
relative energy (testing and training stage).
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Sensitive analysis

Training
Input parameter

Testing

Eliminate parameter

R2

DC

RMSE

MAPE (%)

R2

DC

RMSE

MAPE (%)

(yc =h, α, p)

–

0.995

0.987

0.038

2.40

0.992

0.981

0.050

3.06

LD/h
(yc =h, α)

(p)

0.991

0.986

0.041

2.75

0.988

0.982

0.049

3.09

(yc =h, p)

(α)

0.987

0.986

0.041

2.57

0.986

0.985

0.045

2.74

(α, p)

(yc =h)

0.774

0.752

0.069

8.24

0.677

0.668

0.072

11.23

(yc =h, α, p)

–

0.9872

0.986

0.0055

2.86

0.9866

0.980

0.0064

3.71

(yc =h, α)

(p)

0.9863

0.985

0.0055

2.87

0.9822

0.9733

0.0073

4.24

(yc =h, p)

(α)

0.9618

0.741

0.0055

12.91

0.9572

0.7227

0.0240

15.07

(α, p)

(yc =h)

0.7264

0.622

0.0092

13.36

0.6801

0.5371

0.0273

17.6

(yc =h, α, p)

–

0.996

0.9848

0.0054

2.56

0.9947

0.9812

0.0063

3.23

(yc =h, α)

(p)

0.9962

0.9875

0.0049

2.30

0.9950

0.9853

0.0056

2.85

(yc =h, p)

(α)

0.9922

0.7822

0.0203

9.61

0.988

0.7720

0.0220

11.05

(α, p)

(yc =h)

0.6771

0.6177

0.0289

12.42

0.6078

0.5475

0.0304

15.01

yd/h

Ed/Eu

Figures in bold denote signiﬁcance.

of a vertical drop equipped with dual horizontal screens

energy evaluation indicators are equal to R2 ¼ 0.9949,

was evaluated. A total of 120 different laboratory tests

DC ¼ 0.9853 and RMSE ¼ 0.0056. It is shown that the

were performed to evaluate the results using SVM with

effect of the relative distance parameters between the

three input parameters (yc/h, α, p). Statistical criteria

screens and the porosity of the horizontal screens is

were used to compare the predicted results with the lab-

remarkable, while these parameters do not have a signiﬁ-

oratory results and to evaluate the efﬁciency of the

cant effect on the relative downstream depth and the

models. The predicted results for the relative length of

residual relative energy. It was found that the best

the vertical drop equipped with dual horizontal screens

models were obtained for low g, and with increasing

correspond well with the laboratory data. The evaluation

gamma parameter, DC values for the present research

criteria for the testing stage are R2 ¼ 0.992, DC ¼ 0.981,

parameters decreased. Also, the results obtained by the

and RMSE ¼ 0.050. For the downstream relative depth

support vector machine in estimating the hydraulic par-

parameter, the use of all the parameters has increased

ameters of vertical drop with dual horizontal screens

the performance of the SVM in estimating the down-

can be used as reliable results in future research.

stream relative depth and improved the predictive ability

The prediction of data using SVM depends on the

in comparison with the other models. The values of the

availability of laboratory data. The SVM program itself

downstream relative depth evaluating indicators for the

has no speciﬁc limitations, but the existing limitations

2

testing stage are R ¼ 0.9866, DC ¼ 0.980, and RMSE ¼

depend on the laboratory equipment. For example, in

0.0064. For the residual relative energy parameter, the

the present study, the laboratory model was investigated

results showed that the support vector machine predicted

in a 30 cm wide ﬂume, followed by its SVM study in the

with appropriate accuracy. It was also clear that the pre-

same width. Therefore, it is suggested to use a large lab-

diction results are consistent with the laboratory values

oratory channel to study larger dimensions ﬁrst, or data

and for the testing stage, the values of the residual relative

can be taken in larger dimensions by Flow-3D, Fluent,
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etc. software and then examined by SVM. It is also
suggested to use other methods of artiﬁcial intelligence
to continue the present research and examine the present
research in different dimensions by changing the location
of the screen.
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