867

© IWA Publishing 2016 Journal of Hydroinformatics

|

18.5

|

2016

Prediction of maximum scour depth around piers with
debris accumulation using EPR, MT, and GEP models
Mohammad Najafzadeh, Mohammad Rezaie Balf and Esmat Rashedi

ABSTRACT
Pier scour phenomena in the presence of debris accumulation have attracted the attention of
engineers to present a precise prediction of the local scour depth. Most experimental studies of pier
scour depth with debris accumulation have been performed to ﬁnd an accurate formula to predict
the local scour depth. However, an empirical equation with appropriate capacity of validation is not
available to evaluate the local scour depth. In this way, gene-expression programming (GEP),
evolutionary polynomial regression (EPR), and model tree (MT) based formulations are used to
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develop to predict the scour depth around bridge piers with debris effects. Laboratory data sets
utilized to perform models are collected from different literature. Effective parameters on the local
scour depth include geometric characterizations of bridge piers and debris, physical properties of
bed sediment, and approaching ﬂow characteristics. The efﬁciency of the training stages for the GEP,
MT, and EPR models are investigated. Performances of the testing results for these models are
compared with the traditional approaches based on regression methods. The uncertainty prediction
of the MT was quantiﬁed and compared with those of existing models. Also, sensitivity analysis was
performed to assign effective parameters on the scour depth prediction.
Key words
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INTRODUCTION
Debris, commonly consisting primarily of rooﬁng materials

can vary from minor ﬂow constrictions to severe ﬂow con-

such as tree trunks and limbs, occasionally accumulates

traction resulting in signiﬁcant bridge scour (Laursen &

around bridge piers during ﬂood events. Hence, debris

Toch ; Melville & Dongol ; Pagliara & Carnacina

accumulations can obstruct, constrict, or redirect ﬂow

, a, b). In spite of extensive investigations of

through bridge openings producing ﬂooding, damaging

local scour at bridge piers, previous studies of the effects

loads, or accelerating scour phenomena at bridge piers.

of debris accumulation on the scouring process have not

The occurrence of debris during a severe ﬂood can cause

been fully understood. Therefore, local scour around piers

irreparable economic damage and disturbance to the com-

with debris is considered one of the most attractive issues

munity. The dimensions and geometric shape of debris

among several research subjects.

accumulations vary widely, ranging from a small cluster of

In recent decades, a large number of experimental and

debris around a bridge pier to a near complete blockage of

ﬁeld studies have been conducted to investigate the impact

a bridge waterway opening. The geometry of debris accumu-

of debris on the sediment scour phenomena (Laursen &

lation is dependent on the characteristics of ﬂow condition

Toch ; Melville & Dongol ; Braudrick et al. ;

around bridge piers, geometry of bridges and channels.

Diehl ; Bradley et al. ; Zevenbergen et al. ;

The effects of debris accumulation on the scour process

Pagliara & Carnacina , a, b).
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From these studies, a general equation including govern-

compaction of soils (Ahangar-Asr et al. ); and evaluation

ing parameter based reported experimental observations is

of stress-strain data buried in non-homogenous structural

not available to predict the scour depth around piers with

tests (Faramarzi et al. ).

debris accumulations. Occasionally, laboratory investi-

In the case of scour depth evaluation around piers, sev-

gations have dealt with the length of time and costs

eral investigations were found to predict local scour depth

related to the provision of instrumentation tools and exper-

around piers using the GEP approach, such as prediction

imental equipment in comparison with computational

of the scour depth around piers using ﬁeld data sets

approaches. Artiﬁcial intelligence (AI) approaches and

(Azamathulla et al. ) and scour depth around vertical

numerical models were extensively applied to evaluate the

piers under regular waves (Guven et al. ). The MT

type of environmental issues (Wu et al. ; Chau & Wu

approach was applied to predict the local scour depth

; Jozsa et al. ; Miao et al. ; Xu et al. ;

around group piers under waves and currents (Etemad-

Zhang et al. ; Zahmatkesh et al. a, b, ;

Shahidi & Ghaemi ; Ghaemi et al. ). In the case of

Chen et al. ; Gholami et al. ; Taormina & Chau

EPR application, Laucelli & Giustolisti () employed

). In the case of application of the AI approaches into

the EPR model to predict the local scour depth downstream

scour depth prediction in different conditions of ﬂow, bed

of grade-control structures. Outperformance of the EPR

sediments, and geometry of structures, artiﬁcial neural net-

approach indicated better predictions compared to the tra-

works (ANNs), adaptive neuro-fuzzy inference systems,

ditional models. This technique has not been utilized yet

support vector machine, and group method of data handling

to predict the scour depth around bridge piers.

(GMDH) have been employed (Kambekar & Deo ;

According to the above examples, it can be noted that

Bateni & Jeng a, b; Etemad-Shahidi et al. ; Gha-

there are no contributions regarding pier scour phenomena

zanfari-Hashemi et al. ; Ismail et al. ; Najafzadeh

with debris accumulations. In this way, in the present study,

et al. ; Najafzadeh ). The use of AI models to charac-

to obtain generalized equation based input–output variables

terize governing parameters on scour depth provided a

for pier scour depth with debris, MT, GEP, and EPR models

precise performance compared with regression models.

are developed. Performance results for the proposed model

Besides, scour depth around bridge piers with debris

based formulations are compared with the regression

accumulations has not yet been predicted using AI models.

models.

Many AI approaches based driven models, such as evolutionary polynomial regression (EPR), gene-expression
programming (GEP), and model tree (MT) models can
obtain a robust equation to predict scour depth around piers

SCOUR AROUND PIERS WITH DEBRIS
ACCUMULATION: A REVIEW

with perfect physical insight of problems. These models were
used to ﬁnd solutions for various problems in different areas

Occasionally, ﬂow contraction due to debris accumulation

of the civil engineering ﬁeld, such as: prediction of rainfall–

can lead to an increase in bridge failure probability by accel-

runoff (Singh et al. ; Shiri & Kisi ; Kashid & Maity

erating the scour phenomena and extension in scour hole

; Wang et al. ); evaluation of reference evapotranspira-

geometry. Several experimental and ﬁeld studies have con-

tion (Guven et al. ; El-Baroudy et al. ; Lopez et al. ;

centrated on the effects of debris accumulation on bridge

Rahimikhoob ; Shiri et al. ); estimation of longitudinal

pier scour (Diehl ; Pagliara & Carnacina a). Earlier

dispersion coefﬁcient in rivers (Etemad-shahidi & Taghipour

laboratory investigations in connection with debris accumu-

; Sattar & Gharabaghi ); prediction of friction factor

lation problems and their inﬂuence on bridge scour were

in pipes (Giustolisi & Savic ); characterization of ﬂuid

carried out by Laursen & Toch (). They performed

dynamics (Giustolisi et al. ); analysis of soil behavior

experiments to study the effects of debris accumulation

under different load conditions (Rezania et al. ); analysis

and observed that the presence of debris caused scour

of earthquake-induced soil liquefaction and lateral displace-

holes both deeper and larger in extent than those formed

ment (Rezania et al. ); prediction of permeability and

around a single pier.
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debris accumulation on bridge pier scour in terms of relative
maximum scour and pier temporal scour evolution.

scour depth with debris accumulation. Meantime, Diehl

Franzetti et al. () designed a structure preventing the

() found that one of the most important factors in

scouring process with debris accumulation on the Po River,

bridge failures in the USA was debris accumulation. Bradley

Italy. They experimentally applied a plate to reduce the

et al. () studied the effect of debris impact on scour and

scour depth with some samples of debris. From their studies,

erosion around hydraulic structures. Briaud et al. () per-

it was found that performance of the proposed laboratory

formed ﬁeld studies on the accumulation with various

procedure cannot be considered as a practical approach at

shapes and sizes of bridge piers. Zevenbergen et al. ()

optimal status in the Po River due to the presence of several

investigated the effects of debris accumulation with inverted

limitations.

cone and conical shapes on bridge pier scour depth.

Sok et al. () performed extensive laboratory work to

Through their studies, comprehensive experimental data

evaluate the effect of debris accumulated at sacriﬁcial piles

sets were reported by the National Cooperative Highway

on bridge pier scour. Experiments were conducted over

Research Program. Finally, they proposed several guidelines

wide ranges of ﬂow depths and velocities, sacriﬁcial piles

to evaluate local scour depth in the presence of debris for

cases, debris accumulated at single pier cases, and debris

various debris sizes and ﬂow characterizations.

accumulated at sacriﬁcial piles cases with different geometry

Lagasse et al. (a, b) carried out extensive exper-

in terms of diameters and thickness. From their studies, it

iments to discover the impact of debris on bridge pier scour.

was found that the bigger diameter and thickness of debris

They utilized different debris with conical, square, rectangu-

accumulation the more deep the scour hole depth.

lar, and triangular shapes for the tests. Their reported

In the condition of single pier with debris, they con-

laboratory studies indicated that the roughness and porosity

cluded that local scour depth increased from 10 to 60% in

of debris do not have a signiﬁcantly important effect on the

comparison with isolated pier without debris. Additionally,

pattern of scour process.
Pagliara & Carnacina () conducted an experimental
investigation to study the effects of roughness and porosity

for sacriﬁcial piles with debris, observed data sets illustrated
that local scour depth increased from 10 to 50% compared
with sacriﬁcial piles without debris.

of debris on the scouring process around bridge piers. From
their research, they found that the main variable affecting
the temporal scour evolution was the ﬂow intensity and blockage ratio. Pagliara & Carnacina (a) carried out
experimental studies in order to understand the inﬂuences

EFFECTIVE PARAMETERS ON THE PIER SCOUR
WITH DEBRIS

of wood debris accumulation on scour around bridge piers.

According to previous investigations’ ﬁndings, effective par-

Laboratory investigations were conducted with different con-

ameters on scour depth in the presence of debris around

ditions of ﬂow and three wood debris shapes: rectangular,

bridge piers are expressed as follows (e.g., Laursen & Toch

triangular, and cylindrical. Finally, they proposed a simple
equation to evaluate the scour depth in the presence of
debris accumulation, which chieﬂy demonstrated dependency of the scour depth with ﬂow contraction due to

; Melville & Dongol ; Diehl ; Pagliara & Carnacina , a, b):
ds ¼ ϕðU, Uc , h, td , dd , d50 , D, b, tÞ

(1)

debris accumulation. Pagliara & Carnacina (b) investigated experimentally the effects of large woody debris on

where ds ¼ the maximum local scour depth; U ¼ ﬂow vel-

the scour phenomena around piers. In their study, several

ocity; Uc ¼ critical ﬂow velocity; h ¼ ﬂow depth in the

pier sizes, channel widths, and bed sediment sizes were

unobstructed

used to perform tests. They compared the results of exper-

dd ¼ normal to ﬂow debris diameter; d50 ¼ mean grain

iments with previous research ﬁndings, and also a new

size; D ¼ pier diameter; b ¼ channel width; and t ¼ time.

explicit equation was proposed to highlight the effects of the

To perceive the effective variables on the scour depth, a
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sketch of the scour process around a bridge pier in the pres-

follows:

ence of debris accumulation is shown in Figure 1. In



ds
D h D U dd 
, , ,
,
¼f
, T , ΔA
d50 D b Uc b
D

Figure 1, De is equivalent bridge pier diameter (or effective
diameter in the presence of debris accumulation). Melville
& Dongol () proposed the following equation for prediction of De :

De ¼

0:52td :dd þ ðh  0:52td ÞD
h

|

2016

(4)

where T  and ΔA are the non-dimensional temporal factors
lar and cylindrical debris accumulation, respectively. These

(2)

parameters are computed as:
U:h:t
Ab

(5)

Ab ¼ D:h þ ΔA

(6)

T ¼

tigated the scour depth around piers with porous and
roughened debris accumulation. They proposed the following relationship for evaluation of De :
kd1 :td :dd ðld =hÞkd2 þ ðh  kd1 td ÞD
h

18.5

in the presence of debris and blockage ratio due to rectangu-

Based on the above equation, Lagasse et al. () inves-

De ¼

|

(3)

ΔA ¼

½ðdd  DÞ:td 
b:h

(7)

where ld ¼ stream-wise debris length; kd1 ¼ shape factor of

in which Ab is the ﬂow area blocked by debris accumulation

debris; and kd2 ¼ plunging ﬂow intensity factor. For debris

and piers. For blockage ratio due to triangular debris

with rectangular shape, kd1 ¼ 0.39 and kd2 ¼  0.79. Also,

accumulation, the td parameter in Equation (7) should be

for triangular–conical shape, kd1 ¼ 0.14 and kd2 ¼  0.17.

changed to 0:5td .

In the prediction of scour depth modeling around bridge

By

deﬁnition

of

the

debris

contraction

factor,



piers, the use of dimensionless variables to develop data-

Kd ðT Þ ¼ ds(T  ) =ds0(T  ) , where ds(T  ) is deﬁned to occur at

driven models produced better performances than those

T  and ds0(T  ) is the maximum scour depth for experiment

obtained using dimensional parameters (Azamathulla et al.

without debris contraction observed at the same T  ,

; Etemad-Shahidi & Ghaemi ; Laucelli & Giustolisti

Equation (4) can be rewritten as follows:

; Guven et al. ; Ghaemi et al. ; Najafzadeh ).
In this way, using Buckingham’s theorem, seven independent non-dimensional parameters were obtained as



D h D U dd 
KdðT  Þ ¼ φ
, , ,
,
, T , ΔA
d50 D b Uc b

(8)

Therefore, Equation (8) is applied to develop the EPR,
MT, and GEP models for evaluation of scour depth
around bridge piers due to debris accumulation effects.
Two hundred and forty-three scour data sets in the form of
input–output parameters for the models’ development
were collected from the experimental investigations of
Melville & Dongol (), Lagasse et al. (a), Franzetti
et al. (), Pagliara & Carnacina (a), and Sok et al.
(). Table 1 presents the range of data sets. Of all data
sets, about 75% (182 data sets) and 25% (61 data sets) are
randomly selected to perform the training and testing
Figure 1

|

Schematic diagram of scour process around bridge pier with debris
accumulation.
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conﬁgurations of rectangular, triangular–conical, and circular are illustrated
1–2.95

0.112–11.046

0.083–0.562

in

Figure 2.

For

square

debris

accumulation (Figure 2(a)), it can be assumed that td is be
equal to the dd parameter. Additionally, Table 2 indicates

2.67–5.75
0–1

2.99–24.4

accumulation.

In this section, descriptions of the GEP, MT, and EPR
modeling approaches are presented. After that, develop-

11.36–50

0.01047–0.7625
0.0052–0.0425

17.857–145.71

3.5–5

evaluate the scour depth around bridge pier with debris

FRAMEWORK OF MODELS

ments

of proposed

techniques to

extract the best

relationships according to Equation (8) for prediction of
the scour depth around bridge pier with debris accumulation are conducted.

0.05–0.12

1.724–6.034

0.0833–0.3333
172.41

0.0789–0.263

Development of GEP model

0–12.91

0.0279–0.337

search model that evolves computer programs in the form
of mathematical expressions, decision trees, and logical
expressions (Ferreria , ; Shiri & Kisi ;
Azamathulla & Haque ). In addition, the GEP model

0.49–1

0.58–1.66

which is an extension of the GP approach. The GEP is a

has attracted the attention of investigators for prediction of
characterizations in hydraulic problems. This research rep-

1,000–375,000,000

around ridge piers with debris accumulation. The GEP

Pagliara & Carnacina (a)

6,265.5–887,160.88

resents GEP models for prediction of the scour depth

Lagasse et al. (a)

0.038

0.0833–26.083
0–0.143

0.00688–0.4387

0.52–0.744

0.952–0.965

|

Recently, a new technique called GEP was developed,

6,057.1–30,780

35.714

h/D

407,625.88–5,195,659.4

Journal of Hydroinformatics

many empirical equations based regressive models used to

dd/b
D/d50
D/b
ΔA
U/Uc
T*
Reference

Ranges of input–output parameters for the scour depth under debris prediction

|
Table 1

1.072–1.798

Prediction of scour depth with debris accumulation based data driven-models

Sok et al. ()

|

Melville & Dongol ()
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Various conﬁgurations of debris accumulations used in the Melville & Dongol (1992), Pagliara & Carnacina (2011a), and Sok et al. (2015) experiments with: (a) rectangular; (b)
triangular-conical; (c) circular geometries.

List of empirical equations for prediction of pier scour depth with debris effects

In the second stage, the set of terminals T and the
set of function F were selected to generate the chromo-

(9)

includes three


independent parameters in the form of: T KdðT  Þ ¼


D h D U dd 
, , , ,
, T , ΔA .
d50 D b Uc b

(10)

peer review previous investigations of scour problems in

Equation
Reference

Equation

no.

Pagliara & Carnacina
(a)

kdðT  Þ ¼ 1 þ 0:036ΔA1:5

Pagliara & Carnacina
(a)

1:5

somes.

In

this

study,

the

terminal

To ﬁnd the appropriate function set, it is necessary to
kdðT  Þ ¼ 1 þ 0:018ΔA

this area. In this way, four basic operators (þ,  , *, /) and
basic mathematical functions (√, power, sin, cos, exp)

Pagliara & Carnacina
(b)

kdðT  Þ ¼

1:872ðh=De Þ0:255 :De
2:4D

(11)

were applied to predict the local scour depth modeling.
The third step is to conﬁgure the chromosomal architecture.
The fourth step is selection of liking function. Finally, for the

Pagliara & Carnacina
(b)

kdðT  Þ

 0:745
De
¼
D

ﬁfth stage, the sets of genetic operators casing variation and

(12)

their rates are selected. The other details related to the architecture of the GEP modeling have been expressed in the
literature (Azamathulla & Ahmad ; Azamathulla ).
In this study, characterizations of the local scour depth in
the form of ds =D are predicted using the GEP model.
Furthermore, the functional set and the operational

individual program (i). This item is evaluated as follows:
fi ¼

Ct
X

parameters applied in the proposed GEP models are presented in Table 3. For prediction of the scour depth



(M  C(i,j)  Tj )

(13)

j¼1

around bridge piers with debris accumulation, the best
individual in each generation includes 30 chromosomes
and ﬁtness values of 633.68. The best formulations of

in which M, C(i,j) , and Tj are the selection range, value

the GEP model for evaluation of the local scour depth

returned by the individual chromosome i for ﬁtness case j,

with debris accumulation, as a function of D=d50 , h=D,

and the largest value for ﬁtness case j.

D=b, U=Uc , dd =b, T  , and ΔA are expressed as:
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1=3
12:4ðD=d50Þ
×
ð
ð
1:637
ð
h=d
Þ
Þ
þ
ð
ð
D=b
Þ
þ
ΔA
Þ
Þ
ðT  ÞðU=Uc Þ

7:7596ðD=d50Þ

!

ðD=bÞ2 ðh=DÞ


þ ðh=DÞ þ ð6:5373 þ ΔAÞ1=3 ðh=DÞðD=bÞ

1=3

#1=3
(14)

Parameters of the optimized GEP model

Setting of
Parameter

Description of parameter

parameter

P1

Function set

þ,  , × , /,
exp, power

P2

Mutation rate

0.138

P3

Inversion rate

0.546

P4

One point and two point
recombination rate, respectively (%)

0.277

P5

Gene recombination rate

0.277

P6

Gene transportation rate

0.277

P7

Maximum tree depth

6

P8

Number of gene

3

P9

Number of chromosomes

30

In addition, the ET of the above formulation is illustrated in Figure 3. In Figure 3, constant values illustrated
in ETs are G1C3 ¼ 1.637, G1C4 ¼ 12.4, G2C5 ¼ 0.749,
G2C1 ¼ 9.071, and G3C0 ¼ 6.537, and the actual variables
are d0 ¼ T *, d2 ¼ U/UC, d3 ¼ ΔA, d4 ¼ D/b, and d5 ¼ D/d50.
Development of MT model

Figure 3

|

Optimal ET structures for the GEP model for prediction of the scour depth
around bridge pier with debris accumulation.

; Rahimikhoob ). In this way, MT models can be
applied to solve continuous class problems and obtain a

Among the data mining techniques, methods are used to

structural representation of the data sets using the piecewise

solve the problem by dividing it into several sub-problems

linear models (LM) to approximate non-linear relationships.

(sub-domains) and the result is a combination of these sub-

Furthermore, this algorithm is known to be one of the most

problems. Classiﬁcation trees classify data records by sorting

effective approaches to present meaningfully physical

them down the tree from the root node to some leaf nodes.

insight of the phenomenon. The tree-building procedure

The difference between the better-known classiﬁcation trees

within four linear regression models and knowledge extrac-

and the MT technique is that the latter have a numeric value

tion from the structure for corresponding sub-domains is

rather than a class label in connection with the leaves. MT

illustrated in Figure 4(a). Furthermore, a general tree struc-

splits the entire input or parameter domain into sub-

ture of the MT approach is shown in Figure 4(b). Based on

domains and a linear multivariable regression model is

the domain-splitting criterion, various approaches such as

applied for each of them (Quinlan ; Wang & Witten

the M5 model have been frequently utilized to generalize
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sub-domain. Only the data in connection with the variables
tested in that sub-domain are used in the regression. Other
descriptions of the MT model have been presented in the
literature (Rahimikhoob ).
In this study, mathematical formulations in the form of
linear equations and corresponding rules for prediction of
scour depth around bridge piers with debris accumulation
are presented in Table 4. The proposed MT technique
includes six input and one output parameters. MT technique was developed using ﬁve rules in the form of linear
equations. A schematic diagram of tree-building of the
MT approach in the form of rules for prediction of the
scour depth around bridge piers with debris accumulation
is illustrated in Figure 5. From the diagram, the splitting
variable for providing Equations (16) and (17) (ﬁrst and
second LM) is ΔA and the corresponding value obtained
is 6.93. In addition, D=b with a value of 0.008 was considered as splitting variable for production of the third
and fourth LM. In Equations (16) and (17), all input parameters except T  were taken into account in the
Figure 4

|

prediction of the local scour depth with debris accumuSplitting the input space and prediction by the model tree for a new data
record: (a) splitting of the input space (X1 × X2) by the M5 model tree algorithm;
(b) predicting a new data record by the model tree.

lation and also are considerably signiﬁcant in developing
the proposed LM. As well, h=D, D=b, ΔA, dd =b as input
variables contributed in producing Equations (18) and

the MT technique (Quinlan ; Wang & Witten ).

(19) and this indicated these parameters have more impor-

Through the MT approach, the basic tree is ﬁrst generated

tant effects in comparison with other ones. In the ﬁfth

using the splitting criterion of the standard deviation

model (Equation (20)) given by the MT approach, h=D,

reduction (SDR) factor:

U=Uc , and ΔA parameters play key roles in prediction of
scour depth.

SDR ¼ sd(E) 

X jEi j
i

jEj

sd(Ei )

(15)

Development of EPR model

in which E, sd, and Ei are the set of examples (data records)

EPR can be deﬁned as a non-linear global stepwise

that reach the node, the set that results from splitting the

regression that provides symbolic formulas of models. Dif-

node according to the chosen attribute (parameter), and

ferently from the original stepwise regression of Draper &

standard deviation, respectively. The M5 utilizes the sd par-

Smith (), EPR is non-linear because the relationships

ameter as an error measure of the class values that reach a

between variables may result in non-linear functions

node. Testing all parameters at a node, it calculates the

although they are linear with respect to regression par-

expected reduction in error and then selects the parameter

ameters. It is global since the search for optimal model

that maximizes SDR. This process stops when the SDR

structure is based on the exploration of the entire space of

becomes less than a certain percent of the standard devi-

models by leveraging a ﬂexible coding of the candidate

ation of the original data set or when only a few data

mathematical expressions.

records remain (Quinlan ; Wang & Witten ).

The expressions achievable by EPR are made of a

Then, a linear regression model is developed for each

number of additive terms multiplied by as many coefﬁcients
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General features of the proposed MT approach

Rules of MT approach

D/d50 <¼ 96.429 : | h/D <¼ 5.892 : | | ΔA <¼ 6.93 :
LM1

| | ΔA > 6.93 : LM2

| h/D > 5.892 : | | D/b <¼ 0.008 : LM3

| | D/b > 0.008 : LM4

D/d50 > 96.429 : LM5

LM
no.

Equation
no.

k(T ) ¼ þ0:8195  0:1288 dd =b  0:0335 h=D þ 0:0013 D=d50
þ 0:9254 D=b þ 0:0504 ΔA þ 0:7247 U=Uc

(1)

(16)

k(T ) ¼ 0:7655  0:5517 dd =b þ 0:022 h=D þ 0:0017 D=d50
þ 1:242 D=b þ 0:1032 ΔA þ 0:3714 U=Uc

(2)

(17)

k(T ) ¼ 2:4303 þ 0:1154 h=D  74:9169 D=b þ 0:0484 ΔA
þ 0:1116 U=Uc

(3)

(18)

k(T ) ¼ 1:9749 þ 0:1154 h=D  60:5098 D=b þ 0:0484 ΔA
þ 0:1116 U=Uc

(4)

(19)

k(T ) ¼ 0:7087  0:1716 h=D þ 0:015 ΔA þ 0:645 U=Uc

(5)

(20)

LM

the user and exponents of variables (i.e., ES( j,i)) are selected
from a set EX of candidates deﬁned by the user (see Giustolisi & Savic () for details).
The genetic algorithm is used to select the exponents ES
( j,i) from among the values in set EX. This means that an
integer coding of possible alternative exponents ES( j,i) is
adopted to achieve non-linear relationships. It is worth
Figure 5

|

Proposed MT structure for prediction of the scour depth around bridge pier

noting that, if the set of exponents contains zero and
ES( j,i) ¼ 0, the relevant input disappears from the ﬁnal

with debris accumulation.

expression. Thus, although simple, structures like Equation
(i.e., as for polynomials) as reported in the following general
expression:
^ ¼ a0 þ
Y

m
X

(21) are quite versatile and ﬂexible at reproducing patterns
in data.
A key point of the EPR model development strategy is
that ﬁnal expressions are linear with respect to coefﬁcient

aj  ðX1 ÞESð j,1Þ  . . .  ðXk ÞESð j,kÞ

j¼1

(21)

 f ðX1 ÞESð j,kþ1Þ  . . .  ðXk ÞESð j,2kÞ

aj so that they are estimated using classical numerical
regression (e.g., least squares). The parameter estimation is
solved as a linear inverse problem in order to guarantee a
two-ways (i.e., unique) relationship between each model

where m is the maximum number of additive terms, Xi and Ŷ

structure and its parameters (Giustolisi & Savic ). In

are model input and output variables, function f is chosen by

terms of numerical regression strategy, EPR may produce
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a non-linear mapping of data (like that achievable by ANNs

The EPR application starts from the functional relation-

(Haykin )) although with few constants to estimate and

ship in Equation (21) for predicting the local scour depth,

using linear regression for parameters’ estimation. These fea-

thus D=d50 , h=D, D=b, U=Uc , dd =b, T  , and ΔA parameters

tures, in turn, help in avoiding over-ﬁtting to training data

were considered as candidate inputs.

especially when the data set is not large. Furthermore,

The range of exponents EX is [2; 1.5; 1; 0.5; 0;

prior assumptions on mathematical structures, functions

0.5; 1; 1.5; 2]; the maximum number of polynomial terms

(i.e., f(·)) and number of parameters can be the user’s initial

is set to m ¼ 3, without assuming a bias a0, and admitting

hypotheses for the automatic model construction. More

only positive coefﬁcients, i.e., aj > 0. The optimization strat-

details on the EPR working sequence are reported in Gius-

egy made use of the following objective functions: (i) the

tolisi & Savic () and Laucelli & Giustolisi ().

maximization of model accuracy and (ii) the minimization

The most signiﬁcant upgrade of the initial EPR paradigm

of the number of actually used model inputs (i.e., whose

encompasses the multi-objective optimization strategy (i.e.,

exponent is not 0 in the resulting model structure). Different

EPR-MOGA), where accuracy of data reproduction and par-

runs were performed using different options for the deﬁ-

simony of model structures are simultaneously maximized

nition of f(·) in Equation (21).

(Giustolisi & Savic ). Maximizing the parsimony of

Among several models returned by EPR-MOGA-XL, the

resulting formulas is aimed at facilitating the physical mean-

following models have been selected, as trade-off between

ing of ﬁnal expressions and, in turn, achieving a general

accuracy (on the training set) and parsimony:

description of the underlying phenomenon.
The search space in EPR-MOGA is deﬁned by the user
in terms of the base structure of mathematical expressions

kdðT  Þ ¼ 0:32808

ðΔAÞðD=bÞ0:5
ðdd =bÞ0:5

(e.g., as in Equation (21) and type of function f ), the maximum number of additive terms m, the cardinality of set

þ 0:000091662

EX of candidate exponents, and number of candidate explanatory variables (i.e., k).
The model search is performed by using the optimized
multi-objective genetic algorithm (OPTIMOGA – Laucelli
& Giustolisi ) that is based on the Pareto dominance criterion (Pareto ; Van Veldhuizen & Lamont ) to

× ln

!

ðU=Uc Þ0:5
ðD=bÞ2

ðT  Þ0:5 ðU=Uc Þ

!
!

ðΔAÞ0:5 ðD=d50Þ0:5 ðh=DÞ
!
!
ðU=Uc Þ0:5
ðT  Þ1:5 ðU=Uc Þ0:5 ðdd =bÞ1:5
þ 0:11332
ln
ðh=DÞ0:5
ðD=d50Þ0:5
(22)

accomplish multi-objective optimization.
EPR-MOGA explores the space of m-term formulas

The selected model contains inputs that are recursively pre-

using two or three from the following objectives: (a) the

sent in all the returned models by EPR. This allows a possible

maximization of model accuracy, (b) the minimization of

identiﬁcation of the most meaningful input variables among

the number of model coefﬁcients (i.e., number of additive

those available (Giustolisi & Savic ). All calculations

terms), and (c) the minimization of the number of actually

were performed using the software package EPR-MOGA-XL,

used model inputs (i.e., whose exponent is not 0 in the

working in the MS-Excel environment (Laucelli et al. ).

resulting model structure). Note that the last two objectives
represent several measures of model parsimony. The EPRMOGA ﬁnally obtains a set of optimal solutions (i.e., the
Pareto front) that can be considered as trade-off between

MEASUREMENT OF COMPUTATIONAL ERRORS FOR
MODELS’ EVALUATION

structural complexity and accuracy (Reed et al. ).
Advantages of the EPR-MOGA strategy can be found in

To compare the efﬁciency of the proposed models and

Giustolisi & Savic () and Savic et al. () and are

empirical equations for training and testing stages, several

documented by a number of applications in different

statistical error indicators listing correlation coefﬁcient (R),

research areas.

the root mean squared error (RMSE), the mean absolute
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error (MAE), the relative absolute error (RAE), and relative
squared error (RSE), are applied as follows:


PM 
i¼1 Oi  O : Pi  P
ﬃ
R ¼ qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
2 PM 
2
PM 
i¼1 Oi  O
i¼1 Pi  P
0

M
X

10:5
2

ðPi  Oi Þ
B
B i¼1
RMSE ¼ B
B
M
@

PM
MAE ¼

i¼1

(23)

C
C
C
C
A

jP i  O i j
M

(24)

Figure 6

(25)

Scatter plot of observed and predicted scour depth in live-bed condition for
training of the proposed models.

linear equations gave a precise prediction in comparison

PM

jPi  Oi j
RAE ¼ Pi¼1


M 

i¼1 Oi  O

|

(26)

with the GEP (Equation (22)) technique.
Figure 6 illustrates the scatter plots between the predicted and observed scour depths for the training of the

PM

ðPi  Oi Þ2
RSE ¼ Pi¼1 
2
M
i¼1 O  Oi

EPR, MT, and GEP models. From Figure 6, for ds/D < 3,
(27)

where O is the mean of O (observed target), P is the mean of
P (predicted target), and M is the number of data sets
sample.

all proposed models have good performances in prediction
of the scour depth with debris accumulation, whereas the
GEP model over-predicts for 3 < ds/D < 6 in comparison
with the other approaches.
In the testing stage, it can be seen that coefﬁcient correlation

obtained

by

Equations

(16)–(20)

(R ¼ 0.944)

demonstrated relatively better prediction than those yielded
by EPR (R ¼ 0.909) and GEP (R ¼ 0.925). Also, the MT

PERFORMANCES OF THE PROPOSED MODELS AND
EMPIRICAL EQUATIONS

approach provided more accurate results with RMSE ¼ 0.241,
MAE ¼ 0.178, and RAE ¼ 0.089 compared with EPR (RMSE
¼ 0.310, MAE ¼ 0.243, and RAE ¼ 0.167) and GEP (RMSE ¼

Results of statistical error functions for both training and test-

0.286, MAE ¼ 0.232, and RAE ¼ 0.105) techniques. In accord-

ing of the EPR, MT, GEP, and empirical equations are listed in

ance with quantitative comparisons of performances in Table 5,

Table 4. Table 4 indicates that Equation (22) given by the EPR

it can be generally said that the proposed equations given by the

model produced the scour depth under debris ﬂow for the

MT approach are the most efﬁcient model to provide the scour

training stage with higher accuracy (R ¼ 0.959) and lower pre-

depth around bridge piers with debris accumulations. The scat-

diction (RMSE ¼ 0.318 and RSE ¼ 0.0789) compared with

ter plots between the predicted and observed scour depths for

MT (R ¼ 0.898, RMSE ¼ 0.533, and RSE ¼ 0.477) and GEP

the testing of the proposed models are presented in Figure 7.

(R ¼ 0.86, RMSE ¼ 0.578, and RSE ¼ 0.295) techniques. In

In this section, Equations (9) and (10) (Pagliara & Carna-

addition, the EPR model predicted local scour depth with

cina a) and Equations (11) and (12) (Pagliara & Carnacina

lower statistical error criteria in terms of MAE (0.253) and

b) were utilized to predict the local scour depth with debris

RAE (0.405) than those using MT (MAE ¼ 0.295 and

accumulation. From Table 5, performance of empirical

RAE ¼ 0.477) and GEP (MAE ¼ 0.336 and RAE ¼ 0.512)

equations demonstrated that Equation (9) provided lower

models. Equations (16)–(20) extracted by MT model based

error of scour depth prediction in term of RMSE (0.513),
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Results of performances for proposed models and empirical equations

Training stage
Model

R

RMSE

RSE

MAE

RAE

EPR

0.959

0.318

0.0789

0.253

0.405

MT

0.898

0.533

0.477

0.295

0.477

GEP

0.86

0.578

0.295

0.336

0.512

R

RMSE

RSE

MAE

RAE

EPR

0.909

0.310

0.289

0.243

0.167

MT

0.944

0.241

0.137

0.178

0.089

GEP

0.925

0.286

0.136

0.232

0.105

Equation (9)

0.832

0.513

0.516

0.446

1.43

Equation (10)

0.832

0.554

0.602

0.489

3.12

Equation (11)

0.738

0.713

0.995

0.605

1.32

Equation (12)

0.650

0.669

0.878

0.579

1.74

Testing stage

Figure 7

|

Scatter plot of observed and predicted scour depth in live-bed condition for
Figure 8

testing of the proposed models.

|

Scatter plot of observed and predicted scour depth in live-bed condition for
testing of the empirical equations.

RSE (0.516), and MAE (0.446) in comparison with Equation
(RMSE ¼ 0.554,

RSE ¼ 0.602,

Figure 8, for non-dimensional scour depth lower than 1, all

MAE ¼ 0.489),

empirical equations indicated remarkable over-predictions.

Equation (11) (RMSE ¼ 0.773, RSE ¼ 0.995, and MAE ¼

Also, Equation (10) illustrated under-prediction of the scour

0.605), and Equation (12) (RMSE ¼ 0.669, RSE ¼ 0.878, and

depth for 1 < ds/D <3. Availability of effective parameters

MAE ¼ 0.579). As seen in Table 5, it should be said that the

on the scour depth with debris accumulation plays a key role

R parameters given by empirical equations have not as con-

in obtaining an accurate performance. For instance, Equations

(10)

and

siderable meaningful accuracy for the scour depth prediction

(9) and (10) only have the function of ΔA parameter and

as the proposed techniques based formulation. The scatter

Equations (11) and (12) include those of h=De and D.

plots between the predicted and observed scour depths for

In the present study, proposed empirical equations do not

the empirical equations are shown in Figure 8. As seen in

include properties of bed sediments. In fact, the mathematical
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shapes of the proposed equations are more appropriate to give

where the squared correlation coefﬁcients through the

accurate scour depth predictions with debris effects than

origin between the predicted and observed values R20 and

those empirical equations proposed by Pagliara & Carnacina

between the observed and predicted values R02 are given as:

0

(a, b). In the case of practical engineering, there is no
disguising the fact that lack of generalized capacity for the
empirical methods corresponds to the restrictions of the gov-

R20 ¼

erning parameters tested in a laboratory set-up and therefore

P
1  ni¼1 P2i ð1  KÞ2
2
Pn 
i¼1 Pi  P

(33)

P
2
1  ni¼1 Ti2 ð1  K0 Þ
2
Pn 
i¼1 Ti  T

(34)

not all the physical behaviors of the scour process were met
precisely. Accurate performance of empirical equations

0

depends on ranges of input and output parameters.

R02 ¼

EXTERNAL VALIDATION OF THE PROPOSED
MODELS

measures of the developed models are presented in

The validation criteria and relevant performance
Table 6. Models will be considered valid for prediction
should they satisfy some or all of the required conditions.
Tropsha et al. () recommended new external validation

As observed, the proposed models satisfy all of the pertained

criteria for checking models based on their performance

validation criteria; thus, they beneﬁt from strong prediction

with testing data subsets. At least one of the gradients of

power and are not random correlations.

the regression line through the origin for the predicted
versus observed values, or for the observed versus predicted
values, should be close to 1 (Sattar ):

K¼

n
X
ðTi × Pi Þ
i¼1

P2i

UNCERTAINTY ANALYSIS FOR THE PROPOSED
MODELS PREDICTION
(28)
In this section, a quantitative assessment of the uncertainties
in the prediction of the scour depth around piers with debris

0

K ¼

n
X
(Ti × Pi )
i¼1

Ti2

accumulation is presented using the EPR, MT, and GEP
(29)

models. The uncertainty analysis is employed to the data
set of 432 experimental measurements used in this study,
which was used to derive the proposed models. The uncer-

Additionally, the coefﬁcient of determination for the
regression line through the origin should be less than 0.1:


R2  R20
m¼
R2

n¼

0



R2  R02
R2

(30)

tainty analysis deﬁnes the individual prediction error as
ej ¼ Pj  Tj . The calculated prediction errors for the entire
data set are used to calculate the mean and standard devin
P
ation of the prediction errors as e ¼
ej and
j¼1

sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
n 
2
P
ej  e = n  1, respectively. A negative mean
Se ¼



j¼1

(31)
Table 6

Moreover, the condition of cross validation should

Model

|

External validation statistical measures for K(T*) in prediction models
R

K

K’

satisfy:


qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
Rm ¼ R2 × 1  R2  R20  > 0:5
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m

n

Rm

EPR

0.90

0.94

0.99

 0.16

 0.19

0.55

GEP

0.92

0.93

1.02

 0.12

 0.15

0.61

MT

0.94

0.96

0.99

 0.1

 0.11

0.64
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respectively. Similarly, the lowest 95% conﬁdence predic-

Uncertainty estimate for K(T*) in models

Models

Mean prediction
error

Width of uncertainty
band

95% prediction error
interval

EPR

þ 0.0306

± 3.1472

0.7185 to 0.9253

GEP

þ 0.0305

± 3.0812

4.9626 to 1.7305

MT

þ 0.0189

± 3.0282

4.8749 to 1.3591

tion error interval was observed for the MT model. The
MT model had the lowest mean prediction error and the
smallest uncertainty bands in comparison with other ones.

SENSITIVITY ANALYSIS
value demonstrates that the prediction model underestimated the observed values, and a positive value shows that

To assign the importance of each input variable on the scour

the equation overestimated the observed values. Using the
values of e and Se, a conﬁdence band can be deﬁned

depth, the MT model was selected to perform a sensitivity

around the predicted values of an error using the Wilson

of Equation (4) was eliminated each time to evaluate the effect

score method without continuity correction (Newcombe

of that input on output. Results of the analysis demonstrated

; Sattar ); the use of ±1.96Se yields an approxi-

that D/d50 (R ¼ 0.48, RMSE ¼ 5.52, RSE ¼ 22.86, MAE ¼

mately

the

1.94, and RAE ¼ 26.42) is the most effective parameter on

uncertainty analysis, the mean prediction errors of the var-

the maximum scour depth whereas dd/b (R ¼ 0.95, RMSE ¼

ious models, the width of the uncertainty band, and the

0.21, RSE ¼ 0.11, MAE ¼ 0.16, and RAE ¼ 0.07) has the

95% prediction interval error are given in Table 7. The

least inﬂuence on the Kd(T*) for the MT model, respectively.

three proposed approaches have produced absolute mean

The other effective parameters on the Kd(T*) parameter include

prediction errors much less than those of the empirical

h/D, T*, ΔA, D/b, and U/Uc which were ranked from higher to

equations. The proposed models showed approximately

lower values, respectively. The statistical error parameters

similar behavior, whereas empirical equations showed the

yielded from the sensitivity analysis are given in Table 8.

opposite behavior. In the proposed models, the MT model

Also, the results of sensitivity analysis indicated that D/d50 is

demonstrates better behavior than the GEP and EPR

the most important parameter in modeling of the maximum

models. The uncertainty band for the MT model ranged

scour depth by the MT network. This study has proved that

from 3.03 to þ3.03. This range is smaller than that of the

the MT model as an adaptive learning network can be used

EPR and GEP models, which were ±3:14 and ±3:08,

as a powerful soft computing tool for predicting the prediction

Table 8

|

95%

conﬁdence

band.

The

results

Sensitivity analysis for independent parameters

Input parameters


KdðT  Þ ¼ f


KdðT  Þ
KdðT  Þ
KdðT  Þ
KdðT  Þ
KdðT  Þ
KdðT  Þ

of

analysis. The analysis was conducted such that, one parameter

D h D U dd 
, , ,
,
,T
d50 D b Uc b

R

RMSE

RSE

MAE

RAE

0.89

0.36

0.27

0.25

0.18

0.78

0.52

19.23

0.44

2.32

0.95

0.21

0.11

0.16

0.07

0.94

0.26

0.43

0.21

0.17

0.93

0.25

0.24

0.20

0.12

0.71

0.52

0.92

0.35

0.5

0.48

5.52

22.86

1.94

26.42




D h D U dd
¼f
, , ,
,
, ΔA
d50 D b Uc b


D h D U
¼f
, , ,
, T  , ΔA
d50 D b Uc


D h D dd 
¼f
, , ,
, T , ΔA
d50 D b b


D h U dd 
¼f
, ,
,
, T , ΔA
d50 D Uc b


D D U dd 
¼f
, ,
,
, T , ΔA
d50 b Uc b


h D U dd 
, ,
¼f
,
, T , ΔA
D b Uc b
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of maximum scour depth around piers with debris accumu-

proven to be more practically efﬁcient with somewhat

lation as well as the other AI methods.

higher accuracy in comparison with empirical equations.
Selection criteria based on various statistical measures
and on external validation measures and the output of

CONCLUSIONS

uncertainty analyses were used to select the best MT with
the highest prediction accuracy and the least uncertainty.

In this study, the EPR, MT, and GEP approaches were devel-

The prediction errors and uncertainties associated with the

oped to evaluate the scour depth around bridge piers with

developed MT were smaller than those associated with all

debris accumulation. Performances of the proposed tech-

of the available proposed models. D/d50 was found to

niques for training and testing stages were carried out

have considerable weight in all of the selected predictive

using experimental data sets collected from the literature.

models. Finally, the robustness of the developed MT predic-

As well, empirical equations, as proposed by Pagliara & Car-

tive model was veriﬁed by sensitivity analysis. The results of

nacina (, a, b), were utilized to compare results

MT agreed with experimental data from previous work, pro-

with the proposed models. Regarding the EPR, MT, and

ducing similar variation of Kd(T*) with R over local scour

GEP, to obtain the optimum functions on the basis of the

depth without the correct impact of inﬂuencing parameters,

best formulations, a dimensional analysis was used to

such as D/b and U/Uc.

extract parameters affecting the scour process around piers
under debris ﬂow conditions.

As seen in the present study, controlled experimental data
sets used to develop the proposed approaches are an indication

From the statistical error parameters presented in the

of the research limitation. In terms of any improvement, pro-

training stage, it can be concluded that the EPR method pre-

posed equations can be developed by ﬁeld data sets to get

dicted

efﬁcient

results with more insight and reality. Furthermore, the

performance compared with MT and GEP approaches. In

the

local

scour

depth

with

more

GMDH model would be applied so as to predict the local

addition, performance of the testing stages demonstrated

scour around bridge piers with debris accumulations. Also, per-

that the MT method in the forms of linear equations and

formance of the GMDH models can be compared with the

ﬁve rules captured the scour depth under debris ﬂow con-

current investigation. The proposed equations based model

ditions with more suitable accuracy (RMSE ¼ 0.241 and

can be of interest for use in engineering applications as contem-

MAE ¼ 0.178) than EPR (RMSE ¼ 0.3103 and MAE ¼

porary formulations based on experimental data sets with a

0.243) and GEP (RMSE ¼ 0.286 and MAE ¼ 0.232) tech-

wide range of input and output variables for scour prediction

niques. In this study, one of the most interesting issues is

around bridge piers with debris accumulation.

that MT approaches provided better predictions of the
scour

depth

with

the

simplest

mathematical

shape

(Equations (16)–(20)) in comparison with EPR (Equation
(22)) and GEP (Equation (14)) techniques.
Linear formulations given by the MT approach demonstrated that T  variable has no meaningful effects on the
scour depth.
Performances of empirical equations (Equations (9)–(12))
indicated that Equation (9) provided lower error of scour
depth predictions in term of RMSE, RSE, and MAE than
Equations (10)–(12). Meanwhile, empirical equations exhibited considerable over-prediction of the scour depth with
debris accumulation.
The use of the EPR, MT, and GEP models, as explicit
equations for evaluation of the scour depth, have been
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