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Abstract
Plastic zones evaluation around the powerhouse caverns is a very crucial issue in designing and constructing these structures 
and accurate determination of their related optimum support systems. Due to inherent difficulties during the field measure-
ment of plastic zones around the powerhouse caverns and shortcomings of the available methods in this field, applying new 
predictive models is an attractive and helpful topic. Accordingly, plastic zones around the powerhouse caverns have been 
investigated in this research using numerical analysis (NA), fuzzy inference system (FIS) and multivariate regression (MVR) 
model. Based on the numerical simulations, a new predictive equation has been developed to determine the plastic zone at 
middle point of sidewall and induced key point around a cavern. The basic parameters including rock geomechanical proper-
ties and geometrical characteristics of cavern structures have been considered as input variables in plastic zones modeling at 
middle points of roof, floor, left sidewall and right sidewall as well as at key point. For FIS and MVR models construction, 
sufficient datasets were introduced based on the numerical simulations. Performance of established models has been assessed 
applying testing dataset and utilizing powerful statistical indices. Accordingly, it is proved that the derived results from FIS 
and NA models are more precise than MVR model and they are more satisfactory in plastic zone estimation. Finally, para-
metric study results revealed that lateral stress coefficient, depth of overburden and rock mass rating are the most effectual 
parameters and tensile strength is the least influencing parameter on the plastic zone around a cavern.
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1  Introduction

During and after the excavation of underground spaces 
inside the weak rocks located at the high depth, there exists 
the high ratio of in situ horizontal stress to vertical stress. In 
this situation, the high extension of plastic zone (PZ) will be 
induced in the rock mass around these spaces. This condi-
tion may occur when the induced stresses in the surrounding 
rock masses exceed the yield stress or rock mass strength. 

Extension of PZ depends on the rock mass characteristics, 
geometry or shape of the opening and its excavation method. 
On the other hand, the size and shape of PZ are the critical 
variables to analyze the stability of underground spaces and 
quantitative design of their related support requirements. 
There are various methods for prediction of PZ around the 
underground spaces such as theoretical and numerical mod-
els. Accordingly, different investigations were performed to 
study PZ around the underground spaces using the above-
mentioned methods.

Zhu et al. [1] studied the displacement at the high wall 
of a series of underground caverns based on the numerical 
simulations with multiple schemes. They concluded that 
the best relations to estimate the displacement at the side 
wall key points were achieved using the dimensionless 
approach. Chong et al. [2] analyzed the distribution of PZ 
in the rock mass surrounding the rectangular gates using 
FLAC3D software and considering the different spans 
and coefficients lateral pressure. Applying the FLAC3D 
software, Feng et al. [3] estimated the value of plastic 
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deformation in hard and soft rock zones surrounding a tun-
nel. Xiang and Feng [4] presented a theoretical procedure 
to predict the potential PZ around the shallow tunnel in the 
neighborhood of pile foundation. Zhang and Goh [5] pro-
posed a new non-parametric regression model to study the 
influence of geotechnical and geomechanical parameters 
on the strain and maximum displacement at the key point. 
Chen et al. [6] predicted the depth of PZ at the upstream 
and downstream sidewalls of powerhouse caverns using 
numerical simulation. Yu et al. [7] analyzed the rock frac-
ture and stability of rock mass around the underground 
caverns using the numerical method. On the basis of the 
numerical simulations, Zhang and Goh [8] developed some 
statistical regression models to estimate the safety factor 
and maximum displacement around the multiple caverns. 
Zhang et al. [9] applied the in situ monitoring techniques 
to measure the displacement of a group of underground 
caverns and verified them using the 3D numerical model. 
On the basis of the monitoring measurements, Li et al. 
[10] showed that the fractures and deformations around 
the underground caverns are increased by increasing the 
excavation steps. Jiang et al. [11] showed that the results 
of their developed numerical model were completely in 
accordance with the measured deformations around the 
large underground caverns. The applicability of the sta-
tistical approach to assess the deformability of rock mass 
surrounding the powerhouse cavern under different condi-
tions was demonstrated by Behnia and Cheraghi Seifabad 
[12]. A back-analysis approach was developed by Gao 
et al. [13] to estimate the PZ distribution and displacement 
prediction around the caverns which was verified by the 
numerical experiments. They achieved the reliable results 
which are practically similar to the field measurements. 
Li et al. [14] studied the rupturing fracture of rock mass 
around the underground caverns based on the principle 
of energy dissipation and verified their findings by the 
numerical modeling results. Xua et al. [15] presented an 
analytical approach to find the PZ distribution surround-
ing the openings and verified its results with the results 
of the FLAC2D numerical model. Based on this approach, 
they evaluated the effect of lateral pressure coefficients 
and slot depths variations on the PZ extension. Moreover, 
failure mechanism and deformation prediction at differ-
ent locations of rock mass neighboring the underground 
powerhouse was studied by Wang et al. [16] for safely 
construction goals. Deformation estimation and safety 
analysis of rock surrounding a cavern was conducted by 
Ren et al. [17] to select the optimum supports and provide 
the required safety during the cavern construction. Finally, 
Li et al. [18] presented a numeric-microseismic model to 
assess the deformation of rock mass surrounding under-
ground caverns. They proved that prediction of rock mass 

displacements based on the numeric-microseismic model 
can give the better estimations for real in situ conditions.

Considering the nature of understudied problem, it is 
relatively difficult to predict PZs surrounding the power-
house station cavern which can be evidently observed in the 
above studies. Indeed, previous studies were focused on the 
PZ evaluation around the single tunnels and there are a few 
numbers of researches that focused on the prediction/estima-
tion of PZs surrounding the powerhouse caverns. This is due 
to the fact that the powerhouse environment is a complex 
space in which the several adjacent openings have interacted 
together. On the other hand, the majority of the previous 
utilized methods are the numerical approaches that just can 
be applied for the particular case studies. Therefore, these 
specific developed numerical models cannot be effectively 
applied for other cases/lotions. Moreover, unknown relation-
ships and inherent interactions between the many effective 
parameters and PZ around the power station caverns may 
not be completely appropriate for theoretical and numerical 
modeling due to the problem nature [4]. Bearing in mind 
the above-mentioned weakness of current theoretical and 
numerical approaches, utilizing the new predictive intelli-
gent models, i.e., fuzzy inference system (FSI) might duly 
cover the shortcomings in the estimation of PZ surround-
ing the powerhouses. In the recent years, FSI and some of 
the other intelligent approaches were employed as the most 
efficient predictive tools to investigate the rock engineering 
and geomechanics problems related to the surface and under-
ground structures [19–30]. Some authors have also utilized 
the theory of fuzzy mathematics to analyze the rock mass 
displacement and deformation as a result of underground 
excavations [31–33]. Certainly, FIS model can cover the 
above restrictions and provide the possible requirements 
in the estimation of plastic zones around the power station 
caverns. Despite these applications, FIS approach was not 
applied in the field of PZs prediction around the powerhouse 
station until now as it is observed from the comprehensive 
literatures review. Therefore, examining the FIS applica-
tion in this field can be an attractive topic and used as a 
worldwide approach which may present the desired results 
compared to the previous ones.

In addition to the above-referred shortcomings of exist-
ing methods, the PZ at the roof, floor, sidewalls and key 
points were not simultaneously studied in a comprehensive 
research until now. Meanwhile, the extent of plastic zones 
surrounding the power station caverns including the mid-
dle points of roof, floor, left sidewall and right sidewall as 
well as the key points (maximum plastic zone) have been 
simultaneously investigated in this research. Moreover, all 
of the possible effective geomechanical and geometrical 
parameters were considered in the estimation of the PZs at 
different points around the power station caverns unlike the 
previous researches. This can help the comprehensive, ideal 
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and efficient estimation of support requirements for the pow-
erhouse caverns and the multiple opening in tunneling and 
underground spaces constructions. For this purpose, new 
empirical equations were firstly developed in this research 
based on the extensive numerical analysis. Secondly, a new 
fuzzy inference system was constructed to predict PZs sur-
rounding the powerhouse caverns for covering the aforemen-
tioned requirements in the field of PZ estimation and estab-
lishment of a worldwide model. Finally, comparison analysis 
was made between the findings of the numerical analysis, 
fuzzy inference system and multivariate regression model.

2 � Applied methods

In this research, three models including numerical analysis 
(NA), fuzzy inference system (FIS) and conventional mul-
tivariate regression (MVR) analysis were utilized to esti-
mate the complete PZs around the power station caverns. 
The basic descriptions of these approaches will be briefly 
overviewed in the following sub-sections.

2.1 � Numerical analysis

With advances in computer systems, various numerical-
based software programs have been effectively developed for 
practical application in different engineering fields. Numeri-
cal modeling was extensively utilized in different sciences/
industries to solve the existing problems. In the fields of 
geotechnics and rock mechanics, numerical modeling can 
help the engineers to design the underground excavations 
and related support systems. These models were also applied 
to conduct the parametric studies, provide the possible range 
of the system responses and consider the possible influenc-
ing variables involved in the modeling. These lead to under-
stand the key variables in the modeling which can help set 
priorities for further site investigation and material testing 
to introduce suitable data utilized in designing phases. There 
are several numerical methods used in solving the differ-
ent engineering problems. These methods were categorized 
as finite element method (FEM), discrete (distinct) element 
method (DEM), boundary element method (BEM), mate-
rial point method (MPM), finite difference method (FDM), 
etc. Among them, DEM is considered as the discontinuum 
method; whereas, FDM, BEM and FEM types belong to 
the continuum methods. However, none of these methods is 
proved as an optimum method for all engineering problems. 
Each of them has some advantages/limitations for the spe-
cific problems [34]. Due to the capabilities of FEM in the 
modeling of rock mechanics problems and the simplicity of 
its coding programs, this program was used to conduct the 
numerical analysis in this study.

2.2 � Fuzzy inference system

The idea of ‘‘fuzzy set’’ was firstly introduced as the 
‘‘fuzzy set theory’’ by Zadeh [35]. The comprehensive 
review on the basis of this theory and construction of 
the fuzzy models were previously performed by different 
investigators [19–26]. Therefore, fuzzy set theory, fuzzy 
inference systems (FISs) and fuzzy modeling steps are 
briefly outlined in this section. It is obvious that the value 
of membership of each element in a classical (crisp) set 
is equal to 1 if it belongs to a set and equal to 0 if it does 
not belong to a set. On the contrary, the elements in a 
fuzzy set can take the membership values in the range 
of 0–1. Construction of a FIS is generally composed of 
four fundamental stages including input numeric values 
fuzzification, development of fuzzy rules (construction of 
fuzzy rule base), selection of fuzzy interference engine 
and defuzzification of fuzzy output values.

In the first stage, suitable membership functions (MFs) 
have been developed to covert the numeric input values 
into the fuzzy linguistic expressions. The MFs are also 
applied to map and transfer the input vectors into the fuzzy 
“if–then” rules inside the rule base. There exist different 
forms of MFs, i.e., linear shape including triangular and 
trapezoidal shape and non-linear shape including Gauss-
ian, Z and S types. The utilization of these MFs depends 
on the nature of understudied problem. In the next stage, 
the relationships of input–output variables are described 
by fuzzy rules in the “if–then” forms to construct the “rule 
base”.

In the third stage, an appropriate inference engine is 
generally determined to combine the fuzzy “if–then” rules 
for obtaining the fuzzy outputs on the basis of the fuzzy 
composition rules. Different types of FIS including Tak-
agi–Sugeno–Kang (TSK), Mamdani, Tsukamoto and Sin-
gleton engines exist that can be applied to solve the problems 
related to the science, engineering and technology fields. In 
this paper, the algorithm of Mamdani was applied because 
it is simpler and efficient to construe and examine in geo-
sciences modeling compared to the other types [19]. This 
algorithm is one of the first developed fuzzy set theories 
that worked on the basis of the control systems. Mamdani 
algorithm was firstly introduced by Mamdani and Assilian 
[36] in 1975. There exist many aggregation methods that are 
used to combine the fuzzy rules in the Mamdani algorithm. 
These methods include min–max, max–max, min–min and 
max–min types. Among them, max–min composition was a 
commonly applied method [19]. Conversion process of the 
fuzzy outputs to the crisp (numeric) ones is the last step of 
FIS modeling which was named the defuzzification process. 
There exist various defuzzification approaches including 
center of gravity (COG), mean of the maximums (MOM), 
smallest of the maximums (SOM) and centroid of area 
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(COA). However, it was proved that the most commonly 
utilized approach is the COA [19].

2.3 � Multivariate regression analysis

Conventional multivariate regression (MVR) analysis is one 
of the statistical regression divisions that is utilized in the 
modeling of science and engineering problems. The aim of 
the regression modeling is the construction of an approxi-
mate model that can correlate the input parameter(s) with 
the output (objective) parameter(s) to achieve the minimum 
possible error [37]. In statistics science, MVR is the effi-
cient technique to represent the correlation between an out-
put parameter and a series of input parameters. In the MVR 
analysis, data are analyzed utilizing the linear relations/func-
tions and then, the indefinite parameters of the model can be 
predicted/estimated from the data.

3 � Numerical analysis of PZ

In the numerical analysis (NA) of the current study, 2D 
finite element program was applied to estimate PZs in the 
excavation boundary around a powerhouse cavern. For this 
purpose, four fundamental assumptions have been made as 
follows:

(a)	 The masses around the powerhouse are isotropic, 
homogeneous and quasi continuous.

(b)	 In the horizontal and vertical directions, there are two 
main stresses (major and minor).

(c)	 Two types of powerhouse are considered in the mod-
eling (a house horse-shoe shape cavern having the cross 
section with 33 × 52 m dimension and a transformer 
cavern having the cross section with 13 × 19 m dimen-
sion).

(d)	 A model with plane strain hypothesis was used in the 
modeling for the cases that the cavern was too lengthy.

Table 1 shows the interval of considered effective vari-
ables as the inputs of numerical analysis including the 
geometrical and geomechanical properties of rocks sur-
rounding the excavated cavern. Additional required rock 

mass characteristics for modeling were obtained utilizing 
the RocLab simulation program [38]. For this purpose, the 
ground was assumed as the elasto-plastic environment acted 
under the criterion suggested by Mohr and Coulomb. Moreo-
ver, the factor of expansion equal to 5 with “Box Boundary 
Type” and factor of gradation equal to 0.1 with “Graded 
Mesh Type” were considered in all of the conducted numeri-
cal models. Therefore, the outside dimensions of the models 
can be equal to the five times of the caverns width. The 
above-mentioned boundary conditions lead to fixed condi-
tion of X in left and right boundaries and fixed condition of 
Y in upper and lower boundaries of the constructed model. 
After the model geometry stabilization, meshing process can 
carry out automatically or manually. Here, the automatic 
procedure was utilized, while rock masses surrounding the 
caverns have the same characteristics. On the contrary, the 
manually mode was applied for mesh generation since the 
rock mass surrounding the caverns is assumed as semi-
continuous environment. As the mesh generation was com-
pleted, all of the nodes upon the external side of boundary 
were situated in a fixed boundary condition without any dis-
placement. Figure 1 indicates the schematic representation 
the geometry of the powerhouse and transformer along with 
their boundary conditions. Moreover, NA model geometric 
layout, steps of excavation (ESi) and the state of the key 
points in examinations are demonstrated in Fig. 2. In gen-
eral, Fig. 2 is the graphical representation of a powerhouse 
cavern in which the key points at the two lateral sidewalls 
and floor are marked. In Fig. 2, B and Z are the spacing and 
vertical distance of two neighboring caverns, respectively. 
This means that the maximum PZ is sometimes created in 
the floor of the powerhouse but in most cases the maximum 
PZ occurred in the powerhouse sidewalls which is greater 
than those of floor or roof. The further descriptions of this 
issue will be outlined in the next section.

3.1 � Maximum depth of PZ around the powerhouse 
cavern

The maximum plastic zone was firstly investigated by Zhu 
et al. [40]. They characterized that the maximum plastic 
zone (MPZ) at the sidewall key point of powerhouse is 
somewhat more than the other powerhouse that surrounds. 

Table 1   Intervals of geometrical 
and geomechanical properties of 
rocks surrounding the excavated 
caverns in the NA modeling 
(after Rajabi et al. [39])

RMR C (MPa) φ (deg) σt (MPa) σc (MPa) ν (−) E (MPa) K H0 (m) B (m) Z (m)

47 1.47 44.16 0.04 13.48 0.27 4350 0.7 100 20 − 10
54 1.6 54.62 0.145 25.908 0.27 11,900 1 200 30 0
67 3.093 51.34 0.715 29.978 0.25 29,000 1.5 300 40 10
78 4.976 56.94 1.567 54.154 0.25 40,973 2 400 50 20

2.5 500
600
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Besides, Abdollahipour and Rahmannejad [41] proved that 
the MPZ in the sidewall is higher than the roof. To inves-
tigate maximum depth of the plastic zone (MDPZ) around 
the powerhouse cavern in this research, different conditions 
under Mohr–Coulomb failure criterion were considered 
in PZ as shown in Table 1. In addition, the depth of PZ 
was considered in the calculations, while more than 50% 
of the blocks have the plastic failure conditions. Based 
on the above-mentioned conditions, numerous numerical 
analyses were conducted. The obtained results are given in 
Figs. 3 and 4. As shown in Fig. 3a, in weak and medium 
rocks (RMR = 47) with horizontal distance, i.e., 30, 40 and 
50 m and low values of lateral pressure coefficients includ-
ing k = 0.7 or k = 1, the MDPZ occurs on the left sidewall in 
most cases and sometimes on the right sidewall. However, 
under those conditions but with k = 1.5, the MDPZ forms 
on the powerhouse floor in most cases and sometimes on 
the sidewalls as demonstrated in Fig. 3b. For k = 2, MDPZ 
frequently occurs on the right sidewall and sometimes in the 

floor or the left sidewall of powerhouse which is represented 
in Fig. 3d. Finally, for k = 2.5, MDPZ is located on the right 
sidewall in more cases and on the left sidewall of power-
house cavern in less cases which is displayed in Fig. 3c. 
On the other hand, for RMR = 67 and k = 1.5–2, MDPZ is 
located on the powerhouse floor in all cases; whereas for 
k = 2.5, MDPZ is located on the right sidewall in more cases 
and sometimes occurs on the left sidewall of powerhouse as 
depicted in Fig. 4a, b. Also for RMR = 78, the key point is 
always located on the right sidewall of powerhouse when 
H ≤ 300 m and k = 2.5. Contrariwise for H ≥ 300 m and 
k = 2.5, MDPZ is positioned on the floor in more cases and 
on the right sidewall of powerhouse in some cases. Even-
tually, the key point or MDPZ continuously occurs on the 
floor when H ≥ 300 m and k = 2. The later conditions are 
demonstrated in Fig. 4c, d.

As it can be seen from Figs. 3 and 4, the key point location 
is varied on the powerhouse sidewalls or floor of the power-
house. Therefore, it is better to consider the key zone in the 

Fig. 1   The schematic representation of a powerhouse and transformer geometry and their boundary conditions in the NA modeling [39]
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floor or lateral sidewalls of a powerhouse. On the other word, 
this key point was located at the top sidewall in some cases 
(RMR = 47, 54, K = 2 or 2.5 and Z i.e. +10, +20 meters) as 
shown in Figs. 3e, f and 4b. Moreover, in the case of K = 1.5, 
key point is located at the powerhouse floor. According to the 
above investigations, it is concluded that this key point was 
frequently situated on the powerhouse sidewalls.

4 � Numerical formula to predict PZ

Due to the effect of transformer cavern on the right side-
wall of main cavern, PZ prediction in this area is conducted 
using the numerical method (NM) in the current section. 
To predict PZ at the powerhouse right sidewall (RSp), key 
point (MPZ) and middle point, numerous numerical analyses 
(about 1920 series) were conducted under various conditions 
presented in Table 1. Various curve series (about 768 series) 
were achieved from the numerical experiments to show the 
variations of relative PZs ( Pz∕h ) at the right sidewall key 
points and middle point of powerhouse against the relative 
lateral loading ( 1000k�H∕E ) for some rock types based on 
the RMR rating system (Fig. 5). Therefore, the following 
equation was developed for prediction of PZ at the deter-
mined points of the powerhouse: 

where Pz is plastic zone depth at the powerhouse right side-
wall key points and middle point (m), � is unit weight of 

(1)
PZ = h[a(1000k�H∕E)2 + b(1000k�H∕E) + c(B∕H) + d(Z∕H) + e]

rock ( N∕m3 ), h is powerhouse height, k is coefficient of lat-
eral pressure, E is deformation modulus of rock mass ( Pa ), 
H is overburden depth (m) that computed from the ground 
surface to the powerhouse floor ( H = H0 + h ), B is width 
of pillar ( m ), Z is difference of crown level ( m ) and; a , b , c , 
d and e constants are regression coefficients related to the 
depth of overburden and types of rock mass surrounding the 
cavern (see Tables 2 and 3). 

It is observed from Fig. 5 that PZ in the surrounding 
rock is almost equal to zero for the good rock quality 
(RMR = 78) or low overburden depth values (H0 ≤ 300) 
with the lateral pressure coefficient less than 2. Also, 
Table 2 and 3 indicate that the c, d and e constants are 
very low and can be neglected for good rock quality 
(RMR = 78) and low overburden depth (i.e., H0 = 100). 
On the contrary, for high overburden depth and poor 
rock quality, these coefficients cannot be ignored and the 
resulted relationship is not linear. In this situation, PZ will 
gradually occur at the sidewall (Fig. 4) and hence a para-
bolic shape of PZ would be created (Fig. 5).

Using Eq. (1) and the coefficients given in Tables 2 and 
3, PZs were calculated for the middle point at the right 
sidewall and key points around the powerhouse. It should 
be noted that there exist no publications in the fields of 
in situ measurements regarding the complete plastic zones 
surrounding the powerhouse caverns in literatures. Thus, 
the achieved results from the current analyses were com-
pared with the corresponding plastic zones obtained from 

Fig. 2   NA model geometric layout, steps of excavation (ESi) and the state of key points (after Rajabi et al. [39])
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the numerical program. The comparison results are dem-
onstrated in Table 4. As it is observed from this Table, the 
resulted errors in the most examples are less than 13%. 
Therefore, it is concluded that the proposed equation in 
this research can be reliably applied in the most geome-
chanical conditions especially for the powerhouses with 
cross-section dimension of 33 × 52 m.

5 � Database

In artificial intelligence modeling, sufficient numbers of 
datasets are necessary. In other words, collection of suit-
able data series is the main crucial step in the processing 
of these models. However, the numbers of input–output 
datasets depend on the geometry of the understudied 

problem. Considering the complexity of practical meas-
urement of occurred PZs in the powerhouse caverns envi-
ronment, utilization of the numerical modeling results can 
be a useful database for this purpose. Accordingly, results 
of the conducted numerical analysis in the previous sec-
tion were used to create a suitable database for design-
ing and evaluating the new FIS and MVR models in this 
research. Based on the great number of numerical analysis 
calculations (1920 series), the twelve effective variables 
were regarded as input variables for PZs prediction at five 
main points surrounding the powerhouse caverns in FIS 
and MVR techniques. Descriptions of modeling param-
eters and their related signs and statistics are represented 
in Table 5. Moreover, Table 6 indicates some samples of 
datasets utilized in construction of FIS and MVR models.

Fig. 3   Occurrence of MPZ at different locations: a left sidewall of powerhouse; b powerhouse floor; c and d powerhouse right sidewall 
(RMR = 47 and 54)
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6 � Design of FIS model to determine PZs

In addition to the numerical analysis, a novel FIS model has 
been developed here in order to assess the PZs around the 
power station caverns. For determining PZs at five points 
around the power station cavern, twelve input parameters 
including tensile strength, rock mass modulus, unit weight 
of rock, lateral stress coefficient, Poisson ratio, compres-
sion strength, rock mass rating, friction angle, cohesion, 

overburden depth, crown level difference and pillar width 
were utilized.

After the definition of fuzzy model structure, the first step 
of FIS modeling, i.e., inputs and outputs fuzzification was 
performed with the help of membership functions (MFs). 
The Gaussian membership function type was selected as the 
optimum membership function on the basis of the trial and 
error (TAE) procedure. To do that, FIS models with differ-
ent types of MFs were examined based on the least amount 

Fig. 4   Occurrence of MPZ at different locations: a powerhouse floor; b powerhouse right sidewall; c powerhouse floor (RMR = 67) and d power-
house floor (RMR = 78)
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of error value. Accordingly, the MFIS model with Gaussian 
membership function concluded the minimum value of the 
possible error and thus it was selected as the best one. As a 
result, this MF type was applied to fuzzify the input/output 
variables of the suggested FIS model in this research. In 
these MFs, the fuzzy sets were categorized into three main 
classification, i.e., ‘‘Low’’, ‘‘Medium’’ and ‘‘High’’ classes.

The next step of FIS modeling is the construction of the 
powerful “rule base” including suitable and adequate fuzzy 
“if–then” rules in order to map the relationships between 
the input(s) and output(s). Discussed datasets in Sect. 4 
along with the expert knowledge were utilized to conduct 
these rules and construct the fuzzy “rule base”. Accord-
ingly, a total of 950 rules were developed for solving the 
understudied problem in this research. After the “rule base” 
construction, fuzzy decision-making should be performed 
by using an appropriate engine or algorithm. This step is 
used to merge the premise part (input) and consequent part 

(output) of fuzzy “if–then” rules to map the fuzzy results of 
the model. Here, a Mamdani algorithm (engine) was applied 
to compute the fuzzy outputs. As the result of aggregation 
process (third stage of FIS modeling) is commonly a linguis-
tic (fuzzy) value, it should be converted into a numeric/crisp 
value. This is the main object of forth step in fuzzy mod-
eling which named the defuzzification process. In this step, 
TAE approach was also used to find the best one among the 
available defuzzification methods. According to this, COA 
defuzzification approach was selected as the best/optimum 
defuzzification method to obtain the numeric output values 
of the FIS model. Now, the suggested FIS model is ready 
to provide the precise estimation of PZs around the power 
station cavern by interring the suitable input variables values 
to it. A schematic representation of FIS decision-making 
and aggregation development of PZs prediction for a spe-
cific example in MATLAB package environment is dem-
onstrated in Fig. 6. In this figure, input/output variables are 

Fig. 5   Relation of PZs at right sidewall middle point and key points 
against the lateral loading considering different depths of overburden 
and for: a B = 30, Z = − 10 m and RMR = 47 b B = 50 m, Z =+ 20 m 

and RMR = 54 c B = 40  m, Z = 0  m and RMR = 67 d B = 30  m, 
Z = 10 m and RMR = 78
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demonstrated in format of numbers in which inputs ranged 
from 1 to 12 and outputs ranged from 1 to 5 according to 
Table 5 from up to down. As can be seen from this fig-
ure, in the case that the input variable values including unit 
weight = 0.027 KN/m3, tensile strength = 0.04 MPa, Poison 
ratio = 0.27, coefficient of lateral stress = 0.7, compres-
sion strength = 13.5 MPa, rock mass modulus = 4.35 GPa, 
friction angle = 44.2°, cohesion = 1.47 MPa, overburden 
depth = 452 m, rock mass rating = 47, pillar width = 20 m 
and crown level difference = 0 have been entered to the sug-
gested FIS model, the outputs, i.e., PZ extensions at the 
middle points of roof (1), floor (2), left sidewall (3) and 
right sidewall (4) along with at the key point (5) would be 
achieved 4.13 m, 5.55 m, 6.33 m, 10.2 m and 11.7 m, respec-
tively. The fuzzy model results in this example also revealed 
that the MPZ occurred in the key point.

7 � Construction of MVR model

In this research, the relationships between the output variables, 
i.e., PZs at different points and the input variables, i.e., geo-
mechanical and geometrical parameters were established using 

the MVR method. To stabilize the standard form of the MVR 
model and a statistical equation between the inputs and outputs 
variables given in Table 5, the SPSS 24 software package was 
applied. Accordingly, the resulted coefficients for the predic-
tion of PZs at the middle points of roof, floor, left sidewall 
and right sidewall as well as at the key point were achieved 
in the form of Eqs. (2)–(6), respectively. As it is clear, only 
7 input parameters including tensile strength, unit weight of 
rock, overburden depth, rock mass rating, lateral stress coef-
ficient, crown level difference and pillar width were consid-
ered as effective parameters on PZs in statistical modeling. 
On the other hand, 5 input parameters including Poison ratio, 
compression strength, rock mass modulus, friction angle and 
cohesion were deleted from the modeling. This may be due 
to the ineffectiveness of these parameters on the outputs in 
statistical approach that are automatically omitted from the 
modeling by software. This is the main shortage of the model 
and may decrease its accuracy.

Table 2   Coefficient values of 
Eq. (1) to predict relative PZ at 
the key point

RMR H0 a b c d e

47 100 0.041366 0.043387 − 0.159169 0.030236 − 0.016299
54 0.836831 − 0.638603 − 0.099633 0.051255 0.136120
67 2.455375 − 0.857741 0.001279 0.024825 0.063936
78 1.958687 − 0.484288 − 0.017919 0.004804 0.030568
47 200 0.039610 − 0.092172 − 0.595714 − 0.046541 0.263486
54 0.150159 − 0.038376 − 0.320743 0.092187 0.035000
67 0.951480 − 0.377009 − 0.053138 0.065610 0.041232
78 1.435597 − 0.588475 − 0.020729 0.059937 0.054501
47 300 0.029445 − 0.140726 − 0.675875 − 0.313890 0.449051
54 0.134040 − 0.213643 − 0.454062 0.051725 0.223120
67 0.052311 0.266304 − 0.101842 0.057575 − 0.061343
78 0.955969 − 0.547370 0.006667 0.041301 0.066737
47 400 0.018150 − 0.113076 − 0.959509 − 0.254081 0.508593
54 0.092761 − 0.222741 − 0.624348 0.186727 0.317828
67 0.273676 0.033691 − 0.705369 0.085057 0.022706
78 0.537606 − 0.308223 − 0.097810 0.053568 0.048826
47 500 0.013433 − 0.111904 − 1.066896 − 0.352465 0.594828
54 0.080530 − 0.2594650 − 1.245527 − 0.157829 0.450324
67 0.249867 − 0.114136 − 0.723279 0.362543 0.105378
78 0.431359 − 0.258612 − 0.287305 0.013892 0.055851
47 600 0.007589 − 0.069937 − 2.461807 − 1.512148 0.658181
54 0.057590 − 0.219255 − 1.339112 − 0.147163 0.458296
67 0.247466 − 0.250343 − 0.959912 0.476535 0.219501
78 0.195430 − 0.031376 − 0.241608 0.160750 0.001676
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Table 3   Coefficient values of 
Eq. (1) to predict relative PZ 
at the middle point of right 
sidewall

RMR H0 a b c d e

47 100 0.070758 − 0.144316 − 0.038987 0.021065 0.075526
54 0.536868 − 0.486876 − 0.021349 − 0.009127 0.101533
67 1.805740 − 0.630803 − 0.015307 0.021173 0.050696
78 1.390592 − 0.343826 0.000725 − 0.010392 0.018642
47 200 0.024996 − 0.083308 0.054892 − 0.052028 0.148007
54 0.282871 − 0.419940 − 0.045115 0.002246 0.142862
67 0.679884 − 0.372993 − 0.031890 0.089094 0.047996
78 0.872507 − 0.357655 − 0.026845 0.033368 0.034914
47 300 0.026068 − 0.162023 − 0.158500 − 0.128056 0.405257
54 0.128345 − 0.252366 − 0.172541 0.194007 0.178925
67 0.539784 − 0.420511 − 0.058226 0.126609 0.076158
78 0.625684 − 0.356854 − 0.035119 0.088528 0.046514
47 400 0.014561 − 0.117725 − 0.213076 − 0.132061 0.438055
54 0.070168 − 0.197175 − 0.147008 0.307073 0.241251
67 0.567677 − 0.558188 − 0.029658 0.173880 0.122001
78 0.339932 − 0.238078 − 0.065145 0.122087 0.040565
47 500 0.008751 − 0.086915 − 0.240055 − 0.296075 0.461544
54 0.054472 − 0.201872 − 0.193933 0.337197 0.310596
67 0.424094 − 0.490167 − 0.133585 0.093543 0.154652
78 0.366075 − 0.319388 − 0.028316 0.151720 0.061611
47 600 0.006133 − 0.071567 − 0.574269 − 0.559176 0.494960
54 0.037871 − 0.169572 − 0.106206 0.186960 0.327149
67 0.185687 − 0.221525 − 0.135691 0.523072 0.131913
78 0.378919 − 0.391269 − 0.133766 0.276255 0.093717

Table 4   Comparison of the predicted PZs from Eq. (1) with the results of numerical program at the key point (MPZ) and middle point of the 
right sidewall (RSp)

Example K h (m) H (m) RMR B (m) Z (m) Real value 
MPZ (m)

Predicted 
value MPZ 
(m)

Error MPZ (%) Real 
value RSp 
(m)

Predicted 
value RS−p 
(m)

Error RSP (%)

1 0.7 52 552 47 20 − 10 20 19.31 3.4 14.581 15.6 7
2 1 52 352 47 50 − 10 10.581 10.14 4.13 9.5 8.3 12
3 1.5 52 252 47 30 0 8.98 10.1 12 4.55 5.027 10.4
4 2 52 452 47 40 10 21.1 18.46 12.5 11.8 11.14 5
5 2.5 52 652 47 40 20 24.5 27.5 12 17.5 18 2
6 0.7 52 352 54 20 − 10 5.955 6.08 2.2 3.11 3.14 1
7 1 52 652 54 50 0 8.862 8.04 9.1 6.923 7.69 11
8 1.5 52 452 54 30 0 8.548 8.17 4.4 4.68 4.96 6.1
9 2 52 252 54 40 20 8.49 8.16 3.8 2 1.855 7
10 2.5 52 452 54 50 20 16.3 16.67 2.17 12.65 10.96 13
11 2.5 52 252 67 40 0 5.671 6.42 13 2.834 2.55 9.7
12 0.7 52 652 67 40 0 5.725 5.17 9.5 3.34 3.32 0.33
13 2 52 352 67 40 20 5.9 6.2 4.9 1.389 1.37 1.5
14 2.5 52 552 78 30 − 10 6.65 7.5 12.7 3.237 3.034 6.24
15 2.5 52 452 78 20 10 6.101 5.25 13.5 2.647 2.32 12
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8 � Comparative analysis

For comparing the three suggested models, their results were 
evaluated based on the some testing datasets that were not 
utilized in the construction of models. The Testing datasets 
were utilized for comparative analysis between the predicted 
PZs form the fuzzy inference system (FIS) and multivariate 
regression (MVR) models with the results of numerical analy-
sis (NA). Moreover, comparative analysis was performed using 
the case study measurements for the verification of the three 
proposed models.

8.1 � Comparison based on the performance index

In this section, the comparative analysis of the proposed mod-
els is conducted using some powerful performance evaluation 

(2)I = 47.426 − 1078.207� + 3.785�t + 1.884K + 0.007H − 0.392RMR − 0.0B − 0.001Z,

(3)II = 62.438 − 1448.802� + 4.052�t + 3.9K + 0.011H − 0.517RMR − 0.001B − 0.006Z,

(4)III = 53.158 − 765.859� + 6.898�t + 2.057K + 0.014H − 0.674RMR − 0.00004B − 0.005Z,

(5)IV = 55.199 − 853.13� + 6.675�t + 2.188K + 0.014H − 0.66RMR − 0.012B − 0.007Z,

(6)V = 77.785 − 1474.688� + 5.768�t + 5.325K + 0.018H − 0.771RMR − 0.062B − 0.03Z.

indices including Pearson coefficient of correlation (R), nor-
malized of root mean square error (NRMSE), coefficient of 
Nash–Sutcliffe (E) and mean absolute error (MAE). The val-
ues of R and E of a model closer to 1 show the higher accuracy 
and better performance of it. On the contrary, the closer values 
of NRMSE and MAE to zero indicate the accurateness and 
superiority of a model. The above-mentioned performance 
indices are calculated as follows:

(7)R =

∑n

i=1
(xi − x̄)(yi − ȳ)

�∑n

i=1
(xi − x̄)2

∑n

i=1
(yi − ȳ)2

,

(8)NRMSE =

�∑n

i=1
(xi − yi)

�
n

x̄
,

Table 5   Statistic descriptions 
and symbols of FIS and MVR 
modeling parameters

Type Variable Sign Maximum Minimum Std dev. Var.

Input Rock unit weight (kN/m3) γ 0.028 0.026 0.000824 6.79E−07
Tensile strength (MPa) σt 1.567 0.04 0.705 0.4971
Poison ratio (−) ν 0.27 0.25 0.01 0
Coefficient of lateral stress (−) K 2.5 0.7 0.65 0.43
Compression strength (MPa) σc 54.154 13.48 17.16713 294.7102
Rock mass modulus (GPa) E 40.973 4.35 15.957 254.62
Friction angle (°) φ 56.94 44.16 5.527814 30.55673
Cohesion (Mpa) C 4.976 1.47 1.6435 2.70111
Overburden depth (m) H 652 152 169.6 28785
Rock mass rating (−) RMR 78 47 13.41 179.9
Pillar width (m) B 50 20 11.2 124
Crown level difference (m) Z 20 − 10 11.195 125.34

Output PZ in middle point of roof (m) I 14.159 0 2.89061 8.35561
PZ in middle point of floor (m) II 19.017 0 4.826364 23.29379
PZ in left sidewall middle point (m) III 21.72 0 5.2805 27.8737
PZ in right sidewall middle point (m) IV 35.01 0 5.1854 26.8884
PZ at key point (m) V 40 0 7.8028 60.884
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where xi is the ith observation (measured) value, yi is the ith 
estimated element (model output), x̄ and ȳ are the average 
values of the measured and predicted data, respectively, and; 
n indicates the datasets number.

Based on the testing data series, the above-mentioned 
indices were calculated for FIS and MVR models and for the 
Eq. (1) obtained from NM. The acquired results from these 
calculations are summarized in Table 7. As shown, the R and 
E values for FIS and NM are significantly greater than those 
values for MVR model which indicates the high accuracy of 
FIS and NM models. On the other hand, NRMSE and MAE 
values of these models are considerably lower than those 
of the MVR model. According to this comparative task, it 
is understood that the suggested FIS model and NM-based 
equation (Eq. (1)) can be successfully applied in estimating 
PZs around the power station covens with better efficiency 
compared to the MVR model. However, some of the effec-
tive input variables were automatically deleted in the MVR 
modeling that decreases its capability and reliability in the 
estimation of PZs unlike the FIS and NM modeling.

8.2 � Comparison based on the simulation results

For more assessment of the suggested models, comparative 
analysis is conducted in this section based on their simula-
tion results in the form of determination coefficient (R2). 
Relationship between the predicted PZs achieved from the 
FIS, NM and MVR models with the NA results is depicted 
in Figs. 7, 8, 9, respectively. These comparisons were con-
ducted using the testing data series that were not utilized in 
the suggested models construction. It can be concluded from 
these figures that resulted R2 from the suggested FIS and 
NM models are higher than the results of MVR approach. 
The high resulted values of R2 from the FIS and NM models 
indicate the high capability of these models in the estima-
tion of PZs around the power station caverns. However, the 
proposed MVR model could be also applied to situations in 
which relative approximation of PZs would be sufficient.  

8.3 � Comparison based on the case study 
measurements

In this section, measured parameters of some underground 
opening case studies, collected from the valid literatures, 
are used as a basis for models comparison and verification. 

(9)E = 1 −

∑n

i=1
(xi − yi)

2

�∑n

i=1
(xi − x̄)2

,

(10)MAE =

∑n

i=1
�
�(xi − yi)

�
�

n
,
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Measured properties along with the actual values of MPZ 
(value of PZ in key point) are demonstrated in Table 8. As 
an evaluation criterion, the MPZ resulted from the proposed 
models for the mentioned case studies (given in Table 8) are 
compared with the actual MPZ. Results of this comparison 
along with the resulted errors of the proposed models are 
shown in Table 9. It is obvious from this comparison that the 
results of NA and FIS proposed models are in accordance 
with the actual MPZ values and have the acceptable errors. 
This proved the capability of the proposed approaches in this 
research, i.e., NA and FIS models and their abroad applica-
tions unlike the previous available models in this field. 

9 � Parametric study

In modeling processes, parametric study or sensitivity 
analysis is commonly conducted to assess the impact of 
model input/autonomous parameters on its object/output 
parameter(s). For this purpose, the virtual influence of an 
input/autonomous parameter on the corresponding object/
output(s) was achieved by varying the intended input param-
eter and considering the fixed values for the other variables 
[47–49]. Besides, the available common methods of sensitiv-
ity analysis can be utilized. In the current paper, parametric 

Fig. 6   Schematic representation example of suggested FIS aggregation process

Table 7   Computed statistical indices for the proposed models in PZs 
prediction

Index
Model

R NRMSE E MAE

FIS PZ in roof 0.9904 0.024 0.981 0.43
PZ in floor 0.9871 0.031 0.965 0.61
PZ in left side-

wall
0.995 0.022 0.987 0.34

PZ in right side-
wall

0.9841 0.033 0.956 0.79

PZ in key point 0.997 0.012 0.984 0.28
MVR PZ in roof 0.9009 0.063 0.858 1.02

PZ in floor 0.9095 0.101 0.862 1.92
PZ in left side-

wall
0.8722 0.128 0.81 2.35

PZ in right side-
wall

0.8977 0.125 0.833 2.27

PZ in key point 0.8868 0.182 0.827 3.12
Equation (1) 

obtained from 
NM

PZ in roof – – – –
PZ in floor – – – –
PZ in left side-

wall
– – – –

PZ in right side-
wall

0.992 0.011 0.975 0.22

PZ in key point 0.998 0.007 0.989 0.13
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study was conducted based on the method of cosine ampli-
tude which is the most used sensitivity analysis approach in 
the engineering fields [50–57]. The following equation is 
generally applied to calculate the weight of the input/autono-
mous variables (rij) on the object/output(s) in this sensitivity 
analysis method.

(11)rij =

m∑

k=1

xikxjk

/√√√
√

m∑

k=1

x2
ik

m∑

k=1

x2
jk
.

In the above equation, xik is the kth input/autonomous 
parameter and xjk is the corresponded kth model object/out-
put of those input value.

Here, the influences of input variables on PZs around the 
power station cavern in the FIS model were calculated using 
the Eq. (11). The results of FIS model sensitivity analysis 
for determining PZ in different points around the power-
house are graphically demonstrated in Fig. 10. According 
to this figure, lateral stress coefficient, rock mass modulus, 
overburden depth, lateral stress coefficient and rock mass 
rating are the most effective parameters on PZ at the middle 
points of roof, floor, left sidewall and right sidewall, and at 
the key point, respectively. In contrast, the tensile strength 

Fig. 7   Relationship of actual values and predicted PZs from the FIS model



1514	 Engineering with Computers (2021) 37:1499–1518

1 3

Fig. 8   Relationship of actual values and predicted PZs from the NM model (Eq. (1))

Fig. 9   Relationship of actual values and predicted PZs from the MVR model
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was defined as the least effective parameter on PZ at all of 
the above-mentioned points.

10 � Conclusions

Estimation of PZ around the power station caverns at dif-
ferent points including middle points of roof, floor, left 
sidewall and right sidewall along with the key points was 
studied in this research. For this purpose, two new method-
ologies including NA and FIS models along with the MVR 
analysis were proposed. The following key conclusions 
can also be drawn:

•	 On the basis of the numerical analysis outputs, an opti-
mum empirical equation was extracted to determine 
PZs at the middle point of powerhouse sidewall and its 
key point.

•	 The FIS and MVR models were constructed based on the 
numerous data series resulted from the numerical experi-
ments.

•	 To evaluate the proposed models, statistical assessment 
indices including R, E, Ea, Er and NRMSE were utilized. 
Comparison results proved the higher validity of the NA 
and FIS models compared to the MVR. However, the 
MVR model can be applied to situations in which the 
relative approximation would be satisfied.

•	 Parametric study was conducted to assess the impact of 
input variables on the outputs. Accordingly, it was found 
that lateral stress coefficient, rock mass modulus, over-
burden depth, lateral stress coefficient and rock mass rat-
ing are the most effective variables on PZ at roof, floor, 
left sidewall, right sidewall and key point, respectively. 
However, tensile strength was proved as a least effective 
variable on the output at all the above-mentioned five 
points.

•	 Considering the above results, it can be concluded that 
three main findings were achieved from this research. 
Firstly, a verified numerical-based equation was devel-
oped for PZ estimation at the key points and middle point 
of the powerhouse right sidewalls. Secondly, a power-
ful worldwide FIS model was developed to predict the 
plastic zones around the caverns. Finally, plastic zones 
at roof, floor and side walls along with the key point or 
maximum plastic zone can be simultaneously estimated 
from this research outputs. This helps in obtaining the 
comprehensive knowledge of the cavern environments 
and precise designing of its related support systems.
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