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Data-driven-based determination of inﬂuential
parameters on local energy loss of slope-tapered culvert
Xiaowen Cai, Feng Ye and Ghazaleh Nassaji Matin

ABSTRACT
Local energy loss is among the essential parameters of culvert design, in which uncertainty and
nonlinearity is controversial. In the present study, seven models were developed with the aid of the
experimental data of slope-tapered culverts, and the efﬁciency of gene expression programing and
Gaussian process regression as a kernel-based approach was assessed in predicting the entrance loss
coefﬁcient of a slope-tapered culvert. Also, one-at-a-time (OAT) sensitivity analysis was performed to
determine the impact of input parameters. The results of both GEP and GPR methods with the
performance criteria of R ¼ 0.847, DC ¼ 0.777, RMSE ¼ 0.2 and R ¼ 0.76, DC ¼ 0.718, RMSE ¼ 0.25
showed that the model with input parameters of Froude number (Fr), ratio of headwater to culvert
diameter (Hw/D) and ratio of reducer length to barrel length (Lr/L) is the superior model. Although the
accuracy of GEP method was slightly higher than GPR, obtained results proved the capability of the
applied methods (i.e., high correlation coefﬁcient (R) and coefﬁcient of determination R2 (DC) and low
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RMSE). Furthermore, OAT sensitivity analysis revealed that Froude number has the most impact on
local loss coefﬁcient and could cause a signiﬁcant increment in model efﬁciency.
Key words

| entrance loss coefﬁcient, Gaussian process regression, gene expression programing,
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HIGHLIGHTS

•

The entrance loss coefﬁcient of slope-tapered culvert was predicted via artiﬁcial intelligence

•

The current study utilizes Gene Expression Programming (GEP) and Gaussian Process Regression

•

approaches.

(GPR) as artiﬁcial approaches.
The obtained results improve the understanding of complex behavior of local energy loss in
slope-tapered culverts.

INTRODUCTION
Culverts provide an efﬁcient solution for ﬂowing water

Rao & Raju ; Zeng et al. ; Nakhostin et al. ).

through man-made cross barriers (e.g., roads). There is a

The optimal culvert could be considered the one in which

wide variety of solutions of the inlet part of the culverts,

the head loss is minimal and has the ability to transfer the

among which, slope-tapered inlet is the focus of this paper.

design ﬂow rate. Culverts are among the drainage structures

Hydraulic characteristic and sizing of culverts are complex

in which proper and desirable performance is essential.

problems for several reasons (Khalil & Zein ; Graziano

Therefore, the failure of culvert structures is a catastrophic

et al. a, b; Jones et al. ; Mohammed ; Aly

phenomenon. As a result, a detailed study of the causes of

; Wilhere et al. ; Jaeger et al. a, b, c;

failure is recommended (Rigby et al. ; French & Jones
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; Günal et al. ). One of the most recent comprehen-

Management ; Günal et al. ). Defects in the convey-

sive guidelines is Hydraulic Design Series Number 5 (HDS-5)

ing of water in culverts can lead to overﬂows and structural

(Norman et al. ). Jaeger et al. (a, b, c) pre-

damage, therefore, to mitigate these risks, the capacity of

sented ﬁndings regarding how different inlet designs

many culverts needs to be increased. It is clear that there

increase the discharge rate. The ﬂume ﬂow experiments

are many tools for enhancing the discharge efﬁciency of

showed that a slope-tapered inlet can have a greater capacity

culverts (Harrison et al. ; Normann ). However,

than a conventional culvert with a square edge. This type of

many researchers believe that the best way to increase

inlet is designed to increase the culvert performance by pro-

culvert capacity is to improve inlet function. Relying on

viding a depression and a more efﬁcient control section at

this belief, the use of inclined headwalls or misaligned cul-

the throat (Graziano a, b; Khaled ). In order

verts has been recommended (Aly ; Jaeger a,

to prevent ﬂooding, estimation of water levels with reason-

b, c). Others researchers believed that utilizing

able accuracy to determine free-board and top elevation of

improved inlets, such as slope-tapered ones, enhances the

culverts is essential. Therefore, several studies have tested

ﬂow transient (McGrath & Heger ; Graziano et al.

a variety of culvert conﬁgurations in laboratory models

a, b). It is worth noting that energy loss is among

and other research has investigated loss coefﬁcient, aquatic

one of the reasons affecting culvert capacity (Kotowski

organism passage, and culvert blockage (Apelt ;

et al. ). Furthermore, head loss falls into two categories,

Graziano et al. a, b). It was found that culvert

general and local losses, which in culverts due to their short

local losses accrue for a variety of reasons, such as outlet

length the local loss is outstanding. Experimental study of

loss, inlet loss, or bend loss (Tullis et al. ; Malone &

bend loss in rectangular culverts has been developed by

Parr ; Tullis ). Previous studies on the determination

Malone & Parr (). From another viewpoint, there are

of the energy dissipation at culvert outlets has focused on

other studies that have focused on outlet loss of culverts

simpliﬁed methods to estimate the head loss coefﬁcient.

and have examined various types of culvert systems, such

As a general guideline, the head loss is considered to be

as elliptical, circular, and rectangular (Liu & Zhu ;

comparable to the velocity head within the conduit (Sim-

Larson ; Robinson ; Habibzadeh & Rajaratnam

mons ; Liu & Zhu ; Tullis & Robinson ;

). On the other hand, several experimental studies on

Schall ; Habibzadeh & Rajaratnam ). Also, the evol-

inlet loss have stated that the inlet loss coefﬁcient is signiﬁ-

ution of the effective parameters on energy losses of buried-

cantly affected by the inlet conﬁguration and usually has a

invert culverts via kernel-based approaches was carried out

constant value (Graziano et al. a, b; Jones et al.

by Roushangar et al. (). Examining the bend loss of cul-

; Tullis ). However, in contrast, taking advantage

verts showed that the parameters affecting the energy loss

of intelligence methods has shown that the local loss coefﬁ-

were the Froude number and bend angle whereas the par-

cient is a dependent parameter, which in addition to

ameters affecting the inlet loss were Froude number and

geometric parameters, is inﬂuenced by hydraulic parameters

depth ratio.

(Roushangar et al. ).

The structural choice of a culvert and corresponding

Many studies have considered the entrance local energy

inlet is based on environmental considerations, risk to prop-

loss coefﬁcient of the slope-tapered culvert to be constant at

erty, cost of construction and maintenance and also esthetic

0.2 (Norman et al. ). However, some researchers have

considerations. Many U.S. agencies and researchers require

considered this coefﬁcient as a function of geometric par-

that culverts be designed and engineered to meet speciﬁc

ameters and ﬂow characteristics (Graziano et al. a,

federal, state, or local regulations and guidelines to ensure

b; Roushangar et al. ). Energy losses are a complex

proper function and to protect against culvert failures

process in which the existing regression models do not show

(Smith ; Chen ; Simons & Stevens ; Rigby

favorable accuracy and the results are associated with large

et al. ; Environmental Protection Agency EPA Manage-

error. Therefore, the present study proposed artiﬁcial intelli-

ment ; Alberta Transportation ; Federal Highway

gence approaches to predict the entrance loss coefﬁcient

Administration Department of Interior Bureau of Land

and evaluate the best input variables with the most impact
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on inlet loss coefﬁcient of slope-tapered culverts. In the past

Administration’s

decades, the application of artiﬁcial intelligence approaches

Center located in McLean, Virginia, USA and inlet control

Research

such as artiﬁcial neural networks (ANNs), neuro-fuzzy

design constants and entrance loss coefﬁcients were calcu-

models (NF), genetic programming (GP), gene expression

lated for the circular slope-tapered culverts with various

programming (GEP), support vector machine (SVM), and

reducer lengths. The experimental setup was constructed

Gaussian process regression (GPR) have become popular

primarily of plywood and consisted of a 2.43 m long by

in water resources engineering, leading to numerous

2.43 m wide headbox, and a 1.21 m wide by 2.43 m long tail-

publications in this ﬁeld (Liriano & Day ; Hazi &

box, which was located 4.5 m downstream of the headbox.

Ghani ; Hazi & Haque ; Najafzadeh ; Huang

The slope-tapered inlet and culvert barrel spanned the

et al. ; Carvalho et al. ; Amaranto et al. ;

4.5 m between the headbox and the tailbox. A sketch of

Tayyebi et al. ; Owen & Liuzzo ; Poursorkhabi &

the slope-tapered culvert is shown in Figure 1. Fourteen

Ghasempour ; Roushangar et al. ; Tinelli & Juran

pressure ports were inserted along the bottom of the culvert

; Zhu et al. ; Roushangar & Shahnazi ).

setup to measure hydraulic depth. The total entrance loss

Detailed review of previous studies (Graziano et al. a,

(Hetot) was measured for outlet control tests by projecting

b; Tullis ) revealed that the local loss coefﬁcient of

the energy grade line (EGL) in the headbox and the EGL

slope-tapered culverts was monitored experimentally and,

for the culvert barrel to a common plane at the upstream

to the best of the authors’ knowledge, there is a lack of com-

end of the culvert barrel.

prehensive research on estimating the entrance loss
coefﬁcient using artiﬁcial intelligence. As a result, this
study aims to evaluate the efﬁciency of GPR and GEP for

SIMULATION AND MODEL DEVELOPMENT

predicting the entrance loss coefﬁcient of slope-tapered culverts. Also, a new equation to predict the local loss

Data characterization

coefﬁcient was provided utilizing the GEP method and the
most important input variables were identiﬁed using OAT

Providing an appropriate dataset is a critical step in the pre-

sensitivity analysis.

diction of local loss coefﬁcient via artiﬁcial intelligence
methods. Examination of models showed that considering
75% of the dataset for training goals and the remaining

MATERIALS AND METHODS

25% for testing goals leads to more accurate results.
Owing to more accurate estimate of out-of-sample accuracy

In order to investigate the parameters affecting the local loss

and more efﬁcient use of data, as every observation is used

coefﬁcient in the culverts with a slope-tapered inlet, the lab-

for both training and testing, and in order to avoid model

oratory dataset of Graziano et al. (a, b) was used. All

bias, the train and test dataset was divided using v-fold

of the laboratory testing was done at the Federal Highway

cross validation which was developed in STATISTICA

Figure 1

|

Slope-tapered culvert.
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software (v. 8). The separated dataset is then utilized in

which are based on statistical learning theory, and the

further model developments. V-fold cross validation is a

appropriate selection of kernel type in these approaches is

standard approach for model selection and the main idea

the most important step due to its direct impact on the train-

of cross validation is data splitting (Arlot & Lerasle ).

ing and classiﬁcation precision. Availability of sufﬁcient
input data enables these models to predict any variable.
They are also fairly robust against overﬁtting, especially in

Input variables

high-dimensional space (Roushangar et al. ).

Appropriate allocation of input parameters is a principal
step during the modeling process. Based on Graziano
et al. (a, b) and Roushangar et al. (), the most
important parameters in predicting the energy loss coefﬁcient (Ke) of slope-tapered culverts included the upstream
velocity (V ), culvert diameter (D), gravity acceleration (g),
ﬂow depth (Hw), and reducer length (Lr). Therefore, the considered dimensionless input parameters are expressed in
Equation (1):

GPR models are based on the assumption that adjacent
observations should convey information about one another.
Thus, GP regression models are able to understand the predictive distribution corresponding to the test inputs, and due
to prior knowledge about the data and functional dependencies, no validation process is required for generalization
(Rasmussen & Williams ). x × y accounts for the
domains of input and output, respectively, wherein n pairs
of (xi, yi) are drawn independently and distributed identically. By considering y ⊆ Re, a GP on x is deﬁned by a
mean function μ:x ! Re. The main assumption of GP con-

HW L r
Fr,
,
D L

(1)

sidered y equal to y ¼ f(x) þ ξ, in which ξ ∼ N (0, σ 2). Every
input x in GP regression has an associated random variable

where Fr ¼ V=(g × Hw )0:5 is the Froude number, a dimen-

f(x), which is the value of the stochastic function f at that

sionless value that describes ﬂow regimes, Hw =D is the
Lr
ratio of headwater to culvert diameter, and
is the ratio
L
of reducer length to barrel length. In order to develop the

location. In the present study, it is assumed that observa-

local loss models in slope-tapered circular culverts, seven
models with different input variables were considered

tional error ξ is normally independent and identically
distributed with mean value of zero (μ(x) ¼ 0), a variance
of σ2 and f(x) drawn from the Gaussian process on x speciﬁed by k (Equation (2)):

(Table 1).
y ¼ (y1 , . . . , yn ) ∼ N(0, k þ σ 2 I)
Gaussian process regression

(2)

in which Kij ¼ k(xi , xj ) and I is the identity matrix. For a

Kernel-based approaches (such as GPR) are one of the
common methods for solving the nonlinear problems

given vector of test data X*, the predictive distribution of
the corresponding output Y =(X, Y), X ∼ N(μ, Σ) is Gaussian where:

Table 1

|

Model development

μ ¼ K(X, X)(K(X, X) þ σ 2 I)1 Y
Model

Input variables

M(I)

Fr, Hw/D, Lr/L

M(II)

Fr, Hw/D

M(III)

Fr, Lr/L

M(IV)

Hw/D, Lr/L

M(V)

Fr

M(VI)

Hw/D

M(VII)

Lr/L
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whereas X is the vector of the test data. A speciﬁed covari-

of the problem. The most important advantages of GEP are

ance function is required to develop a positive semi-deﬁned

as follows (Ferreira ): (1) the chromosomes are simple

covariance matrix K, where Kij ¼ k (xi,xj). Choosing the

entities and (2) the expression trees are exclusively the

appropriate covariance function and parameters is essential

expression of their respective chromosomes. It should be

during the training process of GP regression models. In the

noted that the software used to develop this approach is

case of GP regression with a ﬁxed value of Gaussian noise, a

GeneXproTools 4.0 Release 2.

GP model can be trained by applying Bayesian inference
which leads to the minimization of negative log-posterior

Performance criteria

(Equation (5)):
In the current study, the model’s performance was evaluated
1
1
P(σ 2 , k) ¼ yT (K þ σ 2 I)1 y þ logjK þ σ 2 Ij  log p(σ 2 )
2
2
 log p(k)

using three statistical parameters: correlation coefﬁcient (R),
(5)

To assess the hyper-parameters, the partial derivation of
Equation (4) can be obtained with respect to σ 2 and k. For
more detailed discussion of GP regression, see the study of
Kuss (). The optimal value of capacity constant (c)
and the size of error-intensive zone (ε) in GPR are required
due to their high impact on the accuracy of the mentioned
regression approaches. The optimum values of these parameters were obtained after the trial-and-error process. In
order to develop the GPR approach, a code written in
MATLAB software was executed.
Gene expression programming (GEP)

coefﬁcient of determination R2 (DC), and root mean square
error (RSME). It is worth noting that the RMSE has the
same unit of the target parameter (Ke) which is a non-dimensional parameter. The expressions for performance criteria
are presented in Equation (6):
PN
DC ¼ 1  Pi¼1
N
i¼1

(I0  IP )2
2

(I0  IP )

,R

PN
i¼1 (I0  I0 ) × (IP  IP )
ﬃ
, RMSE
¼ qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
PN
2
2
)
(I

I
×
(I

I
)
0
0
P
P
i¼1
vﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
u N
uX (I0  IP )2
¼t
N
i¼1

(6)

where I0 ,IP , I0 , IP , N, respectively, are the measured values,

Gene expression programming was developed by Ferreira

predicted values, mean measured values, mean predicted

() using fundamental principles of the genetic algor-

values, and number of data samples.

ithms (GA) and GP. The strength of the proposed
approach includes the simplicity of creating genetic diver-

GPR and GEP model development

sity, and a unique and multi-genic nature which allows the
evaluation of more complex programs composed of several

The design of GP-based regression approach involves use of

subprograms. GEP as GA mimics the biological evolution

the concept of kernel functions. In order to select the best

to create a computer program for simulating a speciﬁed

kernel function, model M (I) was predicted using various

phenomenon. A GEP algorithm begins by selecting ﬁve

kernels. According to the statistical parameters, using the

elements, including the function set, terminal set, ﬁtness

kernel function of squared-exponential led to more accurate

function, control parameters, and stopping condition.

prediction. Figure 2 indicates the results of the statistical par-

There is a comparison between predicted values and

ameters of different kernels for model M (I).

actual values in each subsequent step. When the desired

Furthermore, GEP was trained for local loss coefﬁcient

results are obtained in accordance with previously selected
error criteria, the GEP process is terminated. After the

prediction with basic arithmetic operators of (þ,  ,*, /) and
pﬃ
several mathematical functions (exp, x2, x3, ) as the func-

desired ﬁtness score is achieved, the process terminates

tion set. Different combinations of chromosomes’ structure

and then the chromosomes are decoded for the best solution

presented in Table 2 were tested. Then the model was run
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Statistics parameters via GPR kernel function types for a testing set of model M (I).

R, DC, and RMSE viewpoints (highest R and DC and lowest

Optimized parameters of GEP models

RMSE), it can be concluded that among the seven models,
Parameter

Setting

Function set

þ, , ×, /, x 2, x 2,

pﬃ

the model with input parameters of Fr, Hw/D, and Lr/L leads
to more accurate results (0.847, 0.777, 0.2) compared to

Chromosomes

25, 30, 35

others, and therefore, it was identiﬁed as the best model. How-

Head size

7, 8

ever, it can still be seen that models M (II) and M (III) produce

Linking function

Addition

an acceptable result with R, DC, and RMSE equal to 0.827,

Fitness function

Root mean square error

0.747, 0.224 and 0.815, 0.69, 0.24, respectively.
Moreover, although model M (V) did not lead to undesirable results, examination of the superior model showed that

for a number of generations and stopped when there was no
signiﬁcant change in the ﬁtness function value and coefﬁcient of correlation. Accordingly, the models with 30

adding the geometric parameters of Lr/L and Hw/D to the
input combination caused an increment in model efﬁciency.
Also, the performance criteria (R, DC, RMSE) of models

chromosomes head size of 8 and 3 numbers of genes led
to the better results. In addition, one of the important
steps in preparing the GEP model is choosing the appropri-

Table 3

|

ate set of genetic operators, therefore, a combination of all

Statistical parameters of the GPR and GEP models

Evaluation criteria

genetic operators was also tested. Characteristics of optimized GEP models are shown in Table 2.

Models

Train
R

DC

RMSE

R

Test
DC

RMSE

M (I)

GPR
GEP

0.826
0.942

0.83
0.912

0.098
0.140

0.76
0.847

0.718
0.777

0.254
0.200

RESULTS AND DISCUSSION

M (II)

GPR
GEP

0.827
0.928

0.827
0.887

0.100
0.160

0.760
0.827

0.530
0.747

0.250
0.227

GEP-based developed models

M (III)

GPR
GEP

0.840
0.924

0.750
0.860

0.257
0.206

0.720
0.815

0.514
0.682

0.162
0.240

M (IV)

GPR
GEP

0.672
0.459

0.490
0.420

0.903
0.390

0.312
0.415

0.251
0.450

0.405
0.360

M (V)

GPR
GEP

0.820
0.843

0.710
0.770

0.250
0.224

0.520
0.642

0.320
0.56

0.160
0.3

M (VI)

GPR
GEP

0.527
0.421

0.46
0.38

0.15
0.25

0.508
0.415

0.330
0.345

0.320
0.340

M (VII)

GPR
GEP

0.398
0.360

0.340
0.286

0.360
0.160

0.333
0.310

0.209
0.180

0.290
0.506

In order to evaluate the impact of various parameters on inlet
loss coefﬁcient of slope-tapered culverts, several models were
developed based on ﬂow characteristics (Froude number)
and geometric parameters (reducer’s length and depth ratio).
For predicting the inlet loss coefﬁcient, all models were GPR
and GEP models which were trained and tested. The obtained
results are listed in Table 3 as well as Figures 2 and 3. From the
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Comparison of observed and predicted local loss for GEP best model (M (I)).

M (IV), M (VI), and M (VII) showed unfavorable efﬁ-

similar to the GEP models, in which the superior model

ciency in predicting the local loss of slope-tapered

was M (I) with performance criteria (R, DC, RMSE) equal

culverts. This issue conﬁrms that, in the presence of insuf-

to 0.76, 0.718, and 0.25. By comparing R, DC, and RMSE

ﬁcient information, the inlet loss coefﬁcient of slope-

in GEP and GPR models of this case, it seems that the accu-

tapered culverts could be estimated using input variables

racy of GEP models was slightly higher.

of Fr, Hw/D, and Lr/L. The comparisons of observed and
predicted local loss coefﬁcient of GEP models are pre-

Sensitivity analysis

sented in Figures 3 and 4. Also, the strength point of
GEP models is the ability of models to develop an explicit
expression of the relationship between the variables.
Since the local loss coefﬁcient is a dependent parameter
of Froude number, relative depth, and ratio of reducer’s
length to the barrel length, the mathematical expression
of GEP for the best model is presented in Equation (7).
It was observed that the equation has three numbers of
genes with plus operator as presented in Table 2. In
addition, investigating the obtained equation revealed
that the input parameter of Froude number has the
major effect in predicting the local loss coefﬁcient of
the culvert.
2

The impact of the different employed parameters on inlet
loss coefﬁcient of a slope-tapered culvert is evaluated
using sensitivity analysis. There are different approaches
of sensitivity analysis, including local or global, quantitative or qualitative, or one-at-a-time (OAT). One of the
simplest and most common approaches is that of OAT,
to determine what effects this produces on the output.
OAT sensitivity analysis essentially consists of selecting
an initial parameter setting (nominal set) and varying
one parameter at a time while keeping all the other parameters ﬁxed. Consequently, OAT reveals a form of the
relationship between the varied parameter and the

3

3
Lr
 
2
2
6 0:12Fr
7 6
7
L
Ke ¼ 4
5þ4
5þ
2
H
Fr
5:6Fr

13:2
w
Fr2  0:12
D

output, given that all other parameters have their nominal

2

values (Holvoet et al. ).
(7)

The current study utilized the OAT approach to evaluate the impact of each parameter. To do so, the models
were run with all input parameters, then, one of the parameters was eliminated and the process was repeated.

GPR-based developed models

Based on the results from Figure 7, it could be deduced
that in predicting the inlet loss, with eliminating Lr/L,

The results obtained from GPR model developments are

Hw/D, and Froude, the statistical parameters of R and

illustrated in Table 3 and Figures 5 and 6. The results were

DC decreased to 0.82, 0.74, 0.815, 0.69, and 0.43, 0.45,
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Comparison of observed and predicted local loss GEP models.

Figure 5

|

Comparison of observed and predicted local loss for GPR best model (M (I)).
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Figure 6

|

Comparison of observed and predicted local loss GPR models.

Figure 7

|

Relative signiﬁcance of each of the input parameters of the best model (M (I)).
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and the amount of RMSE error increased to 0.227, 0.24,

would be the superior model. Also, investigating the

and 0.36, respectively. Consequently, variable Fr, would

developed models revealed that variables Hw/D and

be the most signiﬁcant impact in the current study and

Lr/L had scant impact on local loss coefﬁcient and the

model M (I) with input parameters of Fr, Lr/L, Hw/D

impact of Hw/D was slightly more than Lr/L.
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illustrated a relatively high accuracy of the GEP method in
predicting the entrance loss.

Inlet edge conﬁguration is one of the prime factors inﬂu-

From the obtained results of OAT sensitivity analysis, it

encing the performance of a culvert. As the inlet

was found that the correlation coefﬁcient between K and Fr

ﬂow

is

(in the state of entrance loss of a slope-tapered culvert) was

reduced, thus, a slope-tapered inlet improves culvert per-

signiﬁcantly higher than other parameters. Therefore,

formance by providing a more efﬁcient control section.

Froude number had the most impact on entrance loss coef-

The defections due to the ﬂow of water in culvert systems

ﬁcient. By investigating M (II) to M (IV) models, it can be

can cause problems such as overﬂow of water on the

deduced that eliminating input parameters of Lr/L, Hw/D,

conﬁguration

is

improved,

the

contraction

road. The optimum design of culverts depends on many

and Fr increases the amount of RMSE error up to 0.227,

factors, including but not limited to, the entrance loss

0.24, and 0.36, respectively. Also, scrutinizing models M

coefﬁcient, which is the focus in this paper. Since many

(VI) and M (VII) revealed that, in the absence of Froude

previous studies have pointed out the dependency of

number, input variables of Hw/D and Lr/L are the most

local loss coefﬁcient on geometric and hydraulic par-

affecting parameters, respectively.

ameters, it seems that having sufﬁcient knowledge of

It was concluded that the proposed approaches were

parameters affecting the entrance loss coefﬁcient could

found to be able to predict the entrance loss coefﬁcient of

be useful in the accurate calculation of inlet energy loss

the slope-tapered culvert successfully. This issue conﬁrms

of culvert systems and the upcoming optimum design of

that in the presence of insufﬁcient information, the inlet

culverts. In the present study, the capability of artiﬁcial

loss coefﬁcient of the slope-tapered culvert could be esti-

intelligence methods including GEP and GPR in the esti-

mated via these approaches. However, it is worth noting

mation of entrance local energy loss coefﬁcient of a slope-

that the selected models are data-driven ones, hence, in

tapered culvert was assessed. For this purpose, laboratory

order to discover the merits of the models to estimate the

data of Graziano et al. (a, b) of a slope-tapered

entrance loss coefﬁcient in real conditions of ﬂow, further

culvert were used. In order to perform a detailed investi-

studies using data ranges beyond the scope of this study

gation on entrance loss coefﬁcient, seven models with

are essential.

various input parameters were selected.
According to the results of the GEP approach, it was
found that model M (I) with input variables of Fr, Hw/D,
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