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1. Introduction 
 

Rocks are composed of different minerals component 

which makes it inhomogeneous and as a result, it exhibits 

wide range of variations in its properties. The rock 

properties can generally be physical or mechanical. These 

properties are required in both preliminary and detail 

designs of surface and underground mine including civil 

engineering excavations. For example, the stability of the 

rock slope, underground excavations, tunnels, dams, 

trenches, and caverns are based on rock properties 

(Khandelwal and Singh 2009). However, field engineers are 

usually faced with difficulties in assessing the properties of 

the rock. This is because the time, cost, accuracy, and 

expertise required to perform the experiments specifically 

for determination of mechanical properties are too high. As 

a result, there is large dependence on the estimation of rock 

mechanical properties to perform preliminary designs in 

civil and mining engineering applications.   
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Researchers have proposed numerous empirical models 

to predict the mechanical properties of rocks using physical 

properties (such as density, porosity, Schmidt rebound 

hardness etc.), mechanical properties (such as point load 

index, tensile strength, single compression strength index 

etc.) or combination of both (Aladejare et al. 2021). Some 

of the existing empirical equations for estimating the 

properties of sedimentary rocks are presented in Table 1. 

The equations are either one parameter or multi parameter-

based equations. The most commonly measured or 

estimated mechanical properties of the rock is the uniaxial 

compressive strength (UCS) because it is largely required in 

civil and mining excavation design and also in rock mass 

classification systems such as rock mass rating (RMR) and 

Q-System meant to characterize the rocks for their 

suitability or stability (Aladejare 2020). The deformation 

properties of the rock such as Young’s modulus is another 

important rock property that are required in performing 

various rock analysis, such as numerical modelling for the 

assessment of the stability of the excavations. The Young’s 

modulus could either be static or dynamic but the empirical 

model for assessing the dynamic Young’s modulus is scarce 

because of its dependent on the shear wave velocity which 

is difficult to measure (Aladejare et al. 2021). 

Apart from the empirical models, soft computing 

techniques such as ANN, support vector regression (SVR), 

Fuzzy inference system (FIS), adaptive neuro fuzzy 

inference system (ANFIS), genetic programming (GP), 

particle swarm optimized ANN (PSO-ANN), imperialist 

competitive algorithm optimized ANN (ICA-ANN) and  
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Abstract.   Rock properties are important in the design of mines and civil engineering excavations to prevent the imminent 

failure of slopes and collapse of underground excavations. However, the time, cost, and expertise required to perform 

experiments to determine those properties are high. Therefore, empirical models have been developed for estimating the 

mechanical properties of rock that are difficult to determine experimentally from properties that are less difficult to measure. 

However, the inherent variability in rock properties makes the accurate performance of the empirical models unrealistic and 

therefore necessitate the use of soft computing models. In this study, Gaussian process regression (GPR), artificial neural 
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the P-wave and rock density. The outcome of the study showed that GPR produced more accurate results than the ANN and 

RSM models. GPR gave the correlation coefficient of above 99% for all the three properties predicted and RMSE of less than 5. 

The detailed sensitivity analysis is also conducted using the RSM and the P-wave velocity is found to be the most influencing 

parameter in the rock mechanical properties predictions. The proposed models can give reasonable predictions of important 

mechanical properties of sedimentary rock. 
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gene expression programming (GEP) have also been used to 

predict the mechanical properties of rocks or sandy soil 

(Yilmaz and Yuksek 2009, Majdi and Beiki 2010, Mohamad 

et al. 2015, Armaghani et al. 2015, 2016, 2018, 2021, 

Aboutaleb et al. 2018, Mohamad et al. 2018, Heidari et al. 

2018, Ren et al. 2019, Luat et al. 2020, etc.). The 

performance of the soft computing (SC) model has been 

largely more accurate than the empirical model. Unlike the 

other aspects of mining engineering such as ground 

vibration prediction where Moth-flame optimized ANN 

(MFO-ANN), sine-cosine algorithm optimized ANN (SCA-

ANN), Gaussian process regression (Lawal et al. 2021a, b) 

etc SC methods have been used, many SC methods are yet 

to be used in assessing the properties of rock and hence 

there is a need to try new techniques. This is because 

accurate assessment of the rock properties is required to 

avoid failure of rock engineering structures. 

The study presented herein novel SC methods such as 

GPR and ANN together with response surface method 

(RSM) to estimate the static and dynamic properties of the 

sedimentary rock based on the experimental datasets 

obtained from a literature. The P-wave velocity (Vp) and 

density were used to develop the models for predicting the 

static and dynamic Young’s moduli and UCS of different 

types of sedimentary rock. The reason for selecting these 

two parameters is to generate the models that can be easily 

used for quick assessment of the rock properties as Vp and 

density are not tedious to be determined in the laboratory. 

The adopted modelling techniques (such as GPR and RSM) 

have not been used by any of the previous investigators to  

 

 

simultaneously predict key rock properties from density and 

Vp to the best of the knowledge of the authors. Hence, 

reliable models for estimating rock properties are proposed. 

Detailed sensitivity analysis is also conducted using the 

RSM method performed in Minitab software. Therefore, the 

remaining section of the paper is structured in such a way 

that the overview of the adopted methods is first presented 

as sub-section under the introduction and thereafter, 

description of the data source and procedures used in 

developing the models are presented. This section is 

followed by the results and discussion section and thereafter 

the concluding remark. 

 

1.1 Overview of the SC models 
 

1.1.1 Gaussian process regression (GPR)  

Gaussian process regression is a nonparametric 

probabilistic based model that can predict a response 

variable from a number of variables after undergoing 

training. This method has been described to be flexible and 

fully probabilistic by Rasmussen and Williams (2006). As a 

result, it has been applied in various fields of science and 

engineering. The probability of the outcome to be predicted 

is mapped in GPR model by utilizing the mean vector and 

covariance matrix. Taking the mean of a distribution as μ 

and σ2 as the variance, then the probability of the outcome 

is given as in Eq. (1) for a typical squared exponential 

function (Bisoyi and Pal 2020). However, Eq. (1) will 

change for different kernels based on the variation in the 

covariance function. 

Table 1 Empirical models for estimating rock properties 

S/N Relationship 
No of 

data 
R2 Rock types Reference 

1 UCS=0.1333Vp-227.19, MPa 12 0.96 Sed 
Khandelwal and Singh 

(2009) 

2  -9560.57/( )
142.47 pV

UCS e


  , MPa 64 0.75 Sed Moradian and Behnia (2009) 

3 UCS=17.6 Is(50) + 13.5, MPa 7 0.88 Sed Aliyu et al. (2019) 

4 UCS=-6.319+4.418×10-3Vp+0.427γ, MPa 19 0.95 Sed Dinçer et al. (2008) 

5 UCS=-127.49+34.57ρ+0.022Vp, MPa 18 0.86 Sed Jamshidi et al. (2018) 

6 UCS=0.0465N2-0.1756 N+27.682, MPa 41 0.86 Sed Torabi et al. (2010) 

7 UCS=3Vp
4Vs

-2.85, MPa 46 NA Sed Uyanik et al. (2019) 

8 UCS=0.121SCSI-7.462D+63.98, MPa 10 0.66 Sed 
Ashtari et al. (2019) 

(D = 3-10mm) 

9 UCS=0.476PD-0.017CC-0.049Q+0.065, MPa 138 0.53 Sed (Sandstones) Zorlu et al. (2008) 

10 UCS=13.244Is(50)+0.013Vp-16.987, MPa 40 0.95 Sed (Marlstone) Azimian et al. (2014) 

11 
UCS=1.277N+2.186BPI+16.41Is(50)+0.011Vp-

82.436, MPa 
108 0.91 Sed Heidari et al. (2018) 

12 UCS=0.035Vp+3.158Id2-0.954ρ-342.729, MPa 94 0.94 Mix Sharma et al. (2017) 

13 UCS=-229+3.74N+76.2ρ-3.24n, MPa 93 0.90 Mix Majdi and Rezaei (2013) 

14 
UCS=1.277N+2.86BPI+16.41Is(50)+0.011Vp-

82.436, MPa 
53 0.91 Sed Jalali et al. (2017) 

15 
UCS=34.186DD+0.838Id2+2.308BTS-109.184, 

MPa 
47 0.93 Sed Armaghani et al. (2018) 

UCS-uniaxial compressive strength, ρ-density, Vp-P-wave velocity, Vs- S-wave velocity, Is(50)- Point load strength, N- Schmidt hardness 

number, SCSI- single compressive strength index, D-particle diameter, PD-Packing density, CC-concavo-convex, Q-quartz content, n- 
Porosity, Brazilian tensile strength (BTS), Id2-slake durability index, γ-unit weights, Sed-sedimentary rock, Mix-mixed rock types 
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1.1.2 Artificial neural network (ANN) 
Artificial neural network is a data driven approach 

which emulates the function of human brain in manner it 

receives information, processes it, and relay output of the 

information. It has been widely used to solve many complex 

problems in various fields including rock mechanics and 

mining engineering (Lawal and Idris 2019, Aladejare et al. 

2020, Lawal 2020, Lawal and Kwon 2020). A typical 

supervised ANN required an input and targeted variables 

which are usually from the field measured or experimental 

datasets. A multilayer feedforward ANN architecture trained 

with backpropagation training algorithm is the most 

commonly used in rock mechanics/mining engineering 

fields. This structure typical consists of one input-one 

output and one or more hidden layers. Each layer has 

different number of neurons, the number of neurons in the 

input layer depends on the model predictors while that of 

the output depends on the number of dependent variables 

while the number of neurons in the hidden layers are 

usually based on trial-and-error approach as there is no 

established rule agreed upon by the researchers in the 

literature. The neurons are connected by the weights and 

biases that are usually associated with the weights. ANN is 

usually referred to as the black-box approach as the 

relationship between the input and output is usually less 

understood. However, in this study, one of the ways to 

unlock the black-box nature of the ANN is proposed. 

 
 

2. Materials and method 
 
2.1 Description of the data source  
 

The proposed models were developed using 64 

experimental datasets of the core rock samples that are free 

from the bedding planes from the dam sites in Iran as 

presented by Moradian and Behnia (2009). The samples 

were prepared in accordance with the ISRM (1981) 

standard which is one of the reasons for selecting these 

datasets for this study. The P-wave and S-wave velocities 

were determined using the Pundit apparatus while the rock 

density, uniaxial compressive strength (UCS), static Elastic 

Modulus and dynamic Elastic modulus were computed 

based on the relevant recommended rock testing standards. 

The datasets were determined from seven different dams 

with varying rock types. All the sites are of sedimentary 

rocks in nature. Therefore, 44 samples of the entire datasets 

were obtained from limestone while 12 and 8 samples were 

respectively from marlstone and sandstone. It can be seen 

that the data adopted are for sedimentary rocks and are not 

limited to a specific type of sedimentary rock. Many 

researchers (for example Moradian and Behnia 2009, 

Khandelwal and Singh 2009, Sharma et al. 2017, Uyanik et 

al. 2019, etc.), have combined data of different rocks in the 

same family or different family to develop models. The  

Table 2 Description of the datasets (Moradian and Behnia 

2009) 

 
ρ (g/cm3) Vp (m/s) Es (GPa) Ed (GPa) UCS (MPa) 

Min 2.04 1826 0.77 4.98 10.24 

Max 2.92 6539 90.49 83.89 143.09 

Mean 2.51 4005.06 29.35 36.73 56.19 

Std 0.21 1611.82 27.57 27.84 33.04 

Number of  
dataset 

64 64 64 64 64 

 

 

reason is quite straightforward. Most times, there are 

different rocks in a deposit, especially sedimentary rocks 

that occur in layers with different rock making up the 

lithology. Therefore, in many instances, only limited data of 

different rock types in a lithology are obtained in the 

laboratory and will be too limited to establish a meaningful 

relationship or infer any logical conclusion. Hence, the 

usual practice of combining the data of different rock types 

making up a sedimentary lithology, and this practice is 

widely reported in rock mechanics literature (Aladejare et al. 

2021). Hence, the statistical description of the datasets is 

presented in Table 2. 

 
2.2 Model developments 
 

Three different models namely: Gaussian process 

regression (GPR), artificial neural network (ANN), and 

response surface method (RSM) were proposed for the 

prediction of static and dynamic properties of different 

types of sedimentary rock. The details of each of the 

proposed models are presented below. 

 

2.2.1 Gaussian process regression  
The GPR was used in this study to predict the static and 

dynamic properties of the selected sedimentary rocks using 

the P-wave velocity and the rock density. The GPR was 

implemented in MATLAB. Six (6) different covariance 

functions (CoV) such as rational quadratic (RQard), 

isotropic squared exponential (iSE), linear (iLIN), Matern 

5/2, 1/2, and 3/2 were tried. The detailed information about 

the GPR and CoV functions can be found in Bisoyi and Pal 

(2020) and Lawal et al. (2021c). The performance of each 

of the CoV functions for the Es, Ed, and UCS was tried as 

presented in Fig. 1. The Matern 1/2 CoV performed better 

than the remaining CoVs for the three properties while iLIN 

performed poorly among the CoVs. Hence, results of the 

GPR model obtained with the Matern 1/2 CoV is compared 

with the other proposed model in this study. 

 
2.2.2 Artificial neural network (ANN)  
ANN described above is also adopted in this study to 

predict the Es, Ed, and UCS of different sedimentary rock 

type. To develop the proposed models for predicting the Es, 

Ed, and UCS of three different types of sedimentary rock, 

two input parameters such as Vp and density were used. 

That is multi-input and single output feedforward neural 

network is proposed in this study. The datasets were divided 

into training and testing/validation datasets (70% for the  
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training and 30% for testing/validation). Just before the 

loading, the datasets were first pre-processed by 

normalizing them to within the range of -1 and 1, to ensure 

the uniformity of the datasets and avoid overfitting (Lawal 

and Idris 2019, Lawal et al. 2020). The proposed multi-

input and single-output feedforward neural network was 

then trained using backpropagation algorithm together with 

Levenberg Marquardt training function. The hyperbolic 

tangent transfer function was used in both the hidden and 

output layers. The number of neurons in the input layers for 

all the three models for Es, Ed, and UCS predictions were 

two while the hidden layers were varied between 1 and 10 

and the number of output neurons was 1 each for the three 

models. The ANN networks which performed best for the 

tried neurons in the hidden layers using the strategy adopted 

in the case of GPR model (Fig. 1) for each of the properties 

investigated were selected as the optimum networks. 

Therefore, the network presented in Fig. 2 was selected as 

the optimum network for the three rock properties. The 

outputs of the models are presented in detail under the 

results section. However, 2-8-1 (Fig. 2(a)) ANN 

architecture was selected as the optimum network for the Es 

while 2-7-1 (Fig. 2(b)) and 2-6-1 (Fig. 2(c)) ANN 

architectures were selected for the respective Ed and UCS. 

 
2.2.3 Response surface method (RSM) 
The RSM is a useful technique for developing, 

improving, and optimizing processes or products (Myers 

2016). It provides absolute values of standardized effects 

based on Pareto charts with definite reference lines.  

 

 

Moreoever, the magnitude and importance of dependent 

variables can be revealed using the half normal probability 

plots. Consequently, the method aims to present dominating 

factors and interactions on dependent variables (Kowalski 

and Montgomery 2011). In this regard, the RSM analyses 

were conducted through Minitab software (Minitab® 18). 

The linear relationship with interactions (e.g., x1, x2, and 

x1x2) was adopted as the fitting function. The ρ and Vp were 

considered as the dependent variables for Es, Ed and UCS. 

Three different RSM models (Model I – III) were 

established for predicting the Es, Ed and UCS, respectively. 

Based on the RSM analysis results, the empirical formula 

for the estimation of the above-mentioned variables are 

given by the following equations: 

32.7 19.2 0.0328 0.0171s p pE V V     , GPa  (2) 

68.9 35.25 0.02965 0.01699d p pE V V     , GPa (3) 

380 157.01 0.0800 0.0270p pUCS V V      , MPa (4) 

 
 

3. Results and discussion 
 
3.1 Prediction models 
 

The performances of the selected GPR model and the 

optimum selected ANN model for the Es, Ed and UCS  

  
(a) Es (b) Ed 

 
(c) UCS 

Fig. 1 Comparison of different CoV functions 
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predictions were evaluated using various statistical indices 

presented in Eqs. (5) and (6). The RMSE in Eq. (5) 

measures the error between the actual and predicted 

variables. The closer the value of RMSE to zero, the better 

the model performance. Similarly, R-value (Eq. (6)) shows 

the strength of the relationship between two variables. The 

R-value of -1 or +1 indicates a perfect relationship while R-

value of zero (0) implies that there is no relationship exists 

between the variables. The closer the values of R to either -

1 or 1 the stronger the relationship. However, for the 

problem under consideration, the negative R-value will 

imply that the model is poor and cannot be used in 

predicting the variable of interest since we are correlating 

the same variables from different sources (that is one 

experimental and the other from the model). 

2

1

1
( )

n

i i

i

RMSE Exp P
n 

   (5) 

     2 22 2

i i i i

i i i i

n Exp P Exp P
R

n Exp Exp n P P




 

  

   

 
(6) 

where Exp, P, and n are the experimental data, predicted  

 

 

value and the number of data points, respectively.  Fig. 3 

presents the experimental data points and the GPR predicted 

data points for the GPR performed using the 1/2 CoV 

function. The linear least-square fit lines of the training and 

testing datasets couple with the ideal fit line are also 

presented in the Fig. 3. The ±5% error bars are also 

included in Fig. 3. For Es, Ed, and UCS, the predictions of 

the proposed models are very close to the experimental 

values. The predicted data points are largely within the error 

bars. The statistical performance of the proposed models for 

the Es, Ed and UCS is also evaluated as presented in Table 3. 

The errors obtained are very low while the R-values are 

very high. These show that the estimates of the static and 

dynamic mechanical properties of sedimentary rock from 

the proposed soft computing models are consistent with the 

measured data of the properties. Note that the reliability of 

estimates from empirical models increases with increasing 

R-values and decreasing error value, and vice versa. 
 

3.2 Model comparison 
 

The proposed models in this study are compared with 

each other in order to determine which of the three 

proposed models is more suitable for the prediction of the 

rock mechanical properties prediction. Figs. 4 to 6 depict  

  
(a) 2-8-1 for Es (b) 2-7-1 for Ed 

 
(c) 2-6-1 for UCS 

Fig. 2 Optimum ANN structures selected 
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the plots of the models against the experimental results for 

the Es, Ed, and UCS, respectively. Figs 4-6 reveal that GPR 

model performs better than the other models. Its 

performance could be attributed to its probabilistic nature. 

The statistical performances of the models are also 

 

 

 

evaluated and presented in Table 4. The GPR model has the 

lowest RMSE and R values follow by ANN and the RSM. 

The proposed models’ performances were also compared 

with that of Moradian and Behnia (2009) using the UCS 

case as presented in Table 1. The reason for selecting  

  
(a) Es (b) Ed 

 
(c) UCS 

Fig. 3 Comparing the experimental results with the model predicted training and testing results 

  
Fig. 4 Comparison of the experimental Es with the predicted Es 
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Table 3 The statistical results of the proposed model 

 

Es 
 

Ed 
 

UCS 
 

Training Testing Training Testing Training Testing 

RMSE 2.004 1.800 0.8907 0.9737 5.481 3.627 

R 0.997 0.999 0.9995 0.9997 0.988 0.996 

 

 

Moradian and Behnia (2009) is that the same datasets we 

adopted in developing our model were also used by 

Moradian and Behnia (2009). The performance of the GPR 

and ANN models are better than their proposed model for 

all the properties investigated. 

 

3.2.1 Taylor’s diagram 
The Taylor's diagram was published formally by Taylor 

(2001) for the comparative assessment of several models in 

a single diagram. The Taylor's diagram is primarily used to 

establish the degree of correspondence of the observed and 

modelled behaviours based on three statistics namely: the 

correlation coefficient, the root-mean squared error and the 

standard deviation. It was originally used for the climate 

models and earth's environment related problems but in 

 

 

 

recent time, various field have been used the Taylor's 

diagram (Lawal et al. 2021d). Similarly in this study, 

proposed models are compared using the Taylor’s diagram 

combining various statistical indices such as standard 

deviation, root mean squared error difference and 

coefficient of correlation. The obtained Taylor’s diagram in 

Fig. 7 was drawn using the MATLAB software. From Fig. 7, 

GPR appears to be the model with the lowest standard 

deviation and RMSE with the highest coefficient of 

correlation follow by ANN models for the three properties 

investigated while RSM seems to have the lowest 

performances in predicting the three properties. The three 

models seem to be good for predicting Ed.  

 

3.3 Sensitivity analysis 
 
The most dominant effects of independent variables in 

each of the three models developed for predicting Es, Ed and 
UCS are studied using the response surface model 
conducted using Minitab software (Minitab® 18). The detail 
about the RSM Pareto chart implementation can be found in 
Köken and Lawal (2021). The outcome of the sensitivity 
analysis conducted is as presented in Fig. 8. From the  

  
Fig. 5 Comparison of the experimental Ed with the predicted Ed 

  
Fig. 6 Comparison of the experimental UCS with the predicted UCS 
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figure, it is obvious that the Vp is the most dominating 
factor for all dependent variables in the context of RSM 
analyses. The ρ turned out to be a reasonable parameters for 
the evaluation of the dependent variables. However, for the 
UCS, neither the ρ nor its interactions were found to be 
significant parameters (Fig. 8). Because the information 
contained in each input rock parameter are propagated 
through model to estimates of Es, Ed and UCS, the models 
benefit when the information contained in the dominant 
parameter is devoid of error as much as possible. For 
instant, the sensistivity analysis indicates that the estimates 
of Es, Ed and UCS from the proposed models will become 
more confident and reliable as the quality of Vp becomes 
higher. 

 

3.4 Unlocking the black-box nature of the ANN  
 

One of the demerits of the ANN model is that the 

interaction between the model inputs and output are not  

 

 

 

usually understood. This can be solved by transforming the 

proposed ANN models into mathematical form that can be 

used for easy prediction of the investigated rock properties 

without the need to reconstruct a new ANN simulation. This 

was achieved in this study by extracting the weights and 

biases of each of the models for the three properties (Table 

5). 

For the Es, 2-8-1 ANN structure is the optimum and 

hence the resulting mathematical model is given in Eq. (7). 

8

1

44.86 tanh -5.016 45.63s i

i

E x


 
  

 
 , GPa (7) 

where x1 to x8 are presented as follows; 

 1 2.3776 tanh 12.6775 14.6523 19.7983n n

px V  

 2 tanh 2.3636  4.610.79 49 1.6063298 n n

px V     

Table 4 Statistically evaluated model performances   

Method 
Es Ed UCS 

GPR ANN RSM GPR ANN RSM GPR ANN RSM 

RMSE 1.942 3.411 9.175 0.917 1.369 2.594 4.976 9.187 18.377 

R 0.998 0.992 0.942 0.9996 0.9987 0.9956 0.990 0.960 0.828 

  
(a) Es (b) Ed 

 
(c) UCS 

Fig. 7 Taylor’s diagram showing the performance of the models 
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Table 5 Weights and biases of the optimum ANN structures 

*HN Weights 1 Weights 2 Bias 1 Bias 2 

Es 

1 12.67745 14.65226 2.377604 -19.7983 -5.01615 

2 -2.36356 4.614873 0.792983 -1.60629 
 

3 -32.0982 7.633407 1.935746 14.37443 
 

4 9.650383 2.025389 21.11953 1.57869 
 

5 8.916165 17.35238 -1.80365 2.478363 
 

6 -16.1151 -0.57016 11.81453 -1.32016 
 

7 -16.844 -2.07941 6.911657 -3.40208 
 

8 -1.86973 -7.50766 5.13253 8.435164 
 

Ed 

1 0.170954 1.084727 6.779454 -1.45795 1.486148 

2 6.921168 2.091358 -0.63853 -3.63109 
 

3 -19.6525 8.433517 5.112477 0.742063 
 

4 18.55466 -8.08418 5.161923 -0.79397 
 

5 0.110657 2.05272 2.371536 2.634392 
 

6 -3.86194 15.39692 -0.34702 -9.41596 
 

7 -7.60763 7.207065 -1.05556 -4.59151 
 

UCS 

1 0.335328 -9.25128 -3.50693 -10.3609 -8.6494 

2 92.5986 57.42543 -38.1235 -97.0883 
 

3 -4.48637 5.417809 1.026634 -0.0536 
 

4 0.616918 -0.28725 6.286069 0.879365 
 

5 31.36212 -41.3507 0.431697 4.450464 
 

6 124.6993 78.59336 37.85938 -131.398 
 

*HN is the number of hidden neurons 

 

 

 3 tanh 32.0982 7.6331.9357 14 .9357n n

px V     

 4 tanh 9.6504 2.02521.1195 1.57 74 8n n

px V    

 5 tanh 8.9162 17.-1.8 3524036 -1.3201n n

px V   

 6 tanh 16.1151 0.5711.8 02 1.3202145 n n

px V     

 7 tanh 16.8440 2.0796.9117 -3.40 14 2n n

px V    

 8 tanh 1.8697 7.5078.4352 57 .1325n n

px V     

For the Ed prediction, the 2-7-1 ANN structure is the 

optimum network and the corresponding mathematical 

transformation is presented in Eq. (8).  

7

1

39.455tanh 1.4861 44.435d i

i

E y


 
   

 
 , GPa (8) 

where y1 to y7 are given as follows 

 1 tanh 0.17095  1.086. 477795 -1.45795n n

py V   

 2 tanh 6.9212  2.-0.6 0914385 -3.6311n n

py V   

 3 tanh 19.6525  8.4330. 57421 5.1125n n

py V     

 4 tanh 18.5547 8.085. 421619 -0.79397n n

py V   

 5 tanh 0.1107 2.2.37 052715 2.6344n n

py V    

 

Fig. 8 RSM analysis results 
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 6 tanh 3.8-0.347 -9.415619  15.3969 95n n

py V    

 7 tanh 7.6076 7.20-1.05 7156 -4.5915n n

py V    

Similarly, for the UCS, 2-6-1 ANN structure was 

selected as the optimum network and the mathematical 

transformation of the network is presented in Eq. (9). 

6

1

66.425tanh 8.6494 76.665i

i

UCS z


 
   

 
 , MPa (9) 

where z1 to z6 are given as below; 

 1 tanh 0.3353 9.2-3.5 513069 -10.3609n n

pz V 

 2 tanh 92.5986 57.425-38.1235 -97.08 24 8n n

pz V 

 3 tanh 4.4864  51.02 .41766 -0.05368n n

pz V  

 4 tanh 0.6169 0.6.28 287261 0.8794n n

pz V    

 5 tanh 31.3621 41.0.4 350317 .4 45 57 0n n

pz V  

 6 tanh 124.6993 78.5937 34.8594 -131.3975n n

pz V   

The ρn and Vp
n in the equations are their normalized 

values which are given as ρn=2(ρ-2.04)/0.88-1 and Vp
n= 

2(Vp-1826)/4713-1 respectively. The Eqs. (7)-(9) present 

above are direct replicate of the ANN predictions for Es, Ed, 

and UCS respectively. 

 

 

4. Conclusions 
  

The study proposed soft computing models for the 

prediction of the static and dynamic properties of different 

types of sedimentary rock. The models are developed to 

tackle the bottlenecks (i.e., sample preparation tasks, time 

and cost of experimentation, etc.) associated with the direct 

determination of static and dynamic Youngs’ modulus and 

uniaxial compressive strength. 

The proposed models are the GPR, ANN, and RSM 

models, which were developed using the 64 datasets 

obtained from literature. The datasets were first normalized 

and then divided into the training and validation datasets 

using the recommended ratio in the case of GPR and ANN 

model developments. The performances of the models were 

evaluated using statistical indices such as correlation 

coefficient and root mean squared error. Sensitivity analysis 

was also performed using the RSM technique. In addition, 

the black-box nature of the ANN was also unlocked by 

mathematically transforming the ANN predictions into 

simple mathematical forms 

The R-values of the three models are very high for the 

three properties estimated. The R-values are greater than 0.9 

in all cases, except for the estimation of UCS using RSM 

model where R-value is less than 0.9. In addition, the 

RMSE values for the estimations of the three properties are 

relatively low with values lower than 10, except in UCS 

estimation using RSM model where it is substantially 

greater than 10. 

Hence, from the outcomes of the study, the following 

conclusions can be drawn as follows: 

 All the models performed well in dynamic Young’s 

modulus predictions. However, the predictions of 

UCS contain noticeable error, which is exceptionally 

high in the case of RSM model. 

 The GPR model performed better than the other 

models in all the parameters predicted, with the least 

RMSE and the highest R-values in all the properties 

estimated. 

 Sensitivity analysis showed that Vp is the most 

influencing parameters in Es, Ed, and UCS prediction 

models. 

 RSM can also serve as a useful method for predicting 

the rock properties, especially because of its easy and 

efficient practical implementation. 

 The merit of using GPR, ANN, and RSM models in 

rock engineering is their robustness and ability to 

incorporate the variabilities in rock properties in their 

property estimation, which is not achievable with 

simple or multiple regression models.  
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