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1. Introduction 
 

The unconfined compressive strength of intact rock is a 

critical parameter in the Hoek and Brown (1997, 1980, 

1983, 2002) constitutive model predicting the strength of a 

jointed rock mass. It has been shown that the unconfined 

compressive strength (UCS) depends on the intact rock’s 

mineralogical composition, texture, fabric, specimen 

geometry, and rate of loading (Barton 1973, Hawkins 1998, 

Tsiambaos and Sabatakakis 2004). The unconfined 

compressive strength of intact rock can be determined in the 

laboratory following the detailed procedures outlined by the 

International Society for Rock Mechanics (ISRM 2007) and 

the American Society for Testing and Materials (ASTM 

2016), which involve applying an increasing axial load on a 

~2.5-3.0 height to diameter cylindrical intact rock specimen 

at a stress rate of ~0.5-1.0 MPa/s up to failure. Although the 

ISRM (2007) and ASTM (2016) standards provide detailed 

guidelines for eradicating possible size, shape, and strain-

rate effects on the UCS of intact rock (Thuro et al. 2001), 

measuring the UCS in the laboratory is considered an 

elaborate destructive testing technique, requiring high-

quality intact specimen free of cracks, fissures and veins, 

which are generally difficult to obtain from already 

significantly weak, fractured, and foliated rocks samples 

retrieved from the field.  
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A viable alternative, is to correlate the unconfined 

compressive strength of intact rock with other physical and 

mechanical properties, which are relatively easier to obtain, 

such as dry density (DD), effective porosity (ne), 

compressional wave velocity (Vp), Schmidt hammer 

rebound number (Rn), and point load strength (Is(50)) 

(Tuğrul and Zarif 1999, Kahraman 2001, Yasar and Erdogan 

2004a, b, Aydin and Basu 2005, Çobanoğlu and Çelik 2008, 

Kılıç and Teymen 2008, Diamantis et al. 2009, Moradian 

and Behnia 2009, Dehghan et al. 2010, Mishra and Basu 

2013, Ng et al. 2015, Tandon and Gupta 2015, Heidari et al. 

2018). A variety of statistical analysis techniques, ranging 

from simple and multiple regression analysis to advanced 

data analysis involving artificial neural networks have been 

employed to predict the unconfined compressive strength of 

intact rock (Aggistalis et al. 1996, Armaghani et al. 2016a, 

b, Aladejare 2020, Ebdali et al. 2020, Tsiambaos and 

Sabatakis 2004, Yilmaz and Yuksek 2008, 2009, 

Khandelwal and Singh 2009, Singh et al. 2012, Momeni et 

al. 2015, Liang et al. 2016, Madhubabu et al. 2016, Li et al. 

2020, Wang et al. 2020). Whilst a significant number of 

empirical relationships for the prediction of the unconfined 

compressive strength of intact rock have been proposed in 

the literature, the empirical models were generally fitted to 

a limited number of data (less than 182 datasets) which may 

have introduced a data-specific or site-specific bias, leading 

to over-fitting and hence unreliable parameter estimations 

(Ching et al. 2017, Bozorgzadeh et al. 2020). Another 

shortcoming of the empirical equations derived using 

simple regression analysis is their inability to simulate non-

linear dependencies between input and output parameters 
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with sufficient accuracy. To this end, soft computing 

techniques such as ANN may be successfully used to 

significantly improve the prediction accuracy of the 

unconfined strength of intact rock. During the last three 

decades, metaheuristic algorithms have been extensively 

used to simulate strongly non-linear relationships between 

numerous input parameters in several disciplines, such as in 

medicine research (Asteris et al. 2020, Rahimi et al. 2021, 

Gavriilaki et al. 2021) and in structural engineering 

applications (Zeng et al. 2021, Zhang et al. 2021, Zhao et 

al. 2021). Detailed and in-depth state-of-the-art reports on 

the use of neural networks in civil engineering applications 

are reported by Adeli (2001) and Kashani et al. (2020). A 

significant number of ANN models for the prediction of the 

unconfined compressive strength of rock have been 

proposed in the literature (Yılmaz and Yuksek 2008 and 

2009, Dehghan et al. 2010, Yagiz et al. 2012, Ceryan et al. 

2013, Minaeian and Ahangari 2013,Yesiloglu-Gultekin et 

al. 2013, Yurdakul and Akdas 2013, Momeni et al. 2015, 

Armaghani et al. 2016, a, b and c, Madhubabu et al. 2016, 

Ferentinou et al. 2017, Barham et al. 2020, Ceryan and 

Samui 2020, Ebdali et al. 2020, Teymen and Menguc 2020, 

Moussas and Diamantis 2021). The aim of this paper is to 

consolidate the results from numerous non-destructive tests 

reported in the literature into a data-independent site-

independent unbiased database comprising 182 datasets, 

which was used to train and develop artificial neural 

networks for the prediction of the unconfined compressive 

strength of rock using the effective porosity, ηe, and 

compressional wave velocity, Vp, as input parameters. 

 

 

2. Research significance 
 

Predicting the unconfined compressive strength of rock 
from non-destructive tests is a viable alternative to direct 
laboratory measurements, which require high quality 
specimen free of cracks and fissures which are generally 
difficult to obtain from fractured rock samples retrieved 
from the field. Whilst a significant number of empirical 
relationships for the prediction of the unconfined 
compressive strength of rock have been proposed, the 
models were generally fitted to a limited number of data 
(less than 182 datasets), which may have introduced a data-
specific or site-specific bias leading to over-fitting and 
hence unreliable parameter estimations. The aim of this 
paper is to consolidate the results from numerous non-
destructive tests reported in the literature, into a data-
independent site-independent unbiased database comprising 
182 datasets, which was used to train and develop artificial 
neural networks for the prediction of the unconfined 
compressive strength of rock. 
 

 

3. Literature review on the available proposals for 
the unconfined compressive strength of rocks 
 

3.1 Experimental works 
 

The constitutive models predicting the strength of a 

jointed rock mass are highly nonlinear and anisotropic, and 

generally require the determination of the unconfined 

compressive strength of intact rock and of dimensionless 

strength parameters, which depend on the shape of the 

intact rock pieces and the condition of the separating block 

surfaces (Hoek and Brown 1980, 1983 and 2002, Marinos 

and Hoek 2000). The unconfined strength of intact rock 

may be obtained by either direct laboratory measurements 

or by correlating the unconfined strength of rock with the 

results from physical and mechanical index tests. In this 

research, the unconfined compressive strength of rock is 

predicted using only two input parameters, the effective 

porosity, ηe, and the compressional wave velocity, Vp. Both 

indexes are obtained from non-destructive tests, alleviating 

the need for high-quality intact specimen free of cracks, 

fissures, and veins. 

Effective porosity ηe 

Porosity is a fundamental physical property, which 

quantifies the presence of voids in the form of intergranular 

space, microfractures at grain boundaries, joints and faults 

(Franklin and Dusseault 1991). The effective porosity, ηe, 

defined as the fraction of the volume of voids that are fully 

interconnected, is calculated as 

ηe = (
𝑀𝑠𝑎𝑡−𝑀𝑑𝑟𝑦

𝑀𝑠𝑎𝑡−𝑀𝑠𝑢𝑠
 ) 𝑥100% (1) 

where Msat is the saturated mass, Msu the suspended mass, 

and Mdry the dry mass. The effective porosity ηe, may be 

measured by initially applying a vacuum and then gradually 

permeating the specimen with deaired water until it is 

completely submerged under water. The porosity of rocks if 

influenced by the grain size, packing, grain distribution, 

particle shape and degree of weathering, which may change 

the pore size distribution, pore geometry, and even result in 

new pore formation (Tugrul 2004, Chaki et al. 2008).  

Compressional wave velocity Vp 

The pulse velocity test is a non-destructive test which 

involves the propagation of compressional and/or shear 

wave velocities below the yield stress of rocks. The 

compressional wave velocity Vp is measured by propagating 

low-amplitude compressional waves between a transmitter 

and a receiver and measuring the required travel time. The 

compressional wave velocity depends on the mineralogical 

composition, texture, fabric, degree of weathering, water 

content, and density of rock (Yasar and Erdogan 2004, Kilic 

and Teymen 2008, Dheghan et al. 2010, Mishra and Basu 

2013, Momeni et al. 2015, Ng et al. 2015, Tandon and 

Gupta 2015, Heidari et al. 2018). 

 

3.2 Available proposals 
 

Interestingly, although numerous relationships have 

been proposed for the prediction of the unconfined 

compressive strength of rock using either the effective 

porosity or the compressional wave velocity as input 

parameters, only a limited number of relationships have 

been proposed using both input parameters (Table 1). The 

proposed correlations of effective porosity and compressive 

wave velocity with the unconfined compressive strength of 

rock have been proposed using simple regression analysis 

(for example, Sousa et al. 2005, Mishra and Basu 2013) and 

hierarchical Bayesian modelling (Ng et al. 2015). The 

proposed relationships span the very-low- to low-porosity  
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range (ne = 0.05-7.23). The unconfined compressive 

strength of rock is generally proposed to reduce 

logarithmically with increasing effective porosity, whereas 

linear exponential and power relationships have been 

generally proposed for the correlation of the compressive 

wave velocity and unconfined compressive strength. The 

unconfined compressive strength of granite spans the weak 

to very-strong range (ISRM 2007). 
 

 

4. Materials and methods 
 

4.1 Artificial neural networks 
 

This section presents the underlying principles and 

constitutive modeling rules underpinning artificial neural 

networks. ANNs are advanced numerical models mimicking 

the structure and interaction of biological neural networks. 

At present, most neural network models presented in the 

literature are structured using coarse elements of the 

biological neural networks, and in this context it is expected 

that artificial neural network models will in the future be 

refined as the functions underpinning biological neurons 

advance. 

Artificial neural networks are robust soft computing 

models which can simulate complicated non-linear 

associations between a series of input and output parameters 

(Hornik et al. 1989, Samui 2008, Das et al. 2011, Samui 

and Kothari 2011, Asteris and Plevris 2013 and 2016, Nikou 

et al. 2016, 2017 and 2018, Asteris and Kolovos, 2017, 

Asteris et al. 2017, Cavaleri et al. 2017, Psyllaki et al. 

2018, Apostolopoulou et al. 2018, 2019 and 2020, 

Kechagias et al. 2018, Armaghani et al. 2019, Asteris and 

Mokos 2019, Cavaleri et al. 2019, Chen et al. 2019, Xu et 

al. 2019). In this research, back-propagation neural 

networks (BPNNs) were trained and developed for the 

prediction of the unconfined compressive strength of 

granite. A BPNN is a feed-forward, multilayer network  

 

 

(Hornik et al. 1989), in which information flows only from 

the input towards the output nodes with no feedback loops, 

while the neurons of the same layer are not interconnected 

with each other but are connected with all the neurons of 

the previous and subsequent layer. The architecture of a 

BPNN can be expressed as 

N − H1 − H2 −∙∙∙ −HNHL − M (2) 

where N is the number of input neurons (input parameters), 

Hi is the number of neurons in the ith hidden layer for i =1, 

…, NHL, NHL is the number of hidden layers, and M is the 

number of output neurons (output parameters). 

Despite the fact that the majority of researchers 

employing ANN techniques use multilayer NN models, 

ANN models comprising only one hidden layer can predict 

any forecast problem in an equally reliable and robust 

manner. 

A typical structure of a single node (with the 

corresponding R-element input vector) of a hidden layer is 

presented in Fig. 1. 

For each neuron i, the individual element inputs  

 

 

 

Fig. 1 Architecture of a neuron with a single input vector 
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Table 1 Available proposals correlating effective porosity and compressional wave velocity with the unconfined 

compressive strength of granite 

Empirical relationship Equation Method Reference 
Range of parameters 

ne vp UCS 

UCS=124.28 ne 
-0.56 (2) RA Sousa et al. (2005) 0.6-3.7 - 60-200ΜPa 

UCS=0.004Vp1.247 (3) RA Sousa et al. (2005) - 2500-5900m/s 60-200ΜPa 

UCS=0.0407Vp-36.31 (4) RA Vasconcelos et al. (2008) - 1956-4804m/s 35.2-159.8ΜPa 

UCS=0.087Vp-355.8 (5) RA Mishra and Basu (2013) - 5500-6400m/s 17.55-198.15MPa 

UCS=228.2e(-1.98ne) (6) RA Mishra and Basu (2013) 0.05-0.4 - 17.55-198.15MPa 

UCS= -17.88ln(ne)+60.22 (7) BHM Ng et al. (2015) 0.52-7.23 - 20.3-112.9MPa 

UCS=8.17e0.0004Vp +3.93 (8) BHM Ng et al. (2015) - 1160-5935m/s 20.3-112.9MPa 

UCS=6.32e0.0004Vp -9.6ln(ne)+20.5 (9) BHM Ng et al. (2015) 0.52-7.23 1160-5935m/s 20.3-112.9MPa 

UCS=0.0218Vp-15.421 (10) RA Armaghani et al. (2016a) - 2823-7943m/s 39-211.9MPa 

UCS=26.449e0.0003Vp (11) RA Armaghani et al. (2016a) - 2823-7943m/s 39-211.9MPa 

UCS=0.005Vp1.141 (12) RA Armaghani et al. (2016a) - 2823-7943m/s 39-211.9MPa 

UCS=103.98ln(Vp)-788.890 (13) RA Armaghani et al. (2016a) - 2823-7943m/s 39-211.9MPa 

RΑ: Regression Analysis; BHM: Bayesian Hierarchical Modelling 
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p1, … , pR  are multiplied with the corresponding weights 

wi,1, … , wi,R  and the weighted values are fed to the 

junction of the summation function, where the dot product 

(W ∙ p) of the weight vector W = [wi,1, … , wi,R] and the 

input vector p = [p1, … , pR]T is generated. The threshold b 

(bias) is added to the dot-product forming the net input n, 

which is the argument of the transfer function ƒ: 

n = W ∙ p = wi,1p1 + wi,2p2 + … + wi,RpR + b (3) 

The choice of the transfer (or activation) function ƒ may 

significantly influence the complexity and performance of 

ANN. Although sigmoidal transfer functions are the most 

commonly used, different types of functions are available. 

For example, Bartlett (1998) and Karlik and Olgac (2011) 

proposed a significant number of alternative transfer 

functions. In this research, the Logistic Sigmoid and the 

Hyperbolic Tangent transfer functions were considered to 

be more suitable for the specific research topic. During the 

training phase, the training data are fed into the network 

which gradually builds correlations between the input and 

the output values. This correlation is achieved by adjusting 

the weights in order to minimize the following error 

function 

E = ∑(xi − yi)
2 (4) 

where xi  and yi  are the measured values and the 

prediction of the network, respectively, within an 

optimization framework. 

In this research, an in-depth investigation was carried 

out based on (i) a plethora of different architectures, and (ii) 

ten different activation functions which will be presented 

and discussed in a following section. This resulted in 100 

(1010) different combinations being applied during the 

training and development stage of the BPNNs. 

 

4.2 Experimental database 
 

It should be noted that the term “sufficient amount of 

data” does not necessarily imply a high amount of data, but 

rather datasets that cover a wide range of combinations of 

input parameter values, thus assisting in the model 

capability to simulate the problem. The demand for a 

reliable database is particularly crucial in the case of 

experimental databases, which are databases which are 

compiled using experimental results. In this case, 

significant deviations between experimental values are 

frequently noticed, not only between experiments 

conducted by different research teams and laboratories, but 

even between datasets derived from experiments conducted 

on specimens of the same synthesis, produced by the same 

technicians, cured under the same conditions and tested 

implementing the same standards and the same testing 

instruments. 

In light of the above discussion, an experimental 

database comprising 182 datasets was compiled from the 

following research papers reported in the literature (Tuğrul 

and Zarif 1999, Mishra and Basu 2013, Ng et al. 2015). 

Table 2 presents in detail the number of samples and the 

range of unconfined compressive strength for each one  

Table 2 Data from experiments published in literature 

Reference 
Number of 

Samples 

Unconfined Compressive 

Strength UCS in MPa 

Tuğrul and Zarif (1999) 19 109.17-193.33 

Mishra and Basu (2013) 18 91.48-198.15 

Ng et al. (2015) 145 20.30-112.90 

Total 182 20.30-198.15 

 

Table 3 Correlation matrix of the input and output variables 

Variable Input Output 

Input 
ne % 1,00   

Vp -0.62 1.00  

Output UCS -0.58 0.81 1.00 

 

Table 4 The input and output parameters used in the 

development of soft computing model for the prediction of 

unconfined compressive strength of rock 

Variable Symbol Units Category 
Statistics 

Min Average Max STD 

Effective 
Porosity 

ne % - Input 0.06 1.67 7.23 1.47 

Compressional 

Wave Velocity 
Vp m/s Input 1160.00 4611.79 6690.00 985.18 

Unconfined 
Compressive 

Strength UCS 

UCS MPa Output 20.30 73.56 198.15 43.87 

 

 

experimental work used for the compilation of the database 

which will be used for the development and training of soft 

computing model such as artificial neural networks. Each 

dataset comprises two input parameters (effective porosity, 

ne and compressional wave velocity, Vp) and the 

unconfined compressive strength (UCS) as the output 

parameter. Dry specimens were used to measure the 

compressional wave velocity and unconfined compressive 

strength, eradicating any water content effects (Tuğrul and 

Zarif 1999, Mishra and Basu 2013, Ng et al. 2015). Table 3 

presents the correlation matrix of the input and output 

parameters while Table 4 shows the minimum average and 

maximum values, as well as the standard deviation of the 

input and output parameters respectively. The histograms 

for each of the input and output parameters presented in 

Fig. 2 shows that the consolidated database spans the very 

weak to strong rock range (Goudie 2006).  

 

4.3 Sensitivity analysis of the unconfined 
compressive strength of the experimental database 

 

A sensitivity analysis identifies which input parameters 

have an insignificant effect on the predicted output 

parameter, so as to remove them from the analysis, thus 

reducing the input space and complexity of the model 

together with the required training time. In this research, a 

sensitivity analysis was performed using the cosine 

amplitude method (CAM) which has been used by 

numerous researchers (Armaghani et al. 2015, Momeni et 

al. 2015, Khandelwal et al. 2016, Zeng et al. 2021). In  
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CAM, data pairs may be used to construct a data array, X, 

as follows: 

X = {x1, x2, x3, … , xi, … , xn} (5) 

Variable xi in array X is a length vector of m expressed 

as: 

xi = {xi1, xi2, xi3, … , xim} (6) 

The relationship between Rij (strength of the relation) 

and datasets of xi and xj may be expressed as: 

Rij =
∑ xikxjk

m
k=1

√∑ x2
ik ∑ x2

ik
m
k=1

m
k=1

 (7) 

 
 

The Rij  values of the compressive strength and the 

input parameters are shown in Fig. 3. The results show that 

the compressional wave velocity registered a strength index 

of 0.92 and had a higher influence on the unconfined 

compressive strength of granite as compared to the effective 

porosity which registered a relative strength index of 0.45. 

 

4.4 Performance indexes 
 

Three different statistical performance indexes were 

used to assess the performance of the ANN models 

including the root mean square error (RMSE), the mean 

absolute percentage error (MAPE), and the Correlation  

  

  

  

Fig. 2 Histograms of the input and output parameters 
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Fig. 3 Sensitivity analysis of the unconfined compressive 

strength on input parameters based on the experimental 

database 
 

 

Coefficient (R2). Lower RMSE and MAPE values 

indicate more accurate predictions (a null value indicates a 

perfect fit), while higher R values indicate a better fit 

between the measured and predicted values (a zero value 

indicates no fit, and a unit value indicates a perfect fit). The 

aforementioned statistical parameters have been calculated 

using the following expressions (Alavi and Gandomi 2012): 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑(𝑥𝑖 − 𝑦𝑖)

2

𝑛

𝑖=1

 (8) 

𝑀𝐴𝑃𝐸 =
1

𝑛
∑|

𝑥𝑖 − 𝑦𝑖

𝑥𝑖
|

𝑛

𝑖=1

 (9) 

𝑅2 = 1 − (
∑ (𝑥𝑖 − 𝑦𝑖)

2𝑛
𝑖=1

∑ (𝑥𝑖 − 𝑥̅)2𝑛
𝑖=1

) (10) 

where, n denotes the total number of datasets, and xi and 

yi represent the predicted and target values, respectively. 

The reliability and accuracy of the developed neural 

networks were evaluated using R2 and RMSE. RMSE 

presents information on the short-term efficiency, which is a 

benchmark of the difference of predicated values in relation 

to the experimental values. R2 measures the variance that is 

interpreted by the model, which is the reduction of variance 

when using the model. It should be noted that, amongst the 

statistical indexes available, the majority of researchers use 

the R2 in order to evaluate the effectiveness of the 

developed computation model. R2 is a measure of the linear 

correlation between two variables X and Y. For forecasting 

models, such as neural network models, X and Y represent 

the measured and predicted values, respectively. According 

to the Cauchy–Schwarz inequality (Wu and Wu 2009), the 

coefficient R has a value between +1 and −1. The further 

away R is from zero, the stronger the linear relationship is 

between the two variables. The sign of R corresponds to the 

direction of the relationship. If R is positive, then as one 

variable increases, the other variable tends to increase. If R 

is negative, then as one variable increases, the other 

variable tends to decrease. A perfect linear relationship (R = 

–1 or R = +1) means that one of the variables can be 

perfectly expressed as a linear function of the other. As 

aforementioned, the reliability of a model’s forecasting 

ability increases as the R2 value approaches the unit value. 

Despite the fact that this index is widely used by the 

majority of researchers, it is in fact the most unreliable 

amongst the available statistical indices. 

When two forecasting models present different R 

values, as well as different slope values, comparison 

between the models is impossible. Even more so, when 

evaluating neural networks developed through different 

architectures. Therefore, the a20-index, has been recently 

proposed (Apostolopoulou et al. 2019 and 2020, Asteris and 

Mokos 2019, Armaghani et al. 2020, Armaghani and Asteris 

2020, Asteris et al. 2020) for assessing the developed soft 

computing techniques reliability:  

a20 − index =
m20

M
 (11) 

where, M is the number of dataset sample and m20 is the 

number of samples with a value of (experimental 

value)/(predicted value) ratio, between 0.80 and 1.20. Note 

that for a perfect predictive model, the values of a20-index 

values are expected to be the unit value. The proposed a20-

index has the advantage of a physical engineering meaning, 

as it shows the amount of samples that satisfy the predicted 

values with a deviation of ±20%, compared to experimental 

values. 

 

4.5 Methodology 
 

Numerous ANN architectures correlating the effective 

porosity and the compressional wave velocity with the 

unconfined compressive strength of intact rock were 

investigated. The various ANN were ranked using the 

performance indexes presented in the previous section and 

the optimum ANN should minimize any overfitting issues. 

The architecture of the trained and developed ANN used in 

this research will not be limited to the following three 

commonly-used transfer functions Hyperbolic Tangent 

Sigmoid transfer function (HTS), Log-sigmoid transfer 

function (LS), and Linear transfer function (Li). In this 

study, a total of 10 functions is used in each hidden layer, 

resulting in NNs comprising one hidden layer with 100 

(1010) different structures for each developed architecture 

of ANNs. Four different normalization techniques were 

applied to both input and output parameters. 
 

 

5. Results and discussion 
 

5.1 Development and training of ANN models 
 

A number of normalization techniques and transfer 

functions for the training and development of BPNN were 

investigated (Table 5). Typical architectures for each 

normalization technique and the predictive performance of 

each model when only the testing datasets are used is 

presented in Table 6. The results show the significance of 

the employed transfer functions on the prediction accuracy 

of the models. For example, BPNN2-6-1, comprises only 6 

neurons and has a better prediction accuracy in terms of 

both R and RMSE than BPNN 2-20-1 which comprises 20 

neurons, but utilizes different transfer functions. 

322



 

Predicting the unconfined compressive strength of granite using only two non-destructive test indexes 

 

 

Table 5 Training parameters of ANN models 

Parameter Value 

Training Algorithm Levenberg-Marquardt Algorithm 

Normalization 

Minmax in the range 0.10 – 0.90 

Minmax in the range -1.00 –10.90 
Zscore 

Number of Hidden Layers 1 

Number of Neurons per Hidden Layer 1 to 20 by step 1 

Control random number generation 10 different random generation 

Training Goal 0 

Epochs 250 

Cost Function 
Mean Square Error (MSE) 
Sum Square Error (SSE) 

Transfer Functions 

Hyperbolic Tangent Sigmoid transfer function (HTS) 

Log-sigmoid transfer function (LS) 
Linear transfer function (Li) 

Positive linear transfer function (PLi) 

Symmetric saturating linear transfer function (SSL) 
Soft max transfer function (SM) 

Competitive transfer function (Co) 

Triangular basis transfer function (TB) 
Radial basis transfer function (RB) 

Normalized radial basis transfer function (NRB) 

Table 6 Best Architectures for each normalization technique based on the RMSE using only the testing datasets 

Case Normalization Technique Cost Function 
Transfer Function 

Architecture 
Performance Indexes 

Hidden Layer Output Layer R RMSE 

I no ‘MSE’ HTS PLi BPNN 2-20-1 0.9660 11.8544 

II minmax [0.10, 0.90] ‘SSE’ SSL RB BPNN 2-14-1 0.9657 11.8711 

III minmax [-1.00, 1.00] ‘SSE’ NRB HTS BPNN 2-6-1 0.9695 11.3454 

IV zscore ‘SSE’ TB Li BPNN 2-17-1 0.9722 10.6871 

HTS : Hyperbolic Tangent Sigmoid transfer function (HTS); PLi : Positive linear transfer function; Li :Linear transfer 

function; SSL : Symmetric saturating linear transfer function; RB : Radial basis transfer function; NRB : Normalized 

radial basis transfer function; TB : Triangular basis transfer function (TB) 

 

Fig. 4 Architecture of the optimum BPNN 2-17-1 model 
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5.2 Optimum ANN model 
 

The BPNN2-17-1 has the highest prediction accuracy of 

all the PBNNs developed in this research. The architecture 

of the BPNN2-17-1 model is presented in detail in Fig. 4.  
 

 

 

 

BPNN2-17-1 correlates the unconfined compressive 

strength of granite with the effective porosity and 

compressional wave velocity using 17 hidden neurons. A 

triangular basis transfer function (TB) was used as a hidden 

layer and a Linear transfer function as an output layer. Table 
 

 

 

Table 7 Summary of prediction capability of the optimum 2-17-1 BPNN 

Model 
Data 

sets 

Performance Indices 

a20-index R RMSE MAPE VAF 

BPNN 2-17-1 

Training 0.7377 0.9600 12.7009 0.1424 91.8016 

Testing 0.7000 0.9722 10.6871 0.1297 94.4739 

All 0.6923 0.9551 13.1690 0.1533 90.9455 

  

 
  

  

Fig. 5 Experimental vs predicted values of the unconfined compressive strength based on the optimum BPNN 2-17-1 
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7 shows that during the training stage BPNN 2-17-1 
predicts the unconfined compressive strength of granite 
with less than ±20% deviation from the experimental 
datafor 73.77% of the specimen, and when all the data are 
included in the simulation the prediction accuracy reduces 
slightly to less than ±20% deviation from the experimental 
data for 69.23% of the specimen. Moreover, the 
Experimental vs Predicted values of the Unconfined 
Compressive Strength based on the Optimum BPNN 2-17-1 
can be seen in Fig. 5. 
 

5.3 Proposed explicit equation based on the optimum 
ANN model 

 

In most previous studies investigating the training and 
development of artificial neural networks, the final values 
of ANN weights and biases were generally not reported. 
Therefore, it is challenging for other researchers and 
practicing engineers to reproduce the results, which renders 
the applicability of the reported models limited. To address 
this issue, this research presents the (quantitative) values of 
weights, so that the proposed ANN scheme can be readily 
implemented in a spreadsheet and be accessible to everyone 
interested in the procedure of simulation.  

This section presents the closed form of the explicit 
equations for the prediction of the unconfined compressive 
strength of granite. It is not convenient for 
engineers/researchers to use machine learning models in 
practice, because such a “black-box” model comprises 
weights and biases, together with activation functions. 
Thus, explicit equations based on the developed back 
propagating neural network should be derived for a direct 
and efficient application. The proposed equation for the 
prediction of the unconfined compressive strength (UCS) of 
granite using the effective porosity, 𝑛𝑒 , and the 
compressional wave velocity, 𝑉𝑝, as input parameters may 
be expressed as the following matrix: 

UCS =  𝑝𝑢𝑟𝑒𝑙𝑖𝑛([𝐿𝑊][𝑡𝑟𝑖𝑏𝑎𝑠([𝐼𝑊] × [𝐼𝑃] + [𝑏𝑖])] + [𝑏0])+  (12) 

 

 

where purelin is the Linear transfer function and tribas is 

the Triangular basis transfer function. [IW]  is a 17×2 

matrix containing weights of the hidden layer; [LW] is a 

1×17 vector containing weights of the output layer; [𝐼𝑃] is 

a 2×1 vector of the 2 Input Parameters, [bi] is a 17×1 

vector containing the bias of the hidden layer; and [b0] is a 

1×1 vector containing the bias of the output layer.  =
43.87 is the standard deviation of the unconfined 

compressive strength, and  = 73.56 is the mean value of 

the unconfined compressive strength.  

The [IW] may be expressed as: 

[𝐼𝑊] =

[
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
−1.1616 −0.9250
0.1198 −1.5096

−0.6893 −0.1715
2.0211 −0.1195

−0.3689 −0.1197
−1.5842 −1.0645
−2.0658 0.1307
0.1764 −2.3631
0.3787 −1.5379
4.1071 −1.0021
−3.3187 5.8188
0.4035 −0.7106

−0.7891 −0.0460
0.2340 1.2602
0.2184 1.1279

−0.2534 1.0124
0.6060 −0.3457 ]

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

  (13) 

while the [LW], [bi] and [b0] may be expressed as: 

[𝐿𝑊]𝑇 =

[
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

0.5447
0.8552
0.4399
0.2139
0.5603
0.3870
0.4493
0.1288
0.0864
0.0057

−0.7554
0.9357

−1.2383
−0.8806
0.8791

−0.3782
3.8834 ]

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

  [𝑏𝑖] =

[
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

4.7483
3.9381
1.6015

−4.7763
−0.6939
0.3317
3.2438

−2.7696
−1.0645
−1.8088
−5.8411
−0.0059
−1.4957
0.1162
0.0485

−0.2969
1.2307 ]

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

  (14) 

Table 8 Ranking of the prediction accuracy of the optimum BPNN-2-17-1 model and typical analytical solutions 

proposed in the literature based on a20-index and testing datasets 

Ranking Model Equation Method 
Performance Indexes 

a20-index R RMSE 

1 BPNN 2-17-1 24 BPNN 0.7000 0.9722 10.6871 

2 Ng et al. (2015) 8 BHM 0.5667 0.9293 31.5866 

3 Ng et al. (2015) 9 BHM 0.5667 0.9298 27.7717 

4 Ng et al. (2015) 7 BHM 0.4667 0.7958 35.9029 

5 Mishra and Basu (2013) 5 RA 0.3333 0.8423 55.0519 

6 Mishra and Basu (2013) 6 RA 0.3000 0.8379 38.7182 

7 Armaghani et al. (2016a) 11 RA 0.2333 0.9135 42.6706 

8 Armaghani et al. (2016a) 13 RA 0.1667 0.7663 33.7077 

9 Armaghani et al. (2016a) 12 RA 0.1667 0.8516 31.9605 

10 Sousa et al. (2005) 2 RA 0.1000 0.8175 84.7516 

11 Armaghani et al. (2016a) 10 RA 0.1000 0.8423 32.6020 

12 Sousa et al. (2006) 3 RA 0.0667 0.8583 79.5723 

13 Vasconcelos et al. (2008) 4 RA 0.0667 0.8423 82.0170 

BPNN: Back Propagation Neural Network; BHM: Bayesian Hierarchical Modelling; RΑ: Regression Analysis 
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[𝑏0] = [−1.3712] (15) 

The [𝐼𝑃] vector of the 2 Input Parameters (porosity 

𝑛𝑒, and the pulse velocity 𝑉𝑝 ) may be expressed as 

[𝐼𝑃] =

[
 
 
 

(𝑛𝑒 − 1.67)

1.47
(𝑉𝑝 − 4611.79)

985.18 ]
 
 
 

 (16) 

 

5.4 Comparison of the proposed model with other 
available proposals 

 

Table 8 compares the prediction accuracy of the BPNN 
2-17-1 developed in this research with a number of 
available equations reported in the literature. The various 
models are ranked based on their a20-index for the case of 
testing datasets, but the performance of the Pearson 
correlation coefficient R and the RMSE is also presented. 
The results show that the BPNN 2-17-1 outperforms all the 
available models regardless of which performance index is 
used. The results also raise interesting questions with 
regards to the suitability of the Pearson correlation 
coefficient in assessing the prediction accuracy of models. 
For example although the Pearson correlation coefficient of 
the BPNN-2-17-1 and the Vasconcelos et al. (2008) model 
differ by only 15%, the BPNN 2-17-1 model predicts the 
UCS of granite with less than ±20% deviation from the 
experimental data for 70% of the specimen, whereas the 
Vasconcelos et al. (2008) model predicts the UCS of granite 
with less than ±20% deviation from the experimental data 
for only 6.67% of the specimen. 
 

 

6. Conclusions 
 

The aim of this research was to outperform the 

predictive accuracy of the models currently available in the 

literature, which use the effective porosity and/or the 

compressional wave velocity as the only input parameters 

for the prediction of the unconfined compressive strength of 

granite. To this end, a series of BPNN using various 

normalization techniques and transfer functions were 

trained and developed. The following main conclusion may 

be drawn: 

• The BPNN2-17-1 developed in this research provides 

a more accurate prediction of the UCS of granite as 

compared to the predicted UCS proposed by the Sousa et al. 

(2005), Vasconcelos et al. (2008), Mishra and Basu (2013), 

Ng et al. (2015), Armaghani et al. (2016a) models, 

regardless of which performance index is used (a-20, R, 

RMSE).  

• The BPNN2-17-1 predicts the unconfined compressive 

strength of weak to very strong granites ranging between 

20.3-198.15 MPa with less than ±20% deviation from the 

experimental data for 70% of granite specimens.  

• The results raise interesting questions with regards to 

the suitability of the Pearson correlation coefficient, R, in 

assessing the prediction accuracy of the models. For 

example, although the Pearson correlation coefficient of the 

BPNN-2-17-1 and the Vasconcelos et al. (2008) model 

differ by only 15%, the BPNN 2-17-1 model predicts the 

UCS of granite with less than ±20% deviation from the 

experimental data for 70% of the specimen, whereas the 

Vasconcelos et al. (2008) model predicts the UCS of granite 

with less than ±20% deviation from the experimental data 

for only 6.67% of the granite specimen. 

• To illuminate the “black box” of the developed 

BPNN2-17-1, the final values of the ANN weights and 

biases are presented as a closed form equation (24), which 

can be used as a basis to refine the accuracy of the BPNN2-

17-1 over an extended database. 
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ANN(s) Artificial Neural Network(s) 

BHM Bayesian Hierarchical Modelling 

BPNN Back Propagation Neural Network 
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Co Competitive transfer function 

GP Genetic Programming 

CS Compressive Strength 

HTS Hyperbolic Tangent Sigmoid transfer function 

Li Linear transfer function 

LS Log-Sigmoid transfer function 

MAPE Mean Absolute Percentage Error 

MSE Mean Square Error 

NN(s) Neural Network(s) 

NRB Normalized Radial Basis transfer function 

ne Effective porosity 

PLi Positive Linear transfer function 

R Pearson correlation coefficient 

RB Radial Basis transfer function 

SM Soft Max transfer function 

SSE Sum Square Error 

SP Superplasticizer 

SSL Symmetric Saturating Linear transfer function 

TB Triangular Basis transfer function 

UCS Unconfined Compressive Strength 

Vp Pulse velocity 
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