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Abstract

The tensile strength (TS) of the rock is one the most key parameters in designing process of foundations and tunnels
structures. However, direct techniques for TS determination (laboratory investigations) are not efficient with respect to cost
and time. This investigation attempts to develop an innovative hybrid intelligent model, i.e. fuzzy-group method of data
handling (GMDH) optimized by the gravitational search algorithm (GSA), fuzzy-GMDH-GSA, for prediction of the rock
TS. To establish a database, the rock samples collected from a tunnel site were evaluated in the laboratory and a database
(with the Schmidt hammer test, dry density test, and point load test as inputs and Brazilian tensile strength, BTS, as output)
was prepared for modelling. Then, a fuzzy-GMDH-GSA model was developed to predict BTS of the rock considering the
most influential of this predictive model. In addition, a fuzzy model as well as a GMDH model were constructed to predict
BTS for comparison purposes. The performances of the proposed predictive models were evaluated by comparing the
values of several statistical metrics such as correlation coefficient (R). R values of 0.90, 0.86, and 0.86 were obtained for
testing datasets of fuzzy-GMDH-GSA, GMDH, and fuzzy models, respectively, which show that the fuzzy-GMDH-GSA
predictive model is able to deliver greater prediction performance compared to other constructed models. The results
confirmed the effective role of the GSA, as a powerful optimization algorithm in efficiency of hybrid fuzzy-GMDH-GSA
model. Moreover, results of sensitivity analysis showed that the point load index is the most effective input on output of
this study.

Keywords Tensile strength - Gravitational search algorithm - Optimization algorithm - Group method of data handling -
Fuzzy system

1 Introduction

In designing geotechnical constructions like tunnels, the
rock tensile strength (TS) is a must to be determined
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accurately [1]. The literature consists of both direct and
indirect approaches for this end. In case of the direct
approach, researchers normally utilize the previously
empirical equations suggested by others or gather some
sample rock specimens to test them in laboratory, which is
both costly and time-consuming [2—4]. On the other hand,
the use of indirect approach has made it easier, faster, and
cheaper through predicting the TS value by means of
several rock index tests like the Schmidt hammer, density,
point load, and p-wave velocity tests. The Brazilian tensile
strength (BTS) which is the direct determination of TS in
laboratory, was standardized by the international society
for rock mechanics (ISRM) [5]. To predict the TS value, a
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large number of empirical relations can be found in the
literature [6-8].

Kahraman et al. [9] attempted to find out the rock
properties with the most significant effects on the percus-
sive drills penetration rate. They made use of statistical
analyses, e.g. regression analysis, to achieve their desired
results for different rock types such as limestone, sandstone
marl, metasandstone and dolomite. Their findings con-
firmed the significance of the following rock properties on
the percussive drills penetration rate: the Schmidt hammer
rebound number (R,), p-wave velocity, density, the uni-
axial compressive strength (UCS), point load strength, and
BTS. They introduced various simple regressions for pre-
diction of drilling penetration rate using BTS, density, p-
wave velocity, UCS, elastic modulus, point load index, and
R, parameters. In another study, Mishra and Basu [10]
conducted UCS, BTS, point load, and block punch tests on
the three rock types (sandstone, granite and, schist) sam-
ples and then evaluated their results. For each rock type,
they introduced empirical correlations between results of
point load strength index (Issg) and BTS and UCS and
separately between results of block punch test values and
BTS and UCS. They evaluated performance prediction of
their empirical equation with the use of coefficient of
determination (R?) results.

Sheorey [11] confirmed a frequently-acknowledged
statement claiming a correlation between BTS and UCS in
rocks, and also maintained that the rock compressive
strength is about ten times greater than the BTS values. He
emphasized that the behaviours of the rocks are site-spe-
cific. Kahraman et al. [6], in another project, introduced
several linear empirical relationships between UCS and
indentation hardness index as independent variables and
BTS as dependent variable in three rock groups of meta-
morphic, igneous, and sedimentary. The R ranges of
0.5-0.9 were proposed in their study which are accept-
able for estimation of the BTS values. Heidari et al. [2]
made a review of all methods previously proposed for point
load tests and compared them in terms of their applicability
to practical applications. They made use of three methods,
i.e. diametric, axial, and irregular in the process of Iss
prediction. A comprehensive comparison was made on the
obtained results and a number of equations were developed
in a way to practically and economically estimate the BTS
values. In terms of Rz, they concluded that the irregular
method was the best one in preliminary prediction of the
BTS values. On the other hand, Perras and Diederichs [12]
considered the rocks TS aiming at finding a relationship
between BTS and direct TS. They reviewed the methods
that had been already proposed for the measurement (BTS,
direct TS, and alternative methods) and estimation of the
rock TS. Their findings rejected the laboratory testing due
to its difficulty in delivering an accurate prediction of the
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rock TS. In another research, Armaghani et al. [13] carried
out a number of laboratory tests on a total of 87 granite
rock samples in order to estimate the BTS value. However,
as they stated in their paper, due to high expense and time
required for such kind of tests, they finally made use of
only simple and multiple regressions to achieve their
above-noted objective. Their final results showed the
superiority of the multiple regression models over the
simple regression ones in terms of estimating the BTS
value with a high precision. In another empirical work,
Nazir et al. [8] conducted BTS and UCS tests on 20
limestone samples and made a correlation between them.
They showed that UCS values are successfully able to
predict BTS values through the implement of a power
equation with a high accuracy level. Although empirical
equations have been extensively proposed to estimate BTS
of the rock, the accuracy level of these equations are in the
range of low to moderate. Therefore, in order to provide a
higher level of accuracy, there is a need to develop new
techniques with the use of multiple inputs parameters such
as intelligent predictive models.

Aside from empirical equations, the literature also
consists of intelligent systems widely applied by different
researchers to address the problems that may appear in the
context of engineering (particularly the geotechnical
engineering) and science fields [14-53]. Furthermore,
specific to the topic of the present paper, a number of
significant studies have been carried out. For instance,
using both artificial neural networks (ANNs) and statistical
methods, Singh et al. [54] attempted to predict BTS of the
schistose rock groups. They used various parameters as
model inputs such as type of specific rock, grain size, and
percentage of different minerals (such as quartz, feldspar
and mica). According to their findings, ANNs are more
successful in the prediction of BTS compared to traditional
methods in terms of the accuracy level. In addition, they
concluded that an ANN model is able to produce such
results where statistical techniques fail to draw them.
Baykasoglu et al. [1] investigated the capability of several
artificial intelligent (AI) methods, i.e. genetic programming
(GP), gene expression programming and linear GP in
predicting BTS values of soft limestone rock samples. In
the modelling process, they used a database comprising of
118 sample sets where water absorption, dry density, sat-
urated density, Bulk density and ultrasonic pulse velocity
were selected to be used as model inputs. They finally
introduced the high applicability of GP in predicting BTS
of the rock compared to other implemented techniques.
The hybrid ANN-based models, i.e. the imperialism com-
petitive algorithm-ANN, the particle swarm optimization
(PSO)-ANN, the invasive weed optimization IWOQO)-ANN,
and genetic algorithm (GA)-ANN were developed by
Mahdiyar et al. [3] and Huang et al. [55] to forecast BTS of
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the granitic rock samples. These models were developed
with the help of a database comprising of 80 sample sets
where results of density, Isso and Schmidt hammer tests
were utilized as independent variables. They concluded
that all of these models are able to approximate BTS of the
rock samples with high accuracy level.

The aim of this study is to create a new hybrid neural
network by combining fuzzy logic concepts with group
method of data handling (GMDH) framework in each
partial description (PD’s) optimized by the gravitational
search algorithm (GSA) metaheuristic optimization which
leads to developing fuzzy-GMDH-GSA model for esti-
mating BTS of the rock materials. In addition to the cre-
ation of fuzzy-GMDH-GSA, other predictive models such
as conventional GMDH model and complex fuzzy C-mean-
based fuzzy inference system (CFCM-FIS) models are also
constructed and proposed for BTS prediction. Then, the
performance of these models is evaluated to select the best
predictive model among all for BTS estimation. For the
purpose of the research presented herein, a suit-
able database from a water transfer tunnel (operated in
Malaysia) was considered and used. Different rock index
tests, i.e. the R, the dry density (DD), Issg, as well as BTS
were conducted in order to perform modelling and required
analyses. In the following sections, principles of the
intelligence techniques used in this study are described.
Then, after description of data source and laboratory tests,
model developments will be explained in details. Eventu-
ally, the best predictive intelligence technique in predicting
BTS of the rock material will be selected and introduced.

2 Principles of the artificial intelligence (Al)
models

This section first describes the complex fuzzy C-means-
fuzzy inference system (CFCM-FIS) model; then, intro-
duces the GMDH structure. As noted earlier, the present
paper establishes an innovative hybrid fuzzy-GMDH
optimized by GSA, which is called the fuzzy-GMDH-GSA
algorithm, in order to compare with the other mentioned
models.

2.1 Framework of CFCM-FIS algorithm

The modelling systems based on fuzzy rule have been
recently applied to different fields like the construction of
geophysical, engineering, and biological systems. The
fuzzy expert system is indeed constructed by combining
the rules and membership function (MF), which is pro-
duced by CFCM clustering or some other clustering tech-
niques. In the present research, the technique of
collaborative fuzzy clustering is applied to the generation

of several rules and computation of the MF. Benzek et al.
[56] introduced CFCM clustering which has been modified
for several times and utilized in a variety of applications in
various real-life problems. Recently, a large number of
modifications and a number of popular clustering methods
have been introduced to the literature applicable to FIS
systems [57-59], and time series prediction models
[60, 61]. Fuzzy clustering is mainly used to reassure to
works on data and, at the same time, attempts to take
advantages of different knowledge sources coming from a
variety of patterns of accessible data when addressing a
certain problem [62].

2.1.1 Complex fuzzy C-means (CFCM)

In 1981, Bezdek et al. [63] pioneered the complex fuzzy C-
means (CFCM). This is a technique of data clustering
through which each data point is allowed to belong to one
or multiple clusters determined using a MF. FCM conducts
the clustering operation on the basis of minimizing the
objective function offered by Eq. (1):

N C
J,,,zZZuZ’Hx,-—chz (1)
i=1 j=1

where m signifies any real number that is greater than 1, u;;
stands for the membership degree of x; within cluster j, x;
represents the ith of d-dimension data, ¢; denotes the d-
dimension of the cluster and ||*|| represents any norm that
expresses similarity between the centre and any measured
data. The fuzzy partitioning is performed through itera-
tively optimizing the objective function presented in
Eq. (1) with updating of membership u; and the cluster
centre ¢;, which are given by Egs. (2) and (3), respectively,
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This iteration that consists of Egs. (2) and (3) stops
once:

op ) < g

Cc =

(3)

where ¢ stands for a stopping criterion between 0 and 1, and
k denotes the iteration steps. Such process is converged to a
local minimum or a saddle point of J,. Table 1 demon-
strates the FCM procedure.

@ Springer



14050

Neural Computing and Applications (2020) 32:14047-14067

Table 1 CFCM procedures

1. Initialization of U = [u;;] Matrix and U(0) calculation

2. For k-step: calculation of centres vector
N
() = [c] 2 i
u

c =
3. Updating matrix of
U(k) and U(k+1)2 Ujj

with  U(k),

1
i=1 U
_ 1
= —
ZC |EIA
k=t [Pl

4. If |[U(k + 1) — U(k)|| <& then stop; otherwise return to step 2

2.1.2 Fuzzy inference system (FIS)-Mamdani type

The fuzzy inference system (FIS) makes use of the fuzzy
set theory for the purpose of mapping the inputs (features)
to outputs (classes). FIS has been offered under two titles:
Mamdani [64] and the Sugeno [65], among which the
former is discussed in the previous researches (see Fig. 1).

To calculate the output of this FIS given the inputs, the
following six steps are needed to be followed (see Table 2).

2.2 Framework of GMDH type neural network

Ivahnenko [67] firstly developed the self-organizing
GMDH algorithm. Its structure is generally based on self-
organized systems. This Al-based model is capable of
generating quadratic polynomials in any neuron known as
partial descriptions (PD’s), in order to select neurons with
the best fit values for filtering PD’s (or neurons), as well as
generating error criteria in order to terminate training phase
and form a tree-like structure used to solve highly complex

Fig. 1 The fuzzy inference IF
system description [66]

problems [68-70]. According to previous studies carried
out in this field, the GMDH is a flexible Al approach that
can be integrated effectively into other evolutionary algo-
rithms such as PSO [71, 72], GP [73, 74], GA [75, 76], and
back propagations [77, 78]. For the exploration of a precise
solution to system identification problems, a function of f
can be used as a replacement for the actual function f in a
way to predict the final output of a complex system, y, for a
given model input X = (x1,x2,%3,...,%,) in such a way
that it can be as close as possible to its output y. As a result,
in case of a certain n observations of multi-variable, an
output variable is shown as:

(i=1,2,3,...M) (5)

In current status, the model of GMDH can be well-
constructed to predict the final values of output, y;, in case
of each given input vector X = (Xi1,Xi2,Xi3, - - -, Xin)-
Indeed, the function presented below is considered for
defining a relationship that can connect the final output to
the inputs as [79]:

Vi = f(Xi1, X2, X3, -+ s Xin),

¥ =f(xin, X2, Xi3, - - (i=123,...,M)

(6)

The following equation expresses the error values
offered by the measured (observed) values and the pre-
dicted model outputs:

'5xin)

M
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i=1
The GMDH model proposes a relationship between
dependent and independent parameters by the following
equation:
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Table 2 Steps involved in FIS development inputs—output systems, from »n observations using
1. The determination of a set of fuzzy rules through the use of P, q € {1,2,...,n}, expressed as follows [83]:

FCM Xip  Xig Y1
2. The fuzzification of the inputs by means of input MFs Xp  Xag W2 (1 1)

3. The combination of the fuzzified inputs on the basis of the
fuzzy rules for the purpose of establishing rule strength

4. The exploration of the rule consequence through combining the
output MF and the rule strength

5. The combination of consequences aiming at obtaining
description of an output

6. The defuzzification of the output distribution (the sixth step is
done only in case a crisp output (class) is required)

n
y=wo+ E Wi X;
i=1

no
+ E E w,jx[xj—i—
i=1 j=1

=
=

Wijk Xi Xj Xk +--,
i=1 j=1 k=1

(3)

Moreover, Eq. (8) is proposed as the Kolmogorov—
Gabor polynomial [80-82]. The literature over the last
decades indicated that the use of quadratic polynomial are
able to provide a relatively lower rate of error compared to
other types of polynomials [68, 69].

Quadratic:

y = Glxi, x;) )

=W + W1 X; + W2 Xj + W3 X; Xj +W4x? +W5x]2

Weighting coefficients in relation to Eq. (9) are calcu-
lated using least square technique. Therefore, the error
value between actual value,y, and the predicted model
output, y, for each pair of x; and x;, as input variables,
should be minimized. In addition, this error function is able
to compute the performance of quadratic polynomial, Gj,
using least-square method to optimally remove a number of
neurons (nodes) in every layer, is expressed as follows:

E— Y i - Gi()’

i — min. (10)

In GMDH, all possibilities of two independent variables
(or inputs) out of total n input variables are taken into
account in building the regression quadratic polynomial in
the form of Eq. (9). In this equation, the weighting coef-
ficients have been derived from a least square method.
Essentially, in each (or current) layer, the nodes number
can be calculated as follows: C2 = n(n—1)/2 where n
stands for the inputs numbers of the former layer. How-
ever, the partial descriptions will be produced in the initial
layer from observations {(y,-,x,-p,xiq); (i=1,2,.. .,M)}
for different pairs of p, g € {1,2,...,n}. In other words, M
triples {(y,',xip,x,-q); i=12,.. .,M)} could be formed as

Xmp Xmg Ym

The application of quadratic polynomial, for a row of M
(Eqg. 10), may result in the formation of a mathematical
matrix equation as follows:

AW =Y (12)
where W is the vector, which includes six coefficients of
weighting of the quadratic polynomial as:

W= {W(),W17W2,W37W4aW5}Tr (13)

The superscript 7 signifies of matrix transpose. In
addition, the vector of output is attained as follows:

Y:{ylayzay3a"'ayM}Tr (14)

In Eq. (12), A matrix denotes a combined form of 2
inputs being created. As a result, A can be derived as
follows:

2 2
L xy Xig X1p Xy Xy, X,
1 x X Xop * X 2 X3
2p 2qg A2t A2q 2p T2q (15)
2 2
L Xup Xmg Xmp - Xmg  Xp  King

As expressed in Eq. (16), the coefficients vector is
presented using the least-squares approach as follows:

W= (ATA) ATy (16)

This is believable that method of GMDH is iterated for
each node of the subsequent layers. For more description
regarding the conventional GMDH model, other studies in
the literature can be found [68, 75]. The conventional
GMDH structure is shown in Fig. 2 briefly.

2.3 Framework of fuzzy-GMDH-GSA algorithm
2.3.1 Hybrid fuzzy-GMDH structure development

The GMDH-based network indeed acts a tool of machine
learning in regard to problems pertaining to classification
and decision-making processes. This is a type of ANN that
uses a polynomial activation function. The model is con-
verged into a termination criterion subsequent to an ade-
quate quantity of epochs by means of series of embedded
operations [84]. This network has been extended to new
versions by different researchers (e.g. [85]). Among all, a
popular one is fuzzy-GMDH (FGMDH) automatically
formed by a self-organized algorithm. The FGMDH algo-
rithm is highly flexible; thus, the evolutionary algorithms

@ Springer



14052

Neural Computing and Applications (2020) 32:14047-14067

Fig. 2 The construction of
GMDH type neural network

Complete graph

Optimum graph

Selected node

Input

can be effortlessly adapted with that. Moreover, the GMDH
network can be enhanced using a basic fuzzy reasoning
rule like “If x; equals Fj; and x; equals Fy,, output y
equals wy” [86]. The Gaussian MF is used in respect to Fy;y
accompanied with the kth fuzzy rules in the extent of the
Jjth input values x; (Eq. 17):

Fii(x;) = exp (_ (% b k) )

where a;; and by; stand for the constant values for each
fuzzy rule. In addition, the parameter of y is determined as
an output, as presented in Eqs. (18) and (19):

(17)

K

y:ZMka

k=1

U = Hij(xj)

(18)
(19)

where wy signifies the real value for the kth rules
[85, 87, 88].

It is noted that each neuron in the FGMDH model
possesses two input variables and one output variable. Each
neuron’s output will be a layer that is linked directly to the
next layer’s input entry. To attain the final output, there is a
need to compute the average of the outputs of the last layer.
From the mth model and pth layer, the input variables are
the output ones of (m — 1)th and mth model in the (p —
1)th layer. Equations (20) and (21) represent the mathe-
matical functions for the calculation of y* as follow:

K
ypm :f(yp—l,m—l7 yp—l,m) _ Z'uim . Wzm (20)
k=1
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Non-selected node

Nodes of the optimum GMDH graph

2 2
p—lm—1 _ pm p—1lm __ pm
(v @) (v )
m - m
by bi2

1" =expq —

(21)

where (" signifies the kth Gaussian function and w}"
stands for its corresponding weight parameter, which have
relation with mth model at the pth layer. Additionally, )"
and B{" act the role of Gaussian factors applied to the ith
model input from mth model and pth layer. Furthermore,
Eq. (22) represents the output variable as follows:

1 M
= — pm
y Mm;y

Training feed-forward FGMDH is an iterative process
performed in order to solve the systems having high
complexity. In each iteration step, Eq. (23) is used to
compute the error parameter as follows:

(22)

E=Lr oy (23)

2

where y* stands for the predicted value. Figure 3 shows the
FGMDH structure.

2.3.2 Improvement in fuzzy-GMDH topology by GSA

Among various swarm intelligence algorithms introduced
in the literature, a metaheuristic optimization algorithm,
i.e. GSA, is designed in such a way that it can explore
within a multi-dimensional search space to find the extre-
mum values of the target function. Optimization process in
this algorithm is done based on the gravity rule and the
movements within a simulated system with discrete time
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Fig. 3 The hybrid structure of p=1 p=2 p=3 p=4
FGMDH algorithm
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coordinates [89, 90]. In GSA, a group of masses are given
the role of search agents, in such a way that each mass can
identify the situation of the other masses. As a result, the
gravitational force is applied to transferring information
between various masses. When dealing with a minimiza-
tion problem with GSA, each agent’s mass will be calcu-
lated following the computation of the current population
fitness [91, 92] by (Egs. 24, 25):

_ fity(t) — worst(t)

ai(t) = best(t) — worst(t) 24)
0
M;i(t) = m (25)

where fit;(t) and M;(t) signify the fitness and mass values,
respectively, of agent i at time #; and S stands for the
population size. In addition, when addressing a minimiza-
tion problem, worst(t) and best(r) are expressed using
Egs. (26) and (27):

best(t) = min fit;(¢) (26)
J€{1,e 8}

worst(t) = max fit;(t) (27)
Je{l,....s}

For calculation acceleration of agents, there is a need to
have total forces (from a set of agents) with highest masses
according to gravity laws (Eq. 28)

Fo= Y rande(;)W(xf(z)—x?(t)).

jckbest j#i Ry(t) +¢
(28)

To measure an agent’s acceleration, all forces from
heavier masses implemented to it, need to be calculated
through taking into account the law of gravity and the
second law of Newton on motion (Eq. 29), at the same time
[89]. Then, an agent’s updated velocity is attained as a
fraction of its current velocity added to its own acceleration

(Eq. 30). Afterwards, Eq. (31) can be used to determine its
situation as follows:

_F@)
al() = 70

= X randGl) % (<) - €0) @)
vfl(t + 1) = rand; x v?(r) + af[(t) (30)
(1 +1) = x(1) + v (1 + 1) G31)

where xfl, vf and af-’ are the position, velocity, and accel-
eration of agent i in dimension d, respectively, rand; and
rand; represent two uniform random at the range of [0, 1], &
signifies a small value, d shows the dimension of the search
space, and R;;(f) denotes the Euclidean distance that exists
between two agents i and j that are defined as
Ri(t) = ||xi(r) — xj(t)||2. Remember that X; =
(x!,x7,...,x¢) shows the ith agent position within the
search space. The kbest represents the set of first K agents
having the optimum fitness values and the largest masses,
which can be initialized as Kj in the starting time. In this
study, Kp is set for total number of agents (N) and it is
reduced linearly to value of 1. Also gravitational constant,
G, parameter is a time descending function; initially, it is
set as Gy, then it reduces exponentially with passing time
as expressed in Eq. (32):

G(t) = G(Go, 1) = G(t) = Goe ™ (32)

During optimization process, based on previous inves-
tigations in terms of trial-error and convergence rate, the
values of o and Gy are suggested as 20 and 100, respec-
tively, while the maximum number of iteration is set as 100
and the number of agents are fixed at 50 in order to achieve
best performance on developed hybrid model [89, 91, 93].
in order to optimize and tuning fuzzy MFs parameters
parallel to achieving optimal weighting coefficients
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Fig. 4 Workflow flowchart of hybrid fuzzy-GMDH algorithm improved by GSA optimization method

associated to Partial Descriptions (PDs) in GMDH type
neural network over complex topology of fuzzy-GMDH
model. The flowchart of this hybrid process is displayed in
Fig. 4.

3 Case study and testing procedure

The Pahang Selangor raw water tunnel (PSRWT) is
responsible for transferring raw water from Pahang to
Selangor states, Malaysia. More specifically, from the
Semantan River, it transfers 1890 million L/day of water
for domestic and industrial purposes. This huge project
involved excavation by means of three tunnel boring
machines (TBMs) as well as four traditional machines of
drilling and blasting. The TBMs of the size of 5.23 m in
diameter were utilized to work under a variety of ground
conditions. Figure 5 displays the tunnel location in
Malaysia. This research involved the collection of 100
granitic block samples from the location of the tunnel and
transferring them to laboratory to be exposed to different
rock index tests. The tests conducted on the samples were
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Fig. 5 Location of the PSRWT project

R,, DD, Iss5, and BTS. All tests were carried out in
accordance with the ISRM standards [94]. In order to have
a better understanding about conducted tests and their
procedures, Fig. 6a—d shows procedure of coring rock
samples, conducting Schmidt hammer test, conducting
Brazilian tensile test, and point load test, respectively.
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Fig. 6 Conducted tests and their
procedures; a procedure of
coring rock samples,

b conducting Schmidt hammer
test, ¢ conducting Brazilian
tensile test, d point load test

In this section, through the use of simple regression
analysis, the relationships between input (R,,, DD, Isso) and
output (BTS) parameters have been identified. Different
simple equations types were evaluated in order to investi-
gate the most accurate one among all for each input
parameter. These evaluations were based on R* results
(where the best R* for the perfect model is equal to 1). The
best equations selected for the prediction of BTS, as well as
their scatter graphs and R? results, are displayed in Fig. 7.
R? values of 0.6976, 0.6735, and 0.6761 were obtained for
R, Issg, and DD parameters, respectively. The obtained
results were found significant; however, in order to have
higher performance for BTS estimation, a new hybrid
intelligence system is introduced in this study. It should be
noted that in order to have a better understanding regarding
modelling and analysis, all 80 datasets (input and output
parameters) are shown in Table 3.

4 Predictive model development

4.1 Developing CFCM-FIS model for BTS
prediction

As illustrated in Fig. 8, the proposed CFCM-FIS model
falls into two main parts; the first part contains the CFCM
procedure and the second one comprises the Mamdani-
based FIS. The model proposed here provides a vigorous
and dependable modelling system through making an
efficient combination of the CFCM capability in repre-
senting knowledge and the reasoning capacities of the
Mamdani-based FIS. First, the available input data is
divided into two or more equal sub-datasets; after that,
FCM is applied to each sub-dataset in order to compute the
prototypes and partition matrix for each dataset. In the next
step, all partition matrix and prototype are updated by
CFCM through having a collaboration with each of them,
then CFCM extracts their common features and makes
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Fig. 7 The selected scatter graphs together with their equations in predicting BTS: a R,,, b Isso, ¢ DD

available the extracted features to the knowledge-base sub-
system of FIS. Knowledge base refers to the rule base and
the database conjointly. A rule base is consisted of several
fuzzy IF-THEN rules, whereas a database outlines the
fuzzy sets MFs used in the fuzzy system. The fuzzy
knowledge base transfers its own information into the
inference engine wherein the fuzzy input is converted into
fuzzy output by means of the fuzzy IF-THEN rules. By
means of the MFs that exist within the fuzzy knowledge
base, the crisp input is converted into a linguistic variable
by the fuzzifier. In the inference engine, the fuzzy input is
converted into the fuzzy output by means of the IFF-THEN
type fuzzy rules. On the other hand, it is the task of the
defuzzier part to convert the fuzzy output extracted from
fuzzy inference engine to crisp output. A FIS is produced
by Genfis (generate fuzzy inference system) through
applying FCM clustering to inputs—output datasets. This is
done by deriving a set of rules modelling the data beha-
viours. The first step of the rule extraction method is the
use of the FCM function aiming at the determination of the
number of rules and MFs for consequents and antecedent’s
parts. Figure 9 shows the surfaces derived during the FIS
process for all input parameters together with system
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output. It is worth mentioning that, a MATLAB function
called Genfis was applied in order to construct and predict
BTS of the rock samples.

4.2 Development of GMDH model for BTS
prediction

GMDH indeed belongs to the inductive algorithm’s cate-
gory, which can be implemented in a variety of problems
pertaining to pattern recognition and data mining. GMDH
has a self-organizing and inductive nature; accordingly, it
can automatically find the optimum structure of its net-
work. GMDH operates on the basis of gradually sorting out
the complex models and choosing optimal solutions
through the use of an external criterion. This is on the basis
of a multilayer network of the second-order polynomials.
In such polynomials, the single output of each quadratic
neuron with two inputs (X;, X;) is computed as follows:

2 = C1 + CX; + C3X; + CuX; + CsX; + CeXiX;  (33)
Tuning the quadratic neurons weights is done in the

course of process of learning. If X is n X m matrix of input
data, which is consisted of n number of training sets offered
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Table 3 The datasets used in this study

Table 3 (continued)

Dataset no.  Input parameter Output parameter Dataset no.  Input parameter Output parameter
R, DD (g/em®) Isso (MPa) BTS (MPa) R, DD (g/em®) Isso (MPa) BTS (MPa)

1 40 25 2.31 4.69 48 38 25 2.22 4.69

2 39 248 2.87 5.9 49 46  2.57 1.73 5.96

3 37 238 3.89 5.5 50 40  2.56 3.34 6.95

4 38 248 1.82 4.1 51 54 26 1.93 6.5

5 48  2.61 3.12 7.22 52 57 275 6.14 11

6 45  2.67 24 5.12 53 50 271 3.98 7.9

7 33 257 3.01 423 54 45 251 3.5 6.1

8 50 2.64 3.22 7.55 55 55 275 6.59 12.61

9 35 25 3.79 5.33 56 54 276 6.45 12.45

10 42 261 3.34 5.75 57 48  2.57 3.12 7.66

11 55 275 4.55 9.54 58 55 279 6.51 8.99

12 36 259 2.45 5.67 59 56 273 4.9 10.55

13 42 2.6 2.02 6.8 60 58 273 5.61 10.3

14 32 247 3.12 4.89 61 57 276 6.41 10

15 31 2.44 2.51 4.72 62 53 273 4.89 9.55

16 37 241 1.56 3.7 63 56  2.68 5.56 10.1

17 34 253 3.49 5.55 64 58 278 6.8 9.22

18 34 247 1.23 5.02 65 54  2.66 2.75 7.99

19 45 2.6 3.21 6.12 66 51 2.69 5.12 9.8

20 43 2.64 2.12 6.55 67 45  2.67 4.92 6.2

21 37 25 1.92 4.2 68 55 27 5.65 7.55

22 40 248 2.99 4.99 69 37 254 2.54 5.1

23 37 252 2.15 5.4 70 30 24 1.86 4.8

24 33 242 3.29 5.85 71 30 245 0.89 3.6

25 32259 2.38 5.6 72 30 246 1.78 4.96

26 34 249 2.88 5.7 73 39 254 1.6 5.22

27 40 2.54 2.33 5.88 74 38 2.6 2.99 6.3

28 52 27 291 8.5 75 33 264 2.15 5

29 54 27 6.39 9.2 76 34 26 1.29 5.4

30 46 271 3.21 7.59 77 44 2.65 3.38 5.9

31 52 275 53 10.55 78 33 2.68 3.21 6.01

32 56 2.7 4.9 9.22 79 37  2.65 4.78 7.33

33 57 271 5.02 9.1 80 43 2.7 2.25 7.51

34 56 274 2.89 8.22

35 52 278 5.33 7.5

36 47  2.63 2.78 7.4

37 45 2.6 243 5.66

38 55 271 3.23 7.21 .

39 56 255 323 743 by m featu'res, then Fhe GMDH mode% will (:?ea'te all

40 45 254 1.02 543 probal?le mixtures of inputs from m variables within tl}e

Al 48 26 1.89 63 first h1ddf:n la?/er. Aft.er that, each one of the quadratic

0 7 268 367 71 neurons is trained using the least-squares method. The

5 T 480 873 criterion for selecting neurons is used in each layer on the
basis of the natural selection process in order to preserve a

44 49  2.69 3.12 7.02 . . . .
feasible network complexity. For that reason, the precision

45 39 259 2.56 5.66 . . . . .
of classification in case of each quadratic neuron is cal-

46 53 2.68 301 655 culated through making a comparison between the poly-

47 45 251 2.1 6.3

nomial model output and the target. The neurons whose
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Fig. 8 Flowchart diagram of 3
FCM-FIS model [95] i
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polynomial model fitness function is less than a preset level
of error will be kept and the others are removed. The
definition of selection error criterion (e.) is as follows:

€. = U€min + (] - OC) €max (34)

where e.x and ey, stand for the maximum and minimum
errors attained within each one of the existing layers,
respectively, and o (0<a<1) denotes the selection pres-
sure. Figure 10 illustrates the structure of a GMDH model
with four inputs. This is clearly observable that the neurons
that exist within each layer whose polynomial model error
exceeds e, are removed and the remaining ones are applied
to the construction of the next hidden layer. It is noted that
a selection pressure of 0.6 was set for the purpose of the
current study. In each of the layers, a limitation can be set
for maximum node and layer numbers in order to adjust the
network complication level. As a result, within each layer,
the maximum node numbers and layers were fixed at 50
and 30, respectively, in a way to gain a full control on the
evolutionary structure of the network.

4.3 Development of FGMDH-GSA for BTS
prediction

In this section, the topology of fuzzy-GMDH structure was
combined and improved in a parallel process through
applying GSA optimization method. In developing fuzzy-
GMDH-GSA model, network structure was established
using three layers and were constructed based on number
of inputs and to avoid model structure complexity. Table 4
presents the control parameters values associated to GSA
algorithm including maximum number of iterations, the
number of mass agents,o, and Gy. GSA indeed made an
optimization on the Gaussian MF and weighting coeffi-
cients in each partial description of the fuzzy-GMDH
model as indicated in Fig. 11.

@ Springer

5 Results and discussion

This section provides a quantitative evaluation of different
developed models performance during training and testing
in terms of error indicator of correlation coefficient (R),
mean square error (MSE), root mean square error (RMSE),
error mean and error StD in order to specify the best-fitted
predictive model for approximating BTS of the rock
material; some statistical performance criterions were
defined and calculated for each developed model (Eqs. 35—
39)

M — _
Zi:l Yi(Actual) — Y(Actual) ) \ Yi(Model) — Y(Model)

R= 2 2
Z?il <yi(Aclual) —)7(Acma1)> X Z?il (%‘(Model) - )7(Mode1)>
(35)
1 d 2
MSE = M Z (yi(Model) - yi(ACtual)) (36)
i=1
M 2
RMSE — Z,‘:l (yi(Model) - yi(Actual)) (37)
M
M
Error mean — Zi: 1 (yi(Actual) — Yi(Model) (38)
M
1y _
Error StD = izt (Eigvtodet) — Entouer) (39)
M—1

where yimodel) denotes predicted value,yj(acuary is measured
value, M is the number of dataset and E indicate the error
value between observed measured value and predicted
value.

Results from regression analysis have shown that pre-
dictive models must be developed to predict rock BTS,
accurately. Thus, three intelligence models were proposed
for estimating BTS of the rock samples. Three neurons, i.e.
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Fig. 9 The surfaces derived during the FIS process to predict BTS of
the rock samples

R,, DD and Issg, were taken into account in input layer for
the development of all models, while BTS values were
considered in output layer. Many models were constructed
based on several parametric simulations to select the best
hybrid CFCM-FIS, GMDH and fuzzy-GMDH-GSA mod-
els, separately for each developed model. Consequently,

based on calculated error performance criteria (MSE,
RMSE, Error) as well as according to R values, the best-
fitted model among three proposed models was selected
(see Figs. 14, 17, 20). Moreover, these selected models
were verified more on the basis of other performance
indices (PIs) comparison, i.e. R, MSE, RMSE and Error StD
values. Table 5 and Figs. 15, 16, 19 simultaneously
demonstrate the overall PIs values for all developed
models for both training and testing phases.

Furthermore, Figs. 12, 15, and 18 show plotted curves
between the measured rock BTS (target) and those pre-
dicted values (outputs) obtained from CFCM-FIS, GMDH
and fuzzy-GMDH-GSA models, respectively, for train and
test datasets, separately. Figures 13, 14, 15, 16, 18 and 19
along with the PI list expressed in Table 5 plan to show
precision and verification of proposed fuzzy-GMDH-GSA
model as more efficient predictive model in comparison
with two other models (CFCM-FIS and GMDH) for all Pls
values. In other words, the developed fuzzy-GMDH-GSA
has shown relatively higher level of accuracy compared to
others (highest value of R and lowest values of RMSE, MSE
and Errors indices) for training and testing datasets among
the three predictive models. The fuzzy-GMDH-GSA model
having R of 0.90, MSE of 0.0099, RMSE of 0.099 and an
Error Mean, StD of — 5.84e—17, 0.1007 can estimate
relatively accurate the BTS values more efficiently than the
GMDH model with a R of 0.86, a MSE of 0.012, and a
RMSE of 0.110 for training datasets. In addition, the fuzzy-
GMDH-GSA is also shown much better performance than
the CFCM-FIS model with R of 0.87, MSE of 0.014, RMSE
of 0.118 and Error Mean of — 0.021, respectively, for train
stage. According to Table 5 and presented figures, the
statistical performance criteria show the superiority of the
fuzzy-GMDH-GSA model over the other models in esti-
mating the tensile strength of the rock material for testing
stage. The relative error values diagrams with error dis-
tribution histograms were shown for CFCM-FIS, GMDH
and fuzzy-GMDH-GSA models through Figs. 13, 16
and 19, respectively, for training and testing stages. It is
noted that relative error values define as the difference
values between measured BTS values (target values) and
predicted BTS values (model output) for each observation
within the desired datasets (train and test dataset).
According to computed error indices, it was concluded that
fuzzy-GMDH-GSA model has capability to predict BTS
with acceptable level of accuracy and reliability in terms of
statistical performance criterion as well as having relatively
lowest error indicators compared to other developed
models for both training and testing datasets. Conse-
quently, although the BTS could be predicted in accept-
able precision rate across all of the aforementioned
predictive models, however, the fuzzy-GMDH-GSA model
is known as the best-fitted repressor model in this study.

@ Springer



14060

Neural Computing and Applications (2020) 32:14047-14067

Fig. 10 GMDH model structure
with four inputs

Table 4 Setting GSA control parameters used for fuzzy-GMDH-GSA
model
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The rock BTS prediction through applying fuzzy-GMDH-
GSA predictive model should obviously be introduced in
geotechnical practical work as a novel predictive model
(Figs. 17, 18, 19, 20, 21).

It should be noted that several hybrid ANN-models were
developed to forecast BTS of the rock. However, they are a
hybrid ANN-based technique which are optimized by some
optimization algorithms like PSO, ICA, GA and IWO. In
fact, they can be used for optimizing weights and biases of
ANN to avoid over-fitting of ANN during training stage.
Here, in this study, approaching the implement of a com-
plicated hybrid AI model namely, fuzzy-GMDH-GSA has

Parameter Value/range
Alpha 20
Gy 100
Number of variables 3
Maximum iteration 100
Error 0.00001
Number of agents 50
p=1
X o3
L
X; * .
u
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Fig. 11 Implementation of GSA into PD’s (each neuron block) over fuzzy-GMDH topology
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Table 5 Descriptive statistical error performance analysis of the proposed Al models

Proposed Al models Training section Testing section

R MSE RMSE Error mean Error StD R MSE RMSE Error mean Error StD
FCM-FIS 0.87 0.014 0.118 — 0.021 0.117 0.86 0.007 0.085 — 0.024 0.083
GMDH 0.86 0.012 0.110 — 0.003 0.111 0.86 0.011 0.105 0.035 0.101
Fuzzy-GMDH-GSA 0.90 0.099 0.0997 — 5.84e—17 0.1007 0.90 0.008 0.087 — 0.017 0.087

Test Data
1 08 T T T T
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06 Output | |
05 1 o4 \& -
021 b
0 0 1 1 1 1
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Fig. 12 Plot of measured versus predicted BTS values for CFCM-FIS model in train and test stage
RMSE = 0.11768 Error: mean = -0.021698, std = 0.11671 RMSE = 0.084594 Error: mean = -0.024112, std = 0.082829
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Fig. 13 Error distribution histogram and statistical error indices for CFCM-FIS model in train and test stages
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Fig. 14 Regression plot of measured versus predicted BTS output for CFCM-FIS model in train and test stage
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Fig. 16 Error distribution histogram and statistical error indices for GMDH model in train and test stages

Fig. 17 Regression plot of

Train Data: R=0.86596

measured versus predicted BTS
output for GMDH model in
train and test stage
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Fig. 18 Plot of measured versus predicted BTS values for fuzzy-GMDH-GSA model in train and test stage

been introduced for solving problem of BTS of rock
material. Innovation of the present study compared to
previous works performed in the field of application of Al
algorithms (e.g. PSO-ANN, GA-ANN, ANFIS-PSO/ICA,
and GMDH) in predicting BTS of rocks is that the
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integrated hybrid structure of fuzzy-GMDH model utilizes
the inherent properties of FIS concepts and GMDH algo-
rithm at the same time. In fact, the benefits of the hybrid
fuzzy-GMDH-GSA network can be attributed to the low
volume of computation per neuron, self-organizing hybrid
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Fig. 20 Regression plot of measured versus predicted BTS output for fuzzy-GMDH-GSA model in train and test stage
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Fig. 21 Results of both SRC and SRRC techniques for each input
parameter

model compared to other Al methods such as ANFIS. The
advantage of the hybrid fuzzy-GMDH-GSA model is the
simplicity of performability, time-consuming and cost-

effective rather than experimental rock BTS tests. Also
compared to ANN’s, ANFIS and GMDH algorithms, the
developed fuzzy-GMDH-GSA structure has overall lower
computational volume and time-performance. Our pro-
posed methods do not act as black-box against old ANNs
and the users are able to control over hybrid fuzzy-GMDH-
GSA.

As explained before, the block rock samples were col-
lected from the face of a water transfer tunnel constructed
in Malaysia which is a tropical country. Then, these block
samples were transferred to the laboratory in order to
conduct rock index tests. We tested DD, Issg, R,,, and BTS
on all samples in the laboratory and established a database
to develop predictive intelligence models. As a fact in field
of rock mechanics, the established database is only for the
specific rock mass properties in the transfer tunnel with
specific input and output parameters, ranges and rock type.
Therefore, finding a series of data with these properties
(rock type, inputs and their ranges, tropical area) is very
difficult in the literature. Due to this reason, it is not pos-
sible to compare our results with those presented already in
the literature. However, it should be noted that testing
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section of datasets was applied in order to evaluate models
development. By using these data which are not involved
in training section, we are able to see how model devel-
opment is successful during modelling development
process.

6 Sensitivity analysis

Sensitivity analysis (SA) examines the relationship
between a model’s assumptions, which may be applied in a
computer-based system, and its model inputs. Finding a
relation between model output and input needs more than a
point output derivative together with their inputs. Consid-
ering the multivariate nature of the model inputs and their
uncertainty ranges, they have a deep impact on the systems
specially hybrid systems. Such an approach is applicable to
a variety of methods, including model quality assurance
and the literature describes some SA strategies, and some
inter-comparative studies are also available. This research
highlights the effectiveness of the standardized regression
coefficients (SRC) and the non-parametric regression-
based techniques such as the standardized rank regression
coefficient (SRRC). When working with this model, it is
common to utilize SA estimators that provide a global
sensitivity calculation, where the effects of a model input
on a model output are averaged on both the parameter
distribution itself and the distribution of all the remaining
parameters (global SA techniques). Nonetheless, every
model has unknown input parameters; likewise, the extent
of uncertainty would probably vary from parameter to
parameter and a comprehensive analysis of the model
response over the entire range of inputs.

Both SRC and SRRC have been applied on the model
inputs to investigate their effects on the system output.
Figure 21 shows results of both SRC and SRRC techniques
for each input parameter on BTS of the rock. As can be
seen in this figure, considering the results of both tech-
niques, Issy receives the deepest impact on BTS of the
rock, whereas, R, is the input parameter with the lowest
effect on the BTS of the rock.

7 Conclusions

The main goal of this study was to propose a new Al hybrid
model for prediction of BTS of the rock samples. To do
that, the fuzzy-GMDH structure was combined and
improved in a parallel process through applying GSA
optimization method in order to receive higher prediction
performance compared to CFCM-FIS and GMDH predic-
tive models. The modelling of this study was done using 3
model inputs (R,, DD and Issy) and one output (BTS). The
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outcomes of all predictive models were compared accord-
ing to several evaluation criteria including R, MSE, RMSE,
error mean and error StD and the best predictive technique
was selected based on them. After computation of the
results, the developed fuzzy-GMDH-GSA model achieved
a higher level of modelling efficiency in predicting BTS of
the rock compared to other applied predictive models. R,
MSE, RMSE, error mean and error StD values of (0.90,
0.008, 0.087, — 0.017, and 0.087), (0.86, 0.011, 0.105,
0.035, and 0.101) and (0.86, 0.007, 0.085, — 0.024 and
0.083) were obtained for testing datasets of fuzzy-GMDH-
GSA, GMDH, and CFCM-FIS models, respectively. The
results indicated that fuzzy-GMDH-GSA model can predict
BTS more accurately than the other implemented models.
In fact, the benefits of the hybrid fuzzy-GMDH-GSA net-
work can be attributed to the low volume of computation
per neuron, self-organizing hybrid model compared to
other AI methods such as ANFIS and GMDH. The
advantage of the hybrid fuzzy-GMDH-GSA model is the
simplicity of implementation, time-consuming and cost-
effective rather than experimental rock BTS tests. Addi-
tionally, by performing sensitivity analysis through the use
of SRC and SRRC techniques, Iss, was the most effective
input parameter on BTS of the rock. The finding of the
current study provides a new hybrid Al method for pre-
dicting aims that other researchers, students and designers
are able to utilize it with caution in preliminary stage of
their studies or projects.
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