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Despite modern advances used to estimate the discharge coefficient (Cd), it is still a major challenge for hydraulic engineers to
accurately determine Cd for side weirs. In this study, extra tree regression (ETR) was used to predict the Cd of rectangular sharp-
crested side weirs depending on hydraulic and geometrical parameters. ,e prediction capacity of the ETR model was validated
with two predictive models, namely, extreme learning machine (ELM) and random forest (RF). ,e quantitative assessment
revealed that the ETR model achieved the highest accuracy in the predictions compared to other applied models, and also, it
exhibited excellent agreement betweenmeasured and predicted Cd (correlation coefficient is 0.9603). Moreover, the ETR achieved
6.73% and 22.96% higher prediction accuracy in terms of root mean square error in comparison to ELM and RF, respectively.
Furthermore, the performed sensitivity analysis shows that the geometrical parameter such as b/B has the most influence on Cd.
Overall, the proposed model (ETR) is found to be a suitable, practical, and qualified computer-aid technology for Cd modeling
that may contribute to enhance the basic knowledge of hydraulic considerations.

1. Introduction

Weirs are one of the most common hydraulic structures
used for water engineering projects such as irrigation, hy-
dropower systems, drainage, and sewage networks. Weirs
transit floods in reservoirs of dams, redirect water from
channels, and can be utilized as a device for measuring the
discharge in channels. ,e safety of water-transferring
channels and dams is strongly linked to the weir’s capacity
[1, 2]. One of the main types of weirs is called the side weirs,
which is a hydraulic structure constructed on the channel
side and used as a protective system by discharging the
excessive flow and controlling the level of water. Consid-
ering different channels, and different flow characteristics,
the relationship between the hydraulic behavior and the

coefficient of discharge (Cd) in weirs has been well inves-
tigated in the literature [3–7]. ,e researchers have carried
out various analytical and experimental approaches re-
garding the flow characteristics of side weirs. ,e analytical
approach involves using a mathematical model to obtain
new equations that require empirical coefficients taking into
consideration the other effective parameters. On the other
hand, the experimental approach used multiple empirical
relationships to present the flow characteristics in side weirs.
Lastly, artificial intelligence (AI) has shown a great potential
to be a reliable alternative for the experimental and empirical
approaches due to its ability to capture the nonlinear be-
havior and extract the most effective parameters that are
used to predict Cd. In what follows we discuss some of the
main works in the literature on the above approaches.
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1.1. Related Works. Singh et al. [8] found that using a
multiple regression approach under subcritical flow the
coefficient of discharge is depending on the Froud number
(F1), and the ratio between sill height (s) and depth of
upstream flow (y1). Borghei et al. [9] found that the De-
Marchi coefficient of discharge is a function of Froud
number (F1), the ratio between weir height (w) and the
depth of upstream (y1), and the ratio between weir length
(L) and channel width (B). Cheong et al. [7] found that, after
a laboratory research, Cd is a function of Froud number (F1)
under subcritical flow in the trapezoidal channel.

However, there are certain limitations both experi-
mentally and mathematically, like high-cost laboratory
equipment, which needs to be used to obtain the properties
of the side weir [10, 11], lack in the accuracy of the results,
and the limited number of tests that depends on the em-
pirical relationships [12]. Nevertheless, the mathematical
models used in the analytical approach are unable to predict
the coefficient of discharge with the required and desired
accuracy. Due to these limitations, the researchers were
encouraged to approach this issue in numerical methods
[10, 11]. Furthermore, one of the attractive numerical
methods is artificial intelligence and soft computing ap-
proaches, which are used to model complex phenomena in
different sectors like, hydraulic, hydrology, and the water
management science [13–15]. ,e approach of soft com-
puting achieves a great performance compared to multiple
nonlinear equations systems-based models and classical
approaches [16–18].

Ebtehaj et al. [19] used Group Method of Data Handling
(GMDH) by taking Froud number (F1), the dimensionless
ratio of weir length (L) to channel width (B), the ratio of weir
length (L) to the depth of upstream (y1), and the ratio of weir
height (w) to weir length (L) as input parameters to establish
a predictive model for estimating the Cd of the side weir.,e
results of the suggested model were more precise in the
prediction of Cd than conventional nonlinear regression
equations. Azimi et al. predicted the Cd in a trapezoidal
channel by using Gene Expression Programming (GEP) and
obtained satisfactory accuracy [20]. Furthermore, Ebtehaj
et al. [21] used a hybrid approach that contains Group
Method of Data Handling (GMDH) and Adaptive Neuro-
Fuzzy Inference System (ANFIS) merged with Genetic Al-
gorithm (GA) and Singular Value Decomposition (SVD) to
predict the Cd in the side weir. ,e dimensionless ratio of
weir length, Froud number (F1), the ratio of weir length (L)
to the depth of upstream (y1), and the ratio of weir height
(w) to weir length (L) were taken as input parameters in both
models. ,e reviewed studies have demonstrated that the
Artificial intelligence (AI) models could accurately provide a
desirable prediction and show a high ability to select the
most significant parameters that have a major impact on the
discharge coefficient. Moreover, two AI modeling ap-
proaches called ANN and ANFIS have been employed to
predict the discharge coefficient of triangular labyrinth weirs
[12]. ,e study found that ANFIS presents more accurate
estimates than ANN. However, the study faced a limitation
regarding the proper selection of input variables; therefore,

gamma test (GT) was used to address this issue. Azimi et al.
[22] presented a study for predicting the coefficient of
discharge of a side weir in a trapezoidal channel using
support vector regression (SVR) model. ,e study used
different parameters, including geometrical and hydraulic
parameters for developing the SVR model. ,e study also
declared that the ratio of side weir length to trapezoidal
channel bottom width (L/b) parameter has a major impact
on the discharge coefficient. Furthermore, Salmasi et al. [23]
developed six AI models, namely, ANN, SVR, random forest
(RF), Gaussian process (GP), generalized regression neural
network (GRNN), and random forest tree (RT), to estimate
the discharge coefficient of oblique sluice gates. Among the
prediction models, the ANN model was noticed to provide
excellent estimates with less prediction error.

While AI modeling approaches were adopted, a range of
limitations such as the tuning of hyperparameters for the
model, case studies stochasticity, and model stability have
been observed [24]. However, machine learningmodels such
as extreme learning machine (ELM), random forest (RF),
and extra tree regression (ETR) provide a way to overcome
these limitations and have recently become increasingly
popular [25–29]. Machine learning models essentially build
on data extraction and pattern recognition between data,
through the development of algorithms using a dataset
subset known as training data and the prediction accuracy
verification using the separate dataset subset known as the
testing set.

1.2. Motivation and Contribution. ,e accurate estimation
of Cd is considered a problematic issue to the hydraulic
engineers. However, the complexity of hydraulic properties
of the weirs, variability in flow characteristics, and sto-
chasticity of discharge urge the researchers to apply novel
means to address this issue in order to increase the accuracy
of estimations. Besides, it is critical to assess the most im-
portant parameters that have a major impact on the dis-
charge coefficient. To the best of our knowledge, few studies
used AI approaches to estimate the discharge coefficient of
rectangular side weir.

,e main objective of this research is to develop three
robust AI approaches for estimating the discharge coefficient
(Cd), namely, random forest (RF), extreme learningmachine
(ELM), and extra tree regression (ETR). Additionally, the
ETR is a developed approach of the RF method, which is
used to address the generalization (overfitting) problem
associated with the RF. ,e ETR model as a novel and
advanced tool is used for the first time to address the hy-
draulic issue according to researchers’ knowledge. ,e
models have been developed using hydraulic parameters
related to discharge properties and other geometrical
characteristics. ,e models were assessed using different
statistical criteria (error metrics and agreement measures)
and graphical presentations such as boxplot, line-graph,
Taylor diagram, violin plot, and histogram. Lastly, sensitivity
analysis has been conducted for the selection of the most
influential parameters that affect the Cd.
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2. Methodology

2.1. DataCollection andDescription. ,e dataset used in this
study involves geometrical parameters of the rectangular
sharp-crested side weirs and other parameters related to the
discharge characteristics. ,ere were 84 samples collected
from different studies in the literature [28, 29]. Emiroglu
et al. [30] performed their experiments in the hydraulic
laboratory using a rectangular channel with a length, depth,
width, and gradient of 12m, 0.5m, 0.5m, and 0.01, re-
spectively. In order to provide a circular free-surface con-
dition, the collection channel is made with a 1.3m width.
,e side weirs were manufactured from steel plates with very
sharp crests, and they were placed and aerated at the same
level as the main channel side. It is worth mentioning that
the pipe and the sluice gate were used for regulating and
controlling the water. According to Emiroglu et al. study, the
applied discharge between 0.01 and 0.15m3/sec was deter-
mined by using an electromagnetic flow meter. ,en, the
researchers calibrated the discharge (Q) results of the
electromagnetic flow meter by utilizing a V-notched weir
placed at the beginning of the system.,eQ passing over the
side weir has been eventually calibrated via standard rect-
angular weir, which is placed downstream from the dis-
charge collection channel.

Bagheri et al. [31] carried out several experiments in-
cluding rectangular sharp-crested weirs for different widths
and heights, within a horizontal rectangular channel with
0.40m width, 8m long, and 0.60m depth. It is important to
mention that all experiments were conducted under sub-
critical flow conditions. ,e profiles of the free surface have
been computed along the central axis of the channel and
along the side of the weir using utilizing points meter
(±0.5mm accuracy) placed on a mobile carriage. Further-
more, the electromagnetic flowmeter has been used for
measuring upstream discharge. ,e slice gate has been
calibrated at the maximum value of weir error within ±5
percent used for controlling the downstream discharge and
the flow depth. Moreover, the diverted flow from the weirs
was measured by the difference between the upstream and
downstream discharge.

,e statistical descriptions of all variables are reported in
Table 1, where the Cd, F1, p/y1, b/y1, and b/B denote the
coefficient of discharge, Froud number, weir height to its
length, ratios of weir length to its depth of upstream flow,
and weir dimensionless length, respectively. Figure 1 pres-
ents the correlation matrix between the used variables in this
study and the histogram distribution for each variable. ,e
variables are in general have a poor linear correlation with
Cd, meaning that the process of developing an accurate
prediction is a tough task. However, there is a slight simi-
larity between the distribution of Cd, F1, and p/y1,
respectively.

2.2. Random Forest. Random forest (RF) is a new approach
that belongs to the data mining field, and it is structured to
give a precise prediction without overfitting the data [32]. By
using bootstrapping, RF creates several trees (500–2000),

where each tree is trained by randomizing the predictors’
subsets, which reduces the correlation between the trees and,
simultaneously, adds randomness to bagging. Unlike the
conventional trees, RF uses a subset of predictors at each
node to split it instead of selecting the best splits among all
variables.

In contrast to other machine learning classification
systems such as support vector regression and neural net-
works, RF delivers high-quality results [32, 33]. ,e tree-
based models are generally growing by using regression and
classification tree techniques during the process of training
data. Figure 2 shows the basic structure of the RF model.

,e theory of the RF process is summed up as follows:

Step 1: the n subsets of the training sample
D1, D2, . . . , Dn are extracted using the bootstrap
sampling process from the full training sample set D.
,e sample size of the En subsets is similar to the overall
sample set for training D.
Step 2: n decision trees are built in line with the n
subsets and results of the n classification are obtained.
Step 3: each decision tree casts one voting unit for the
most common class, which decides optimal outcomes.

2.3. Extreme Learning Machine. ,e extreme learning ma-
chine (ELM) is a technique based on the algorithm of op-
timization learning least square (LS) and proposed by Huang
et al. [34]; it is used for generalizing the single-layer feed-
forward network (SLFN). Since the classical machine
learning algorithms suffer from latency due to the iterative
approach they employ, ELM is proposed as an effective
approach to overcome the latency problems [34, 35]. ,e
structure of ELM contains three main layers known as the
input, output, and the hidden layer, where the latter (hidden
layer) is considered as the most important layer in the ELM
approach. Unlike the traditional neural networks, ELM has
the ability to overcome tuning obstacles; therefore, there is
no need to tune the hidden layer, furthermore, by keeping
the parameters in the hidden layer fixed and using LS to
resolve the weights in the output layers ELM tends to get
minor training errors. In other words, hidden layer weights
are separated from the training data and can be randomly
initialized, while the weights in the output layer need to be
optimized, which can be done by using the pseudoinverse
[36, 37]. Due to its basic existence, fast learning, and uni-
versal approximation capacity, ELM provides huge advan-
tages regarding mapping the relationship of variables
between the input and the output [38].

,e relationship between SLNF and m hidden nodes in
the ELM model can be expressed mathematically as shown
in the following equation:

Zt � 
m

k�1
Bkgk αk · xk + βk( , k � 1, 2, . . . , j. (1)

Bk are weight values connected to the output node of the
kth hidden node (s),Zt is the target of ELM,m represents the
hidden nods’ number, gk(αk · xk + βk) is the hidden output
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function, and (αk, βk) are the parameters of the hidden node
randomly initialized. It is important to mention that the
Sigmoid transfer function is used in the development pro-
cess of ELM.,e j equation above can be written as compact:

RC � T, (2)

where R is the hidden layer output matrix of the neural
network,
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Figure 2: Random forest structure.

Table 1: Statistical parameters of the used variable.

Variable Mean StDev Median Minimum Maximum IQR Skewness Kurtosis
F1 0.365 0.1623 0.34 0.088 0.804 0.2507 0.47 −0.56
p/y1 0.6348 0.1804 0.641 0.181 0.91 0.2663 −0.31 −0.73
b/y1 2.188 1.417 2.083 0.347 6.554 2.457 0.57 −0.45
b/B 0.9244 0.5033 1.008 0.3 1.513 1.2 −0.06 −1.69
Cd 0.48454 0.097 0.4925 0.281 0.846 0.13425 0.53 0.89
Here, StDev and IQR are, respectively, referring to the standard deviation and interquartile range.
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Figure 1: Correlation matrix and histogram plots for parameters.
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where (·)T is the transpose of the matrix. Figure 3 shows the
structure of ELM.

2.4. Extra Tree Regression. ,e Extra Tree Regression (ETR)
approach is a developed approach derived originally from
Random Forest (RF) model and suggested by Geurts et al.
[39]. According to the conventional top-down technique,
the Extra Tree Regression (ETR) algorithm constructs a
collection of unpruned decisions or regression trees [39].

To perform the regression, Random Forest (RF) model
utilizes two steps, bootstrapping and bagging, respectively.
In the bootstrapping step, a set of decision trees is produced
by the growth of each individual tree that uses a random
training dataset sample. ,e bagging step, which operates in
two steps, is used to divide the decision tree nodes after
achieving the ensemble, where several random subsets of
training data are selected during the initial bagging process.
,e decision-making process is accomplished by selecting
the best subset and its value [26].

Breiman [32] considered the RF model to be a series of
decision trees, in which G(x, θr) indicates the Gth predicting
tree, where θ indicates a uniform independent distribution
vector assigned before the growth of the tree. All the trees are
combined and averaged in an ensemble of trees (forming
forest) of G(x) constructed using Breiman [32] equation:

G x, θ1, . . . θr(  �
1
R



R

r�1
G x, θr( . (6)

,ere are two key distinctions between the ETR and the
RF systems. First, the ETR uses all the cutting points and
divides nodes by the random selection from these points.
Second, it uses the entire learning samples to cultivate the
trees [39] in order to minimize bias. ,e splitting process in
the ETR approach is controlled by two parameters, namely,
k and nmin, where k refers to the number of features that are
randomly picked up in the node, and nmin parameter refers
to the minimum sample size expected to separate nodes.
Furthermore, the strength of the selection of attributes and
the average output noise strength are determined by
k and nmin respectively. ,ese two parameters improve the
precision and reduce overfitting in the ETR model [40, 41].
Figure 4 shows the structure of the ETR.

2.5. Model Development and Performance Evaluation. ,e
development of Cd predictive models in this current paper
(ELM, RF, and ETR) was developed based on geometrical
and flow characteristics dataset such as p/y1, b/y1, b/B, and
F1. All of the inputs and outputs used variables are divided
into two sets, training (70%) and testing (30%), and then
normalized within the range 0 and 1 [42]. Moreover, out of
162 samples, 122 samples were used for training the three
proposed models and the rest (40 samples) were used as the
testing set. ,e normalization step is very important in
enhancing the performance of machine learning models,
and all variables are receiving the same attention and
considerations. Figure 5 shows the development step of the
proposed models in this study. It is worth mentioning that
the hyperparameters of ETR models are randomly selected,
because there is no robust method nor related study that
could become a benchmark for calculating these parameters
in the literature. In this study, a variety of statistical error
plots were reported to measure the error and the similarity
between the predicted and experimental value of Cd. In
addition to the novelty of using ETR as a new application in
the hydraulic field, we also performed a sensitivity analysis to
identify the most important parameters that have a major
impact on the Cd. Another contribution of this study is the
conduct of reliable analysis to compare the results of this
study with previous studies in order to ensure the efficiency
of the used model.

2.6. Performance Evaluation. Twelve statistical parameters
have been used to assess the accuracy performance of dif-
ferent AImodels used in this study for predicting theCd.,e
statistical parameters include different matrices to assess the
prediction error and other parameters used for evaluating
the agreement between actual and predicted values of Cd

(i) Mean absolute error (MAE) is used as an indicator
of how similar the estimated values to the observed
ones, and it is given by [41, 42]

MAE �
1
n



n

r�1
C

r,m
d − C

r,c
d


. (7)

(ii) Root mean square error (RMSE) [43] is a common
measure for comparing prediction error for dif-
ferent models, and the lower the RMSE value, the
higher the prediction ability of the model in terms
of its absolute deviation, and it is given by [42]

RMSE �

����������������

1
n



n

r�1
C

r,m
d − C

r,c
d( 

2




. (8)

RMSE and MAE values are utilized in order to
present the fitting error, and these values are al-
ways nonnegative. ,e zero value of MAE and
RMSE indicates the perfect fit to data, which has
almost never been achieved. Lower RMSE and
MAE values generally are better than the
higher ones.
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(iii) Root mean squared relative error (RMSRE) is used
to test the training and testing datasets perfor-
mance and given by [44]

RMSRE �

����������������

1
n



n

r�1

Cr,m
d − Cr,c

d

Cr,m
d

 

2



. (9)

(iv) Relative root mean square relative error (RMSRE)
is obtained by dividing RMSE by the average data
value and given by

RRMSE �

������������������

1/n 
n
r�1 C

r,m
d − C

r,c
d( 

2



n
r�1 C

r,m
d

× 100. (10)

,e accuracy of a model is considered excellent
when the values of RRMSE are less than 10%, good
if the values are between 10% and 20%, fair if the
values are between 20% and 30%, and poor if the
values of RRMSE are greater than 30%.

(v) ,e coefficient of determination (R2) is used to
estimate the model efficiency and given by

R
2

� 1 −


n
r�1 C

r,m
d − C

r,c
d( 

2


n
r�1 C

r,m
d − Cd

r,m
 

2. (11)

Values ofR2 near 1 indicate amore effectivemodel.
(vi) Relative error (RE):

RE �
C

r,m
d − C

r,c
d

C
r,m
d

∗ 100%. (12)

(vii) Maximum absolute relative error (erMAX) is the
maximum absolute relative error:

erMAX � max
C

r,m
d − C

r,c
d

C
r,m
d




 . (13)

(viii) ,e correlation coefficient (CC) is used to evaluate
the correspondence between actual and predicted
values [45].

CC �


n
r�1 C

r,m
d − Cd

r,m,
  C

r,c
d − Cd

r,c
 

���������������������������������


n
r�1 C

r,m
d − Cd

r,m
 

2


n
r�1 C

r,c
d − Cd

r,c
 

2
 .

(14)

(ix) Nash–Sutcliffe efficiency (NSE) [46] and the mean
squared error (MSE) are considered the most
significant criteria in hydrological model calibra-
tion and evaluation with observed data. ,e NSE
can show an excellent match between the observed
values and predicted values when it equals one.

NSE � 1 −


n
r�1 C

r,m
d − C

r,c
d





n
r�1 C

r,c
d − μ




, (15)

where μ is the observed value mean deviation.
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Figure 3: ELM structure.
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(x) Willmott index (WI) [47, 48]: the WI can show a
good agreement between the observed values and
predicted values when it equals one:

d � 1 −


n
r�1 C

r,c
d − Cd

r,m
 

2


n
r�1 C

r,c
d − Cd

r,m
 + C

r,m
d − Cd

r,m
 

2. (16)

(xi) Mean bias error (MBA): this indicator shows the
trend of the model toward underestimating or
overestimating the coefficient of discharge (Cd). It
is preferred when the MBA value is closest to zero.

MBA �
1
n



n

r�1
C

r,m
d − C

r,c
d( . (17)

(xii) t-statistic test (t-stat): it is used to confirm whether
or not the calculated (Cd) values differ significantly
from their measured counterparts. Besides, for a
more complete evaluation of (Cd), the estimation
model t-stat is used in conjunction with RMSE and
MBE. ,is indicator is used widely to assess the
reliability of the predicted model [49, 50].

t − stat �

��������������

(n − 1)MBA2

RMSE2
− MBA2



, (18)

where Cd

r,m and Cd

r,c are the average of the measured and
calculated Cd values, Cr,m

d − Cr,c
d are representing the mea-

sured and predicted values, and n is the total number of
observations.

3. Results and Discussion

,e key purpose of the current study is to implement the
viability of a rigorous method of artificial intelligence called
ETR for Cd estimation. ,e collected data are split into two
partitions: 75% of the data are used for the training phase,
and the remaining 25% are used for validation purposes. In
order to check the predictability of the proposed model
during the training and testing steps, two comparable
models (RF and ELM) were used in this study for estimating
Cd. Different statistical measure indexes are utilized for
assessing the performance of the proposed modeling
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tree growing

Combine the trees 
into an assembly

Evaluating
k and nmin parameters

Extraction of feature 
from ensemble

Selecting of feature and its 
related value randomly

Is the splitting 
condition satisfied?

Splitting a decision from tree

Yes No

Arithmetic mean of 
all trees

End

Figure 4: ETR structure.
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techniques including agreement criteria (CC, NSE, and WI)
and error criteria such as RMSE, MAE, RMSRE, RRMSE,
and erMax. Furthermore, visual assessment tools like his-
togram, boxplot presentation, Taylor diagram, Violin pre-
sentation, and scatter plots are used for evaluating the
proposed models in order to select the best predictive one.

,e prediction capacity of all proposed models is sta-
tistically assessed using agreement and error criteria through
the calibration phase. Based on Figure 6, there are no sig-
nificant differences in terms of prediction precision between
ELM and RF models. More specifically, the performance of
ELM is noticed to be slightly better than that of the RF
model, where RF has lower values of forecasting errors
(MAE� 0.0173, RMSE� 0.0245, RMSRE� 0.0555,
RRMSE� 5.064, erMAX� 0.2603) and higher level of
agreement (CC� 0.9715, NSE� 0.9438, and WI� 0.9854).
Moreover, the RF model reported a desirable estimate but
slightly lower than ELM, producing acceptable statistical
metrics with MAE of 0.0228, RMSE of 0.0316, RMSRE of
0.0669, RRMSE of 6.521, CC of 0.9541, erMAX of 0.2471,
NSE of 0.9068, and WI of 0.9735. However, the proposed
ETR model managed efficiently to predict Cd with higher
level of accuracy than other predicted models, reporting the
lowest value of forecasted errors (MAE� 0.0051,
RMSE� 0.0067, RMSRE� 0.0151, RRMSE� 1.379, and
erMAX� 0.0575) and highest accuracy indexes (CC� 0.998,
NSE� 0.9958, and WI� 0.9989). In terms of RMSE, the
proposed model (ETR) showed a prediction enhancement

compared to RF and ELM models by 78.80% and 72.65%,
respectively.

,e visualization assessment is vital to examine the ef-
ficiency of the proposed models in predicting each sample
separately. A scatter plot is one of the most significant figures
used frequently to assess the performance efficiency of the
predicted models. It provides significant information about
the diversion of each point from the actual observation.
Besides, the equation of the regression line can be obtained
from the scatter plot (y� ax+ b). ,e efficiency of the tested
model can be determined according to the value of the slope
(a), which is preferred to be close to one. ,e other sig-
nificant criterion is the interception value (b). When the b
value goes to zero, and a value is close to one, this means that
the suggested model is generating more accurate predic-
tions. ,e measured and predicted values of Cd can be seen
in Figure 7. As seen from Figure 7, better accuracy of the
ETR model is clearly observed. Furthermore, the ETR is
found to have the highest value of R2 of 0.996. However, the
ELM model also provided more accurate estimations but
slightly less than ETR, having excellent R2 (0.944). ,e other
key observation from Figure 7 is that the RF model appeared
to produce the lowest prediction accuracy than the two other
models, achieving the lower value of R2 (0.910). Moreover,
the visualized assessment is very efficient in the selection
process of the most reliable predictive models.

In Figure 8, a relative error diagram is shown to visually
examine the performance of each predictive model. ,e

End
Compare with 
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previous studies 

Sensitivity analysis

Testing

Start

Data division 

Training 

Model establishing process

Target 1 Target 2 Target 3

Assessment phase for each model 
using performance measures 

Normalization

ELM RF ETR

Figure 5: Flow chart of the developed model.
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figures illustrated that the ETR-model outperforms the other
models. However, the ELM and RF techniques produced
higher relative errors for almost all observations. Further-
more, both techniques (ELM and RF) showed a significant
bias for negative values, meaning that these applications tend

to overestimate. Consequently, the proposed model (ETR)
does not exhibit a significant bias, and it also produces the
lowest RE% values.

For further comparison, the boxplot diagram is created
in Figure 9 to visually examine the prediction accuracy of the
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proposed models against the observed values. Boxplot di-
agram is a tool for graphically representing numerical data
groups through their quartiles. In the boxplot diagram, lines
are extending from the box called (Whiskers) representing
the variability outside the lower and upper quartiles.
Moreover, the outliers are shown in the boxplot figure as

points, and the line plotted inside the box represents the
median of the data. Based on Figure 9, there is a significant
similarity between actual observations and the ones pre-
dicted by the ETR. Furthermore, the median criteria are
shown as a line inside the box and found to be very close to
the actual median. It is worth noting that the ETR models
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Figure 8: Relative error diagrams to show the performance capacity of each predicted model: training phase.
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Figure 9: Boxplot diagram used for comparing the outcomes of the proposed models with observer data: training step.
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managed efficiently to simulate the outlier values of Cd. One
of the most difficult tasks for any AI model is the prediction
accuracy of outlier observations, and, however, the ETR
models could address this obstacle efficiently. On the other
hand, the RF model showed poor prediction performance as
shown in Figure 6 and showed less accuracy when capturing
the outlier values and giving very far values of median to the
actual one. Although the ELM performance was much better
than RF, it generated relatively excessive value of outlier Cd

estimates. ,us, among the three proposed models, the ETR
was superior and found to produce more accurate and
consistent predictions with their corresponding
observations.

Advanced analysis techniques are important to graph-
ically select the best and more efficient model for the pre-
diction of Cd. In this regard, as an advanced graphical
presentation tool, a violin plot is used to produce Figure 10
in order to visually clarify the similarity between actual and
predicted values of Cd. From a statistical perspective, the
violin plot is considered an efficient diagram, because it
combines a boxplot and a density plot that is rotated and
placed on each side to show the distribution shape of data.
,is figure provided more informative information about
the performance of each predictive model, where it can be
seen that the RF model did not mimic the shape of the
dataset as well as desired. On the other hand, both ELM and
ETR showed accurate estimates when compared to the actual
observations. Moreover, it is noticed that there was a de-
sirable agreement between the actual data set and the pre-
dicted ones by ETR. Besides, the ETR models could mimic
the distribution function of the measured dataset more
efficiently than ELM models.

After presenting the quantitative and visualized assess-
ment during the training phase, it is important to take a step
forward to present the capacity of each suggested model
through the testing phase. ,is phase is very important in
assessing the qualification of predicted models, because, in
the testing phase, themodels deal with a new dataset that was
excluded during the training phase. Besides, in the testing
phase, the issues related to the predictive models such as
generalization (overfitting) and the ability to address outlier
values can be disclosed more clearly than in the training
phase [29, 51–53].

,e performance of the predictive models during the
testing phase according to statistical measures is provided in
Figure 11. All statistical matrices show better performance of
the suggested ETR model than other models in the pre-
diction of Cd. Besides, the ETR model showed lower values
of error measures (MAE� 0.0166, RMSE� 0.0208,
RMSRE� 0.044, RRMSE� 4.284, erMAX� 0.1031) and
higher agreement with the actual values (CC� 0.9603,
NSE� 0.9175, WI� 0.9793). However, the prediction skill of
the RF was found to be poor, thereby generating higher
prediction error (MAE� 0.023, RMSE� 0.027,
RMSRE� 0.059, RRMSE� 5.565, and erMAX� 0.1382), as
well as lower agreement matrices (CC� 0.9331,
NSE� 0.8609, and, WI� 0.9651). Furthermore, the perfor-
mance of ELM generates more accurate predictions than RF
but lower than ETR with MAE of 0.0178, RMSE of 0.0223,

RMSRE of 0.0463, RRMSE of 4.599, CC of 0.9556, erMAX of
0.1186, NSE of 0.9049, and WI of 0.9767. ,e ETR model’s
superiority was measured in terms of its RMSE reduction
capacity during the testing phase. ,e obtained results
showed prediction augmentation of 78.80% and 72.65% by
using the ETR model compared to the RF and ELM models,
respectively. ,e results confirmed that a more accurate and
reliable prediction of Cd could be achieved through the
proposed model (ETR).

,e observed and estimated Cd in the testing phase are
illustrated in Figure 12. According to this Figure 12, the
better accuracy of the ETR model in comparison with other
models is clearly observed. Furthermore, ETR estimates are
closer to the actual values than RF and ELM, specifically for
the peak values of Cd. ,e figure also shows that the RMSE
parameter, which is used frequently for evaluating the
models, gives a very close evaluation for all proposedmodels.
,us, the quantitative assessments, which mainly depend on
the prediction errors, may sometimes be misleading, and
hence, the visualized assessments are very important as
complementary to quantitative assessments.

For attaining a robust evaluation of the performance of
each suggested model, relative error (RE) and absolute
relative error (ARE%) figures are established to graphically
provide more evaluation information about the prediction
capacity of each predicted sample separately. ,e relative
error (RE) for each sample is presented in Figure 13. Among
all AI approaches used in this paper, ETR provides fewer
values of relative error percentages. ,e key observation is
that all the predicted observations have very small relative
error (Maximum RE is less than ±10%). However, the RF
model produces predictions with higher RF compared to
ETR and ELM models. ELM also provides some estimates
with higher values of relative error (more than ±10%).
Furthermore, a histogram of ARE distribution is presented
in Figure 14. ,is figure provided more information on how
many percentages of estimated samples have a specific range
of error.,e RFmodel was found to produce relatively fewer
observations with ARE% of 0%–5% than ETR and ELM
models. Nevertheless, ETR was shown to be the best model
in terms of predicting samples with fewer ARE% compared
to RF and ELM. More specifically, when it comes to using
ETR model, more than 72% of the data points (samples)
showed an error less than 5%.

,e boxplot and violin figures have also been developed to
further evaluate the relative performance of the proposed
models. Furthermore, they graphically presented more in-
formation on the effectiveness of each model separately. ,e
results acquired during the model testing phase were used to
create the boxplots as shown in Figure 15. Furthermore, the
interquartile range (IQR) and median of the ETRmodel were
found to be very close to the observed IQR and median.
Overall, the ETR models generated high accuracy of pre-
diction, much similar to the observed ones. On the other
hand, the ELM and models did not successfully provide
estimations as close as the observed ones. For instance, ELM
models tended to overestimate, while the RF model under-
estimates the discharge coefficient. According to Figure 16,
there is a desirable corresponding between the distributions of
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actual Cd and predicted values by ETR. Nevertheless, it can be
observed that the ELM could efficiently capture the higher
values of Cd, and the skewness toward the largest values was
noticed. It can be seen that, based on the two figures (Fig-
ures 16 and 17), the ELM model is weak in predicting the
higher value of the coefficient of discharge.

,e performance of suggested models in simulating the
measured Cd is visually presented using Taylor diagram. In
Figure 17, Taylor diagram affords a measure of association,
error, and variability in simulated Cd compared to measure
one and, hence, provides a detailed appraisal of model
performance. Figure 17 clearly illustrated that, during the
testing step, the ETR simulated Cd very closer to the actual Cd

than ELM and RF, respectively. Besides, the obtained results

exhibited significantly higher prediction accuracy of the ETR
model than other predictive models used in this study.

For further assessment of the reliability of the applied
model in this study (ETR) model against the comparable
models such as ELM and RF, t-stat and MBA as statistical
parameters are used to verify the efficiency of the used model
through training and testing phases. Figure 18 shows the
superiority of the ETR models in providing more accurate
estimates compared to benchmark models (i.e., ELM, RF)
through the training phase and testing phase, respectively.

To examine the performance of the proposed model, three
benchmark models are considered for the comparison in
terms of the coefficient of determination (R2). R2 obtained
from the proposed ETR model through the testing phase is
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compared with Ebtehaj et al. [19], where the GroupMethod of
Data Handling (GMDH) is used by the benchmark model to
predict the coefficient of discharge. By comparing R2 for both
the benchmark and proposed models, the latter showed a
better accuracy, where R2 of 0.779 and 0.922 is obtained from
the benchmark and proposed models, respectively, for the
same data of [19]. ,e second benchmark model is proposed
by Bilhan et al. [54] and uses the artificial neural network
(ANN) to predict the coefficient of discharge of triangular
labyrinth side wear in a curved channel.,e obtained R2 from
ANN model was 0.8836. ,e third benchmark model is
proposed by Parsaie et al. [55] with R2 of 0.7396, where, based
on principal component analysis, a developed adaptive neuro-
fuzzy method is proposed to predict the coefficient of dis-
charge of side weirs.

3.1. SensitivityAnalysis. In this study, the sensitivity analysis
is performed to explore the effect of each input variable on
the coefficient of discharge (Cd). ,e procedure of con-
ducting sensitivity analysis is carried out by training the
model of this study (ETR) based on several combinations of
input variables and then checking the reliability of the
performance model during the testing set. ,is strategy can

provide more useful information regarding the proposed
model and examining its performance in a difficult situation
when the inputs are insufficient. To conduct the sensitivity
analyses, different input combinations are established in
Table 2. In this table, the first model (MO) corresponds to
the proposed model of this study (ETR) using all provided
input parameters for predicting the discharge coefficient.
Figure 19 presents the results of the sensitivity analysis using
different sorts of input variables. According to attained
outcomes, model M3 produced the highest prediction ac-
curacy among the other models in comparison with the
benchmark model (M0), based on the fact that the p/y1 has
the lowest impact on the discharge coefficient followed. On
the other hand, b/B is generally considered the most im-
portant variable, where the absence of that variable reduces
the prediction accuracy significantly than other parameters.
Figure 20 presents the relative importance of each variable
based on comparing the outcomes proposing input com-
bination (M1, M2, M3, and M4) with the benchmark one
(M0) according to the relative differences of RMSE. It is
significant noting that the b/B parameter has the highest
impact on the coefficient of discharge (29.69%), followed by
b/y1 (25.58%), F1 (25.08%), and p/y1 (20.66%).
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Figure 12: Scatter plots showing the comparison between the observed and predicted value of Cd: testing phase.
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Table 2: Different input combinations were used to conduct sensitivity analysis.

Model Absent Function
M0 No Cd � f(F1, p/y1, b/y1, b/B)

M1 b/B Cd � f(F1, p/y1, b/y1)

M2 b/y1 Cd � f(F1, p/y1, b/B)

M3 p/y1 Cd � f(F1, b/y1, b/B)

M4 F1 Cd � f(p/y1, b/y1, b/B)
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4. Conclusion

In this study, three different machine learning approaches,
namely, ETR, RF, and ELM, have been utilized to predict the
coefficient of discharge Cd by using the geometrical and
discharge parameters (F1, p/y1, b/y1, and b/B) as themodels’
inputs. ,e performance of each model was assessed using
different statistical parameters (error and agreement met-
rics) and novel graphical presentations like Taylor, boxplot,
violin, and line-graph diagrams.,e outcomes of the applied
models are summarized as follows:

(1) ETR model outperformed other models in both
training and testing phases. For instance, in terms of
RMSE (during the testing phase), the ETR model
showed a prediction improvement of 22.96% and
6.73% compared to the RF and ELM models,
respectively.

(2) ,e obtained results in this study confirmed that,
unlike the ETR, the RF suffers from an overfitting issue.

(3) Sensitivity analyses were carried to select the most
influential parameter on the coefficient of discharge.
According to sensitivity analysis, the b/B parameter
has the highest effects on the discharge coefficient
followed by b/y1, F1, and p/y1.

(4) It can be concluded that the proposed model (ETR)
is very effective in modeling complex hydraulic
systems. Accordingly, this method can be used more
comprehensively in future studies for solving com-
plex issues regarding the hydraulic sector.

For future researches, this study recommends applying
the preprocessing technique to handle the dataset before
starting to train the models. One of the most efficient ap-
proaches is Principle Component Analysis (PCA) technique,
which is widely used to remove the correlation between
input vectors and reduce the input uncertainty as well [56].
,us, the presence of PCA may improve the performance of
ETR model by providing to the model clean and nonre-
dundant information.
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