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ABSTRACT
The prediction of Manning coefﬁcients plays a prominent role in the estimation of head losses along culvert systems. Although the Manning
coefﬁcient is treated as a constant, previous studies showed the dependency of this coefﬁcient on several parameters. This study aims to
evaluate the effective parameters of the Manning roughness coefﬁcient using intelligence approaches such as Gaussian process regression
(GPR) and support vector machines (SVM), in which the input variables were considered as dimensionless and dimensional. In addition to the
enhanced efﬁciency of the SVM approach compared to the GPR approach in model development with dimensionless input variables, the
accuracy of model A(I) with input parameters of Fr (Froude) and y/D (the ratio of water depth to culvert diameter) and performance criteria
of correlation coefﬁcient (R) ¼ 0.738, determination coefﬁcient (DC) ¼ 0.0962, root mean square errors (RMSE) ¼ 0.0015 and R ¼ 0.818,
DC ¼ 0.993 and RMSE ¼ 0.0006 for GPR and SVM approaches were the highest. Thus, for the second category, a model with an input parameter of discharge (Q), hydraulic radius (RH), and culvert’s slope (S0) showed good efﬁciency in predicting the Manning coefﬁcient, in
which the performance criteria of GPR and SVM approaches were (R ¼ 0.719, DC ¼ 0.949, RMSE ¼ 0.0013) and (R ¼ 0.742, DC ¼ 0.991, RMSE
¼ 0.007), respectively. Furthermore, developed OAT (one-at-a-time) sensitivity analysis revealed that relative depth y/D and Q are the most
important parameters in the prediction of the Manning coefﬁcient for models with dimensionless and dimensional input variables,
respectively.
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HIGHLIGHTS

•

Effective parameters in predicting the Manning coefﬁcient was evaluated, and the efﬁciency of GPR and SVM was evaluated in predicting

•

the Manning roughness coefﬁcient of culverts.
Although the Manning roughness coefﬁcient is treated as a constant, it was observed that the Manning coefﬁcient depends on several

•

Results of developed models revealed the uncertainty of friction loss in culvert systems.

parameters.

This is an Open Access article distributed under the terms of the Creative Commons Attribution Licence (CC BY 4.0), which permits copying, adaptation and
redistribution, provided the original work is properly cited (http://creativecommons.org/licenses/by/4.0/).
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GRAPHICAL ABSTRACT

INTRODUCTION
Among various channel hydraulic parameters, the channel’s Manning roughness (n) plays a crucial role in the study of channel ﬂow, particularly in the hydraulic modeling of culvert systems. Manning’s roughness of culvert systems greatly inﬂuences
the velocity and depth of water inside the culvert (Lang et al. 2004) and is known to be a key parameter for a realistic simulation of ﬂows but remains especially complicated to determine (Niazkar et al. 2018). Hence, the reliable estimation of
discharge capacity is essential for the design, and the hydraulic criteria inﬂuencing discharge capacity in culverts are ﬂow
rates, material roughness, diameter, and slope of the culvert. Therefore, the determination of (n) of culvert systems has
become a challenge in practice.
Manning’s equation has been widely used to calculate the ﬂow rate, and researchers have simulated ﬂoods using the calibrated Manning’s n slope area method. Boyer (1954) stated that n in open channels plays an important role in the
determination of discharge value (Pradhan & Khatua 2018b). Li & Zhang (2001) refer to n as one of the most important parameters for analyzing water ﬂow over the ground and provide a technique for the calculation of ﬁeld n. Hosseini et al. (2000)
discussed the key role of n and Manning’s equation in evaluating the accuracy of energy and momentum principles for the
analysis of one-dimensional open channel ﬂow. According to the literature, estimating resistance coefﬁcients may be conducted using different approaches (Kitsikoudis et al. 2015). Ardıçlıoğlu & Kuriqi (2019) presented an eight-step scheme
that was developed to predict n when grain and form roughness are the major sources of friction. Boulomytis et al. (2017)
estimated n of the main channel and ﬂoodplain of the Juqueriquere River basin using the Cowan method based on ﬁeld observations. The prediction of the friction factor in pipes using the model tree was performed by Najafzadeh (2017). Bardestani
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et al. (2016) predicted turbulent ﬂow friction coefﬁcients using an adaptive neural fuzzy inference system (ANFIS) technique,
and the friction factor in pipes was estimated by using the ANFIS and a grid partition method. It was found that the ANFIS
model was more accurate than other empirical equations in modeling friction factors. Furthermore, the soft computing technique was used as a robust method to predict n in grassed channels, high gradient streams, and other environmental problems
(Roushangar et al. 2017).
Water distribution systems are considered an important public infrastructure (Pandey et al. 2020), and the design of the
systems includes a large number of parameters (Bhave & Gupta 2006). Previous studies have shown that n, as one of the
key parameters, depends on various factors including the change of the stream conditions, water depth, rainfall intensity, discharge, tailwater level, pipe material, pipe diameter, corrugations, the slope of energy grade line, and hydraulic radius
(Bloodgood & Bell 1961; American Concrete Pipe Association 2007; Devkota 2012; Ardıçlıoğlu & Kuriqi 2019).
Numerous models have been developed for the prediction of the n using experimental and numerical studies. In the past
decades, artiﬁcial intelligence approaches such as artiﬁcial neural networks (ANNs), neuro-fuzzy models (NF), genetic programming (GP), gene expression programming (GEP), support vector machine (SVM), and Gaussian process regression
(GPR) have become popular in water resources engineering, leading to numerous publications in this ﬁeld (Amaranto
et al. 2018; Carvalho et al. 2018; Owen & Liuzzo 2019; Roushangar et al. 2019; Tinelli & Juran 2019; Zhu et al. 2019;
Roushangar & Shahnazi 2020). Therefore, utilizing artiﬁcial intelligence was considered as a tool for predicting the roughness coefﬁcient (Mangin 2010; Saghebian et al. 2020). However, in addition to artiﬁcial intelligence methods, other
numerical and experimental methods have been proposed by many researchers (Mohammadpour et al. 2019; Lavoie &
Mahdi 2020) and, from another point of view, some researchers presented an innovative method for calibrating Manning
roughness (Boulomytis et al. 2017; Attari & Hosseini 2019). Since the defections of the water ﬂow in culvert systems
could cause problems such as the overﬂow of water on the road, the prediction of n plays a prominent role in the determination of losses along water distribution and drainage infrastructures. The optimum design of culvert depends on many
factors including but not limited to the n which is the concentration point in this paper. Since many previous studies have
pointed out the dependency of Manning coefﬁcient on geometric and hydraulic parameters, it seems that having sufﬁcient
knowledge of parameters affecting the n could be useful in the accurate calculation of the upcoming optimum design of culverts. Despite the fact that the n is treated as a constant, many studies and available methods indicate that the n is a dependent
parameter of hydraulic and geometric parameters (McKay & Fischenich 2011; Ferguson 2013). Due to the uncertainties and
considering the reviewed literature, a lack of comprehensive studies on the prediction of n in culvert systems using artiﬁcial
intelligence was observed. Therefore, in order to survey the subject comprehensively, utilizing artiﬁcial intelligence was considered as a tool for predicting the roughness coefﬁcient (Mangin 2010; Saghebian et al. 2020). In the present study, the
effective parameters in predicting the n were evaluated, and the efﬁciency of kernel-based approaches such as GPR and
SVM was assessed. Hence, the OAT (one-at-a-time) sensitivity analysis was implemented to recognize the most effective
input variables in predicting Manning roughness coefﬁcient.

MATERIALS AND METHODS
Kernel-based approaches
Kernel-based approaches (such as GPR and SVM) are one of the common methods for solving nonlinear problems which are
based on a statistical learning theory. They are also fairly robust against overﬁtting, especially in a high-dimensional space
(Roushangar et al. 2019). The availability of sufﬁcient input data will enable these models to predict any variable. However,
the model covers only the relationships found within the given dataset (Bobivic 2009).
Gaussian process regression (GPR)
GPR is a newly developed learning approach that works based on the concept of kernel functions. GPR presents probabilistic
models, which means that the Gaussian process provides the reliability of responses to the given input data. In addition, the
GPR method is ﬂexible as it can handle nonlinear problems and also non-parametric as it does not need parameter selection
(Roushangar & Shahnazi 2019). Such models are capable of adapting themselves to predict any variable of interest using sufﬁcient inputs. The training of these methods is fast and has high accuracy. GPRs can model nonlinear decision boundaries,
and there are many kernels to choose from. They are also fairly robust against overﬁtting, especially in a high-dimensional
space. However, the appropriate selection of kernel type is the most important step in the GPR due to its direct impact on
the training and classiﬁcation precision (Saghebian et al. 2020).
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GPR models are based on the assumption that adjacent observations should convey information about one other. Due to
prior knowledge regarding data and functional dependencies, no validation process is required for generalization, and GP
regression models are able to understand the predictive distribution corresponding to the test input (Rasmussen & Williams
2006). Considered input space x ¼ Rn of n-dimensional vectors to an output space γ ¼ R of real-valued targets, in which n pair
(xi, yi) is drawn independently and identically distributed. For regression, assuming that y , R, then, a GP on γ is deﬁned by a
mean function μ:x → R and a covariance function k:X  X ! R.
In GP regression, the main assumption is that the y value can be calculated from y ¼ f (x) þ ξ, where ξ ∼ N (0, σ 2). In GP
regression, for every input x, there is an associated random variable f (x), which is the value of the stochastic function f at
that location. In this study, it is assumed that observational error ξ is normal dependent and identically distributed, with a
mean value of zero (μ(x) ¼ 0), a variance of σ 2 and f(x) drawn from the Gaussian process on x speciﬁed by k. That is,
Y ¼ (y1,….,yn) ∼ (0, Kþ σ2I), where Kij ¼ k(xi, xj), and I is the identity matrix. Because Y/X ∼ N(0,Kþ σ 2I ) is normal, so is
the conditional distribution of test labels given the training and test data of p(Y*0Y, X, X*). Then, one has Y*/Y, X, X*N
(μ, Σ) where

m ¼ K(X , X )(K(X, X) þ s2 I)1 Y

(2)

S ¼ K(X , X )  s2 I  K(X , X)(K(X, X) þ s2 I)1 K(X, X )

(3)

If N training data and N* test data were available, then we have K(X*, X*); here, X and Y are the vector of training data and
training data labels yi, whereas X* is the vector of test data. A speciﬁed covariance function is required to generate a positive
semi-deﬁnite covariance matrix K, where Kij ¼ k(xi,xj). The term of kernel function used in the SVM is equivalent to the
covariance function used in GP regression. With the known values of kernel k and the degree of noise σ 2, Equations (2)
and (3) would be enough for inference. During the training process of GP regression models, one needs to choose a suitable
covariance function as well as its parameters. In the case of GP regression with a ﬁxed value of Gaussian noise, a GP model
can be trained by applying Bayesian inference, i.e., maximizing the marginal likelihood. This leads to the minimization of the
negative log-posterior:
P(s2 , k) ¼

1 T
1
y (K þ s2 I)1 y þ logjK þ s2 Ij  log p(s2 )  log p(k)
2
2

(4)

To assess the hyperparameters, the partial derivation of Equation (3) can be obtained with respect to σ 2 and k. For a
detailed discussion on GP regression, Kuss (2006) is suggested. 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. To achieve the optimum values of these parameters, a trial-and-error process was executed.
Support vector machine (SVM)
SVM as an intelligence approach is implemented in information categorization and dataset classiﬁcation. This approach,
which was developed by Vapnik (1995), is known as structural risk minimization (SRM), which minimizes an upper
bound on the expected risk, as opposed to the traditional empirical risk (ERM), which minimizes the error on the training
data. The primary concept of SVM is the optimal hyperplane that separates samples of two classes by considering the
widest gap between these two classes. Many researches have been carried out in various ﬁelds of engineering by using
SVM. Therefore, only a summary of the employed SVM model is presented here. It is assumed that for dataset (xi, yi),
SVM equations founded on Vapnik theory approximate the function as:
f(x) ¼ ww(x) þ b

(5)

where w(x) represents a nonlinear function in feature of input x, w-vector known as the weight factor, b is known as bias.
These coefﬁcients are predicted by minimizing regularized risk function as shown below:
RSVM (c) ¼

n
1
1X
jjwjj2 þ c
L1 (ti , yi )
2
2 i¼1
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where

L1 (ti , yi ) ¼

0
jti  yi j  1
jti  yi j  1 otherwise

(7)

1
The constant c is the cost factor, jjwjj2 stands for the regularization term, ε is the radius of the tube within which the
2
regression function must lie, n is the number of elements and L1 (ti , yi ) denotes the loss function, in which yi is the forecasted
value and ti stands for the desired value in the period i . The parameters w and b are estimated by the minimization process of
the regularized risk function after introducing positive slack variables ξi and ξi* that express upper and lower excess deviation.

Minimize

n
X
1
(ji , ji )
RSVM (w, j , j) ¼ jjwjj2 þ c
2
i¼1

ti  Wiw (Xi )  b  1 þ ji , Wiw þ b  ti  1 þ ji , ji þ ji  0

(8)

Equation (5) can be solved by introducing Lagrange multipliers and optimality constraints, therefore obtaining a general
form of function given by:
f(x) ¼

n
X

(bi  bi )K(xi , xj ) þ b

(9)

i¼1

where bi and bi are Lagrange multipliers, K(xi , xj ) is w(xi)w(xj), and the term K(xi, xj) refers to the kernel function, which is an
inner product of two vectors xi and xj in the feature space w(xi) and w(xj), respectively.
Among the existed approaches, SVM is one of the best known techniques to optimize the expected solution. The extraordinary generalization capability of SVM, along with its optimal solution and its discriminative power, has attracted the attention
of data mining, pattern recognition, and machine learning communities in the last years. SVM has been used as a powerful
tool for solving practical binary classiﬁcation problems. It has been shown that SVMs are superior to other supervised learning methods (Bhowmik et al. 2009; Cervantes et al. 2019). Due to its good theoretical foundations and good generalization
capacity, in recent years, SVMs have become one of the most used classiﬁcation methods. The advantage of SVM is to neatly
solve the inner product operation in the high-dimensional space by introducing kernel function, so the prediction accuracy
would be enhanced with appropriate kernel function (Roushangar & Shahnazi 2020). Other advantages includes unique solution due to the convex nature of the optimal problem, the use of high-dimensional spaced set of kernel functions which
discreetly comprise nonlinear transformation, and no assumption in functional transformation which makes data linearly
separable indispensable (Kisi et al. 2015).
The extraordinary generalization capability of SVM, along with its optimal solution and its discriminative power, has
attracted the attention of data mining, pattern recognition, and machine learning communities in the past years.

Performance criteria
In the current study, the model’s performance was evaluated using three statistics: correlation coefﬁcient (R), determination
coefﬁcient (DC), and root mean square errors (RSME). The expressions for performance criteria are presented in Equation
(10).
N
P

N
P
(I0  I0 )  (IP  IP )
(I0  IP )2
i¼1
i¼1
R ¼ sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ , DC ¼ 1  N
,
P
N
2
P
2
2
(I

I
)
0
P
(I0  I0 )  (IP  IP )
i¼1

vﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
u N
uX (I0  IP )2
RMSE ¼ t
N
i¼1

(10)

i¼1

where I0 ,IP , I0 , IP , and N, respectively, are the measured values, predicted values, mean measured values, mean predicted
values, and the number of data samples.
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Model and simulation and development
Data characterization
To evaluate the effective parameters of the n, the laboratory data of Devkota (2012) were utilized. The laboratory testing was
performed in the Fluid Mechanics Laboratory of the Civil and Environmental Engineering Department at the Youngstown
State University. The HDPE culverts used in this research were externally corrugated but smooth inside with diameters of
1, 2, and 3.5 ft. The proﬁle and cross-section of the 2 ft.
In the study, Devkota (2012) varied discharge, slope and culvert diameter, and measured water depth. The slope of the
energy grade line could be computed from the measured water depth at four different ﬂume slopes. In order to determine
the discharge, a pump rating curve was created. The data collection, therefore, consisted of measurements of discharge for
the creation of the discharge rating curve and water depth in the culvert under various diameter, slope, and discharge conditions in HDPE culverts. The water from the sump area is discharged into the headbox of the ﬂume, and an outlet was
provided at the downstream end of the ﬂume which returned the water to the sump, thus recirculating the water. Upstream
from the pump, a control valve has been installed to limit the discharge of water into the headbox. As the number of opened
turns of the valve is increased, the discharge increases. The data collection process consisted of two steps:
1. Developing a discharge rating curve (discharge measurement)
2. Collecting water depths within the culverts (depth measurement)
Input variables
The accuracy of the predictions mainly depends on the appropriate allocation of input parameters. Based on Saghebian et al.
(2020) and Devkota (2012), the most important parameters in predicting the n of culvert include the culvert diameter (D),
culvert’s bed slope (S0), discharge (Q), water depth in the culvert (y), hydraulic radius (RH), Froude number (Fr), and Reynolds
number (Re). Accordingly, the input parameters consist of culvert diameter (D), bed slope (S0), discharge (Q), water depth in
culvert (y), hydraulic radius (RH), and Reynolds number (Re). Also, the data range of various parameters used in this study is
presented in Table 1.
Fr ¼ V=(g  Hw )0:5 is the Froude number a dimensionless value that describes ﬂow regimes, V is the ﬂow velocity in the
culvert, Hw is ﬂow depth in the culvert, Re ¼ vL/υ is the Reynolds number which is a dimensionless number used to categorize the effect of viscosity in controlling velocities or the ﬂow pattern of a ﬂuid, L is ﬂuid length, υ is the static viscosity, and
y=D is the ratio of water depth in the culvert to culvert diameter. Two categories were considered for model development: (1)
models with dimensionless input variables and (2) models with dimensional input variables. Therefore, in order to develop
the appropriate models, input variables of the ﬁrst category with ﬁve models were considered to be dimensionless, whereas
the input variables of the second category with seven models had dimensions (Table 2). Providing appropriate dataset is a
critical step in the prediction of n via artiﬁcial intelligence methods. The examination of models showed that considering
75% of the dataset for training goals and the remaining 25% for testing goals lead to more accurate results. Because of
more accurate estimation and more efﬁcient use of data and to avoid model bias, the training and testing datasets were
divided using v-fold cross-validation which was developed in STATISTICA software (v. 8). The separated dataset is then utilized in further model developments. A v-fold cross-validation is a standard approach for model selection, and the main idea
of cross-validation is data splitting (Arlot & Lerasle 2016). There are a total of 156 data, of which 75% (116 number of data)
are dedicated to training data and 25% (39 number of data) are related to the testing data.
Table 1 | Details of various parameters from laboratory experiments used in this study
Parameters

Data range

No. of data

Slope (S0)

0.0012–0.0262

112

Discharge (Q)

0.217–10.281

Hydraulic radius (RH)

0.057–1.856

Reynolds number (Re)

15,602.53–370,560.1

Froude number (Fr)

0.705–23.9

Relative depth (y/D)

0.044–0.751
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Table 2 | Developed models
Inlet loss in slope-tapered circular culvert
Models using dimensionless parameters assigned to GPR
and SVM approaches

Models using parameters with dimensions assigned to GPR
and SVM approaches

Model

Input variables

Model

Input variables

A(I)

Fr, y/D

B(I)

Q, S0, RH

A(II)

Re, y/D

B(II)

Q, S0

A(III)

Fr

B(III)

Q, RH

A(IV)

Re

B(IV)

S0, RH

A(V)

y/D

B(V)

Q

B(VI)

S0

B(VII)

RH

It is worst to note that the understanding of the correlations between data could help the model to achieve higher accuracy.
At the same time, training time will be reduced because of the reduced dimensions of data. It is correct that correlation is
often used for feature selection. But, there is no strong reason either to keep or remove features that have a low correlation
with the target response, other than reducing the number of features if necessary. However, to the author’s knowledge, if the
number of features is not a problem, the correlation seems to be not important for modeling.
Model justiﬁcation
To show the beneﬁts or values of GPR and SVM methods, the results of these models were compared to the GEP method
which can serve as a benchmark for comparison purposes. The better performance of considered methods justiﬁed the
use of GPR and SVM methods.
GEP was developed by Ferreria (2001) using fundamental principles of genetic algorithms (GA) and genetic programming
(GP). GAs are the heuristic search and optimization techniques that mimic the process of natural evolution. Thus, GAs
implement the optimization strategies by simulating the evolution of species through natural selection (Bhattacharjya
2012). The problems are encoded in linear chromosomes of ﬁxed-length as a computer program (Ferreria 2001), which
are then expressed or translated into expression trees (ETs). GEP algorithm begins by selecting the ﬁve elements such as
the function set, terminal set, ﬁtness function, control parameters, and stop condition. There is a comparison between predicted values and actual values in a subsequent step. When desired results in accord with the error criteria initially
selected are found, the GEP process is terminated. If desired error criteria could not be found, some chromosomes are
chosen by a method called roulette wheel sampling and they are mutated to obtain new chromosomes. After the desired ﬁtness score is found, this process terminates and then the chromosomes are decoded for the best solution to the problem
(Teodorescu & Sherwood 2008). In the present study, GEP has been trained for model A(I). Four basic arithmetic operators
(þ, , , /) and some basic mathematical functions (√, X2, X3, X1/3) were utilized as a GEP function set. GEP models were
evolved till the ﬁtness function remains unchanged for 10,000 runs for each pre-deﬁned number of a gene, then the program
was stopped. The model parameters and the size of the developed GEP models were then tuned (optimized) throughout reﬁning (optimizing) the trained and ﬁxed model as a starter.
The statistical parameters of (R, DC, and RMSE) of model A(I) were used to compare the results of GEP with GPR and
SVM methods. The method which led to the highest R and DC and the lowest RMSE was selected as the best method.
According to the performance criteria, in the GEP model, using the methods of SVM and GEP led to more accurate predictions. The performance criteria of mentioned approaches are presented in Table 3.
SVM and GPR model development
The design of GPR- and SVM-based regression approaches involves the use of kernel functions. The appropriate selection of
kernel type leads to accurate results. In general, there are several types of kernel functions, including linear, polynomial,
radial basis function (RBF), and sigmoid functions. The kernel-based models are capable of adapting themselves to predict
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Table 3 | Comparison of SVM, GPR, and GEP models
Evaluation criteria
Training
R

DC

RMSE

R

DC

RMSE

GPR

0.786

0.989

0.0012

0.738

0.962

0.0015

SVM

0.934

0.99

0.0007

0.818

0.993

0.0006

GEP

0.645

0.63

0.0016

0.603

0.582

0.0017

Models

A(I)

Testing

any variable of interest in the presence of sufﬁcient data. The training of these methods is fast and accurate, with a low probability of data overtraining.
In order to select the best kernel function, model A(I) was predicted via various kernels. The statistical parameters of
(R, DC, and RMSE) were used to ﬁnd optimum kernel functions. The kernel function, which led to the highest R and DC
and the lowest RMSE, was selected as optimum kernel function. According to the performance criteria of R, DC, and
RMSE, in GPR model development, using the kernel function of squared-exponential led to more accurate predictions.
Whereas in SVM model development, the RBF kernel function led to more accurate results. Figure 1 shows the results of
the statistical parameters for different kernels for model A(I). Kernel functions of presented kernel types for SVM and
GPR approaches are indicated in Table 4 (Rasmussen & Williams 2006; Neal 2012; Roushangar & Shahnazi 2019).

RESULTS AND DISCUSSION
In order to investigate the inﬂuence of various variables on n of culverts, several models were developed based on ﬂow
characteristics (Froude number, Reynolds number, and discharge) and geometric parameters (relative depth, culvert slope,
and hydraulic radius). In order to achieve a prediction of n, all GPR and SVM models were trained and tested. Results
are presented in Tables 2 and 3 and Figures 2–5.

Figure 1 | Statistical parameters for GPR and SVM kernel function types for a testing set of model A(I).
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Table 4 | Kernel functions for SVM and GPR approaches
SVM approach

GPR approach

Kernel type

Function

Kernel type

Function

Linear

k(xi , xj ) ¼ (xi , xj )

Squared-exponential

Polynomial

k(xi , xj ) ¼ ((xi , xj ) þ 1)d

Exponential

RBF

k(xi , xj ) ¼ exp(jjxi , xj jj)2 =2g2

Matern 3/2

k(xi , xj ju) ¼ s2f 1 þ

Sigmoid

k(xi , xj ) ¼ tanh (a(xi , xj ) þ c)

Matern 5/2

k(xi , xj ju) ¼ s2f 1 þ

"

T
1 (xi  xj ) (xi  xj )
2
s2l


r
k(xi , xj ju) ¼ s2f exp 
sl

s2f

pﬃﬃﬃ !
pﬃﬃﬃ !
3r
3r
exp 
sl
sl
!
pﬃﬃﬃ
pﬃﬃﬃ !
5r 5r 2
5r
þ 2 exp 
sl
sl
3sl

r2
1þ
2as2l

!a

–

Rational quadratic

k(xi , xj ju) ¼

–

ARD squared-exponential

k(xi , xj ju) ¼ s2f exp 

–

ARD exponential
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Figure 2 | Comparison of observed and predicted Manning coefﬁcient for the best dimensionless model (A(I)).
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Figure 3 | Comparison of observed and predicted Manning coefﬁcient for dimensionless models.

Models with dimensionless input variables
GPR-based models
From Table 5, it can be concluded that considering the Froude number and relative depth as input variables led to more accurate results, performance criteria were R ¼ 0.786, DC ¼ 0.989, and RMSE ¼ 0.0012 for training and R ¼ 0.738, DC ¼ 0.962,
and RMSE ¼ 0.0015 for testing. Therefore, model A(I) is identiﬁed as superior among the ﬁve models. Model A(V)
showed acceptable results, and the analysis revealed that the geometric parameter y/D had a signiﬁcant impact on obtained
results, and adding the variable input of Froude number caused an increase in model efﬁciency. Furthermore, performance
criteria (R, DC, RMSE) of models A(II), A(III), and A(IV) exhibited an undesired efﬁciency in the prediction of n. The n is
more affected by the Froude number than by the Reynolds number. This outcome revealed that, in the presence of insufﬁcient
information, the n could be estimated using the input variables Fr and y/D. Figures 2 and 3 demonstrate the comparison of
predicted and observed n of GPR models.
SVM-based models
Table 5 features the efﬁciency of the SVM method, in which the accuracy of results is increased compared to the GPR
method. Table 4 and Figures 1 and 2 demonstrate the enhanced efﬁciency of the SVM method in predicting the n. Model
A(I) with input parameters of Fr and y/D leads to better results and high accuracy with R, DC, and RMSE equal to
(R ¼ 0.934, DC ¼ 0.99, RMSE ¼ 0.0007) and (R ¼ 0.808, DC ¼ 0.993, RMSE ¼ 0.0006) for training and testing data, respectively. From model A(V), it is concluded that parameter y/D seems to be the most inﬂuential parameter in predicting the
n. However, adding the Froude number as an input variable increases the model efﬁciency. Since the results obtained
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Figure 4 | Comparison of observed and predicted Manning coefﬁcient for the best model with dimensional variables (B(I)).

from the GPR method are consistent with the results obtained from the SVM method, incapability of A(II), A(III), and A(IV)
models in acquiring reasonable results were expected.
From Figure 2, it is observed that the proximity of the observed and predicted values to the x ¼ y line and the appropriate
clutter of data conﬁrms the high accuracy of model A(I), in which the predicted test data range values for SVM and GPR
approaches were 0.00356–0.01 and 0.0027–0.011, respectively. Comparison of observed and predicted data for GPR and
SVM approaches in Figure 2 conﬁrms the high efﬁciency of the SVM approach compared to the GPR approach.
According to Figure 3, the distribution of data along the 1:1 line in models A(II) and A(IV) showed the inability of model in
predicting the n. Furthermore, it is observed that model A(III) with the input parameter of Fr had an inappropriate distribution along the line 1:1 compared to model A(V) with the input parameter of y/D, which conﬁrms that y/D is the most
effective parameter in modeling.

Models with dimensional input variables
GPR-based models
The comprehensive evaluation of models was performed considering the second category of input variables, in which the
variables have dimensions (Table 6 and Figures 4 and 5). Although models B(II), B(III), and B(IV) did lead to acceptable
results, from R, DC, and RMSE values, it was concluded that model B(I) with input variables of Q, S0, and RH was the
best model in predicting n (training ¼ 0.760, 0.992, 0.00075 and testing ¼ 0.742, 0.991, 0.0007), respectively. Also, comparing
models B(II), B(III), B(IV) with model B(I) showed that the input variable Q was the most important parameter in the prediction of n. Identifying the process of the most effective input variable will further be discussed.
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Figure 5 | Comparison of observed and predicted Manning coefﬁcient for models with dimensional variables.

SVM-based models
Evaluation criteria of the SVM method are presented in Table 6, in which the increase in the accuracy of SVM method was
evident. Exploring performance criteria showed that performance criterion of model B(I), which is equal to (training:
R ¼ 0.902, DC ¼ 0.987, RMSE ¼ 0.0009) and (testing: R ¼ 0.742, DC ¼ 0.991, RMSE ¼ 0.0007), provides better results and
therefore is selected as the best model. The results of the SVM method are in good accordance with the GPR method; therefore, models B(II), B(III), B(IV), B(V), B(VII), and B(VII) are unable in predicting the n. Comparison of observed and
predicted Manning coefﬁcients via the SVM method is represented in Figures 4 and 5.
Although the data destitution of data around line 1:1 for models B(II), B(III), and B(IV) in Figure 5 was observed to be
acceptable, more proportional dispersion and proximity of data to line 1:1 in Figure 4 conﬁrms that model B(I) is the best
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Table 5 | Statistical parameters of the GPR and SVM models with dimensionless input variables
Evaluation criteria
Training
Models

Testing

DC

R

RMSE

R

DC

RMSE

A(I)

GPR
SVM

0.786
0.934

0.989
0.99

0.0012
0.0007

0.738
0.818

0.962
0.993

0.0015
0.0006

A(II)

GPR
SVM

0.543
0.550

0.950
0.953

0.0012
0.0018

0.340
0.27

0.854
0.984

0.0017
0.001

A(III)

GPR
SVM

0.510
0.305

0.962
0.930

0.0017
0.020

0.260
0.200

0.904
0.961

0.0020
0.0016

A(IV)

GPR
SVM

0.490
0.262

0.940
0.900

0.0017
0.0025

0.190
0.228

0.831
0.940

0.0020
0.0019

A(V)

GPR
SVM

0.770
0.849

0.970
0.984

0.0013
0.0012

0.520
0.809

0.968
0.973

0.0013
0.0013

Table 6 | Statistical parameters of the GPR and SVM models with dimensional input variables
Evaluation criteria
Training
Models

Testing

DC

R

RMSE

R

DC

RMSE

B(I)

GPR
SVM

0.760
0.902

0.992
0.987

0.00075
0.0009

0.719
0.742

0.949
0.991

0.0013
0.0007

B(II)

GPR
SVM

0.720
0.812

0.915
0.925

0.0008
0.0015

0.700
0.592

0.909
0.901

0.0014
0.0015

B(III)

GPR
SVM

0.746
0.96

0.971
0.992

0.00079
0.0007

0.733
0.610

0.930
0.983

0.0013
0.001

B(IV)

GPR
SVM

0.85
0.625

0.992
0.914

0.00076
0.001

0.652
0.435

0.897
0.920

0.0010
0.0018

B(V)

GPR
SVM

0.51
0.356

0.976
0.923

0.017
0.0023

0.261
0.311

0.940
0.953

0.0020
0.0017

B(VI)

GPR
SVM

0.354
0.317

0.405
0.900

0.0020
0.002

0.287
0.282

0.935
0.949

0.0021
0.0018

B(VII)

GPR
SVM

0.827
0.501

0.990
0.950

0.0079
0.0018

0.630
0.413

0.887
0.983

0.0011
0.0010

model in predicting the n value. The predicted test data range values for model B(I) in SVM and GPR approaches are 0.0066–
0.0097 and 0.0076–0.0095, respectively. Scattered arrangement of data around the line 1:1 for models B(V), B(VI), and B(VII)
showed the inability of models in predicting the n value.

Sensitivity analysis
The determination of the contribution of each parameter on the n of a culvert is evaluated with a sensitivity analysis. There
are different methods for doing sensitivity analysis such as local or global, quantitive or qualitative, or OAT. One of the simplest and most common approaches is that of changing one-factor-at-a-time, to see what effect this produces on the output.
AOT sensitivity analysis essentially consists of selecting a base parameter setting (nominal set) and varying one parameter at a
time while keeping all other parameters ﬁxed (hence, it is referred to as a local method). An important use of OAT is to reveal
the form of the relationship between the varied parameter and the output, given that all other parameters have their nominal
values. (Holvoet et al. 2005; Roushangar et al. 2019).
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This study applied the OAT sensitivity analysis for two groups of models with different input variables for the SVM method.
To develop an OAT analysis, the superior models were run with all variables, then one of the parameters was omitted and the
process was repeated. According to Figure 6, for models with dimensionless variables, it was deduced that the elimination of
y/D from the best model would decrease the model efﬁciency signiﬁcantly from (R ¼ 0.808, DC ¼ 0.993, RMSE ¼ 0.006) to
(R ¼ 0.2, DC ¼ 0.961, RMSE ¼ 0.0016). Consequently, it could be stated that y/D is the most effective parameter in predicting
n using dimensionless input variables. Because of the unfavorable results of model A(II), OAT analysis was not performed
with this model.
The OAT sensitivity analysis was performed for the second category, in which the input variables have dimensions. Figure 7
indicates that eliminating parameters of discharge (Q) and hydraulic radius (RH) would decrease the model efﬁciency from
(R ¼ 0.742, DC ¼ 0.991, RMSE ¼ 0.0007) to (R ¼ 0.435, DC ¼ 0.92, RMSE ¼ 0.0018) and (R ¼ 0.592, DC ¼ 0.90, RMSE ¼
0.00015), respectively. Therefore, it was concluded that the most effective parameters in predicting n are discharge (Q)
and hydraulic radius (RH).

CONCLUSION
The calculation of n is inherently a challenging matter since multiple factors inﬂuence it. Many previous studies have pointed
out the dependency of the n on geometric and hydraulic parameters. Therefore, the comprehensive evaluation of parameters
affecting the Manning coefﬁcient could be useful for accurate calculation of head loss in culvert systems for the optimal
design of culverts. In the present study, the capability of GPR and SVM models as kernel-based approaches was veriﬁed
for predicting n of a culvert system. In this regard, the laboratory data of Devkota (2012) for an HDPE culvert were used.
In order to perform a detailed investigation, two categories of models were developed, in which the input data of the ﬁrst
category were dimensionless and the input data of the second category have dimensions. The obtained results are as follows:
- Among various kernel functions, using kernel functions of squared-exponential in GPR and RBF in the SVM approach led to
more accurate predictions.
- Considering the Froude number and relative depth as dimensionless input variables in model A(I) leads to more accurate
results. The geometric parameter y/D had a signiﬁcant impact on the results and adding the Froude number caused an
increase in model efﬁciency.
- The efﬁciency of the SVM method is better than the GPR method. Similar to the GPR method, model A(I) with input parameters of Fr and y/D leads to the best results. From model A(V), it is concluded that parameter y/D seems to be the most
inﬂuential parameter. However, adding the Froude number as an input variable increases model efﬁciency. Moreover,
models A(II), A(III), and A(IV) do not lead to accurate results.

Figure 6 | Relative signiﬁcance of each input parameters of the best models with dimensionless variables.
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Figure 7 | Relative signiﬁcance of each input parameters of the best models with dimensional variables.

- GPR models for dimensional input variables showed that model B(I) with input variables of Q, S0, and RH is the best model
(testing ¼ 0.742, 0.991, 0.0007). Also, comparing models B(II), B(III), and B(IV) with model B(I) showed that the input
variable Q was the most important parameter in estimating n.
- The obtained evaluation criteria of the SVM method for dimensional input variables indicated that model B(I) with (R ¼
0.902, DC ¼ 0.987, RMSE ¼ 0.0009) for training data and (R ¼ 0.742, DC ¼ 0.991, RMSE ¼ 0.0007) for testing data led
to better results and is selected as the best model. The results of the SVM method are in good accordance with the
GPR method, and the results of B(II), B(III), B(IV), B(V), B(VII), and B(VII) models do not provide good accuracy.
- Applying the OAT sensitivity analysis for the SVM method in models with dimensionless variables, the elimination of parameter y/D from the best model decreased the model efﬁciency signiﬁcantly from (R ¼ 0.808, DC ¼ 0.993, RMSE ¼ 0.006)
to (R ¼ 0.2, DC ¼ 0.961, RMSE ¼ 0.0016) and is the most effective parameter.
- Furthermore, OAT sensitivity analysis on the second category indicated that eliminating parameters of discharge (Q) and
hydraulic radius (RH) would decrease the model efﬁciency. Therefore, it was concluded that the most effective parameters
in predicting n are discharge (Q) and hydraulic radius (RH), respectively.
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