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Rock properties are useful for safe operation and design of both surface and underground
mines including civil engineering projects. However, the cost and time required to perform
detailed assessments of rock properties are high. In addition, rock properties are required in
numerical modeling. Different models have been proposed for quick and easy assessments of
rock properties but majority of these models are regression-based, which are incapable of
capturing inherent variabilities in rock properties. Therefore, this study proposed three
different soft computing models (i.e., double input–single output ANN, multivariate adap-
tive regression spline, genetic algorithm) for accurate prediction of several mechanical
properties of coal and coal-like rocks. The performances of the proposed models were
statistically evaluated using various indices and they were found to predict rock properties
suitably with very strong statistical indices. The proposed models were validated further
using external datasets aside from those used in the model development to test the gener-
alization potential of the models. The Pearson’s correlation coefficients for the validation
were close to 1, indicating that the proposed models can be used to assess geo-mechanical
properties of coal, shale, and coal-bearing rocks.
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INTRODUCTION

Rock properties are important in both surface
and underground mine designs. They are used in
many numerical software for rock stability analysis
or mine designs. These rock properties could be ei-
ther physical (e.g., density, p-wave) or mechanical
(e.g., uniaxial compressive strength (UCS), tensile
strength (TS), Young modulus (YM)). Measuring
physical properties of rocks are generally considered
less tedious compared to measuring mechanical
properties, which is time consuming, tedious and
expensive. During the preliminary stages of surface
or underground mine and as the work progresses, a
quick estimation of these properties is often re-
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quired. However, the constraint of getting enough
core samples, cost and time implications has made
geotechnical/rock engineers to depend mainly on
existing empirical models. Some of the empirical
models used to predict UCS and YM are presented
in Table 1. More details of such empirical models in
predicting the UCS of rocks are summarized in the
study by Aladejare et al. (2021). Although the
coefficients of determination (R2) of these models
may be satisfactory, they usually fail when subjected
to datasets obtained from similar rock types.

Empirical models, like those in Table 1, can be
categorized based on the number of parameters in-
volved in the model developments into either one
parameter or multiple parameters. Both categories
are based on linear or multiple regression analyses.
Simple regression analyses are unable to capture
nonlinear relationships between model parameters.
However, rocks are highly heterogeneous, and their
relationships are commonly nonlinear. The quest for
more accurate means of estimating rock properties
has made researchers utilize various soft computing
(SC) methods. For instance, Dehghan et al. (2010)
proposed an artificial neural network (ANN) model
to predict UCS and YM using some non-destructive
rock properties and point load strength (PL) index
with 30 datasets. Manouchehrian et al. (2012) also
used ANN to predict UCS based on void ratio and
mineralogical composition with 44 datasets. Moha-
mad et al. (2018) employed particle swarm opti-
mization (PSO)—ANN based on combined
destructive and non-destructive rock properties with
38 datasets. Singh et al. (2017) used an adaptive
neuro-fuzzy inference system (ANFIS) to predict
UCS, TS, PL and YM with 90 datasets using density,
porosity and p-wave velocity (PWV) as the input
parameters. Roy and Singh (2019) proposed ANN
and ANFIS models to assess the deformation
properties of coal using selected mechanical prop-
erties, such as UCS, TS, shear strength (SS) and
PWV.

In addition, Sun et al. (2021) developed ensem-
ble learning models to predict the strength of coal-
grout materials. They had earlier investigated the
strengths of grouting concretes, cemented paste
backfill, reinforced concrete beams and YM of jet
grouted coalcretes using beetle antennae optimized
neural network and intelligent models (Sun et al.,
2019a, 2019b, 2020; Zhang et al., 2020). Studies by
Jalali et al. (2017), Sharma et al. (2017), Aboutaleb
et al. (2018) and Ren et al. (2019) also predicted UCS
of sedimentary rocks using SC methods. More de-

tailed of SC techniques used to predict rock proper-
ties are documented by Lawal and Kwon (2020).

Although several models are available to pre-
dict rock properties, most commonly UCS, the easy-
to-use empirical models are not as reliable as
established in the literature (Singh et al., 2017). In
addition, accurate SC models cannot be easily used
in geotechnical/rock engineering designs because
they are not in the form of simple mathematical
models (Lawal & Kwon, 2020) that can be used in
practice. Hence, there is still heavy reliance on
empirical models for quick estimation of rock
properties. It is also important to mention that it is
extremely difficult to get core samples of some weak
rocks like coal because their physico-mechanical
properties are significant in their production plan-
ning and safety. Therefore, this type of rocks re-
quires accurate models for estimating their
mechanical properties from simple non-destructive
physical properties.

In this study, the MARS (multivariate adaptive
regression spline) and double input–single output
ANN ((DISO–ANN) are proposed for the predic-
tion of UCS, TS, SS, and YM of coal. The proposed
MARS model has never been used for the predic-
tion of several properties of coal to the best of the
knowledge of the authors. In addition, the genetic
algorithm (GA) model has not been widely used in
predicting several coal properties. The proposed
MARS and ANN models are advantageous over
many other SC methods (such as PSO) because they
do not require prior expression of models in the
form of mathematical equations (Lawal et al.,
2021a). Therefore, the novelty of this study relies on
the fact that the adopted models have not been used
previously in predicting several properties of coal. In
fact, the ANN that has been used previously to
predict UCS is largely black box in nature. There-
fore, the proposed models are believed to be useful
in various surface or underground coal designs or as
a means of estimating the coal strength parameters.

MATERIALS AND METHOD

Statistical Description of the Datasets

The physico-mechanical properties of coal that
are crucial in the design and safety of underground
and surface mines are investigated using various SC
methods. This is necessary because the time and cost
required for detailed assessments of the rock prop-
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erties are very tedious, and geo-engineers often re-
quire quick assessments of rock properties. Hence,
they rely largely on empirical models. The perfor-
mances of most of the empirical models are not too
reliable to estimate properties and majority of the
available empirical models is not specific to coal.
Among these properties, some are easy to perform
like the PWV and density, which require non-de-
structive tests, while mechanical properties like
UCS, TS, SS, and YM are tedious to assess and yet
they are crucial in the design of mines and in
numerical modeling as material properties. There-
fore, this study has proposed different SC models
that are mathematically based for the computation
of four mechanical properties of rocks from the
simple tests based on the existing data in the liter-
ature.

The fragility of coal makes coring it so
demanding and the hard ones reported in the liter-
ature are often used for models. For instance, Roy
and Singh (2019) predicted the deformation prop-
erties of coal by combining some coal properties
using the datasets obtained from Khandelwal and
Singh (2009). The data used for this study were those
available in Verma et al. (2012) from three coal
mines in India (i.e., Neeljay, Ghugus and Sasti sur-
face mines), which are subsidiaries of western coal
field limited (WCL). Experiments were conducted
on 15 core samples of coal obtained in accordance
with the International Society for Rock Mechanics
(ISRM, 1981) standard for each location. The
PUNDIT was used for the PWV test, which was
conducted in accordance with ISRM (1978) proce-
dure. Other tests, such as Brazilian tensile strength
and triaxial test, were also conducted based on rel-
evant test standards. The descriptive statistics of the
45 coal samples from the three mines are presented

in Figure 1. The mean values of PWV, q, UCS, TS,
SS, and YM are 1903.868, 1.577, 22.398, 2.338, 4.542,
and 2305.724, respectively, while their standard
deviations are 71.702, 0.179, 5.59, 0.433, 0.911, and
69.347, respectively. Because the standard devia-
tions of density and tensile strength are close to zero,
there are no wide variations in these two properties
for the samples from the three mines. The variation
in tensile strength is not also wide. However, PWV

and YM of the rock samples deviate strongly from
their respective means (Fig. 1). Because there are
variations in the properties exhibited by rock sam-
ples, simple linear or multiple regressions may be
unable to capture the relationships among the vari-
ables (Gevrey et al., 2003; Roy & Singh, 2019).
Hence, models that are capable of capturing the
variability in rock properties are proposed in this
study. The explanation and procedures of each of
the three proposed SC-based models are presented
in the next section.

Artificial Neural Network (ANN)

ANN is a SC method that emulates artificially
the functionality of human neurons. It consists of a
series of interconnectivity just like neurons in a hu-
man brain. The technique has been applied in dif-
ferent fields of sciences and engineering for solving
different complicated problems that are usually
impossible to solve using various conventional
methods. This is possible in ANN because it can
solve problems in which no visible relationships exist
between variables (Lawal & Kwon, 2020). However,
the method has been criticized to be a black-box
approach as relationships between the predicted
variable(s) and predictors cannot be deciphered

Table 1. Some empirical models for rock properties prediction

Models Rock type R2 Authors

YM ¼ 4:9718PWV � 7151, MPa Coal 0.974 Khandelwal and Singh (2009)

YM ¼ ðPWV � 1:7528Þ=0:0937, GPa Carbonate 0.86 Yasar and Erdogan (2004)

YM ¼ 2:06P2:78
WV, GPa Limestone, sandstone, and marble 0.92 Moradian and Behnia, (2009)

YM ¼ 0:0114PWV þ 3:7059, GPa Limestone 0.76 Kurtulus et al. (2016)

YM ¼ 0:076P3:23
WV, GPa Shale 0.99 Horsrud (2001)

UCS ¼ 0:0375PWV � 50:969, MPa Grainstone, Wackestone-Mudstone,

Boundstone, Gypsum, and Silty Marl

0.67 Heidari et al. (2017)

UCS ¼ 0:026PWV � 20:47, MPa Marl 0.91 Abdolazim and Rassoul (2015)

UCS ¼ 16S1:6
WV, MPa Limestone, Sandstone, and Siltstone 0.82 Uyanik et al. (2019)

UCS ¼ 10:4BTSþ 18:2, MPa Flint 0.63 Aliyu et al. (2019)

UCS ¼ 17:6Isð50Þ þ 13:5, MPa Flint 0.88 Aliyu et al. (2019)
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easily. Yet, it remains one of the best SC tools and it
has gained popularity among researchers including
in the mining/geotechnical engineering fields.
Therefore, ANN was adopted in this study for pre-
dicting mechanical properties of coal from easy-to-
do/perform non-destructive tests with the aim of
eliminating the black-box nature of the ANN and to
make it a white-box ANN. This is achieved in two
ways, namely by establishing the mathematical
relationships between the predicted variable(s) and
predictors and by the weighted average method for
formulating the influence of the model predictors on
the predicted variable.

The ANN method proposed here was imple-
mented in MATLAB environment. The datasets
were first pre-processed by normalizing them within
the range from � 1 to 1.1 This is paramount in order
to eliminate bias among the model variables and to
avoid over-fitting of the network (Lawal & Idris,
2019). In addition, it should be noted that all the
model parameters used in all the developed models
are their normalized values. The pre-processed data
were then imported into MATLAB. The datasets

were then partitioned randomly into training, testing
and validation datasets. Then, the number of neu-
rons in each layer, most importantly the neurons in
the hidden layer, was set because the number of
neurons in the input and out layers are dictated by
the number of input and output variables; however,
the number of neurons in the hidden layer is usually
based on trial-and-error. Therefore, different num-
bers of neurons ranging between 2 and 4 were tried
in this study and only a 3-layer ANN structure was
used throughout. Then, activation functions were
specified for the hidden and output layers. The
hyperbolic tangent (tanh) was used in the hidden
layer and the purelin was used in the output layer
throughout. Thereafter, the training was conducted
using feedforward backpropagation algorithm with
Levenberg-Marquardt training function. It is also
important to state that DISO–ANN structure was
used. The output of various number of hidden layers
tried for each properties and the selected optimum
ANN structures for each coal properties are pre-
sented in Table 2 and Figure 2. From Table 2 and
Figure 2, the 2–4–1 DISO–ANN was the best for the
UCS or TS and 2–3–1 was the best for the SS or YM.
The overall performances of the selected DISO–
ANN structure for each of the rock properties are

Figure 1. Statistical descriptions of the model parameters.

1 Xnorm = 2(X – Xmin)/ (Xmax – Xmin) – 1, where X is the actual

variable to be normalized while Xmax and Xmin are its maximum

and minimum values and Xnorm is its normalized form.
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presented in Figure 3. The selected structures for
each of the coal properties showed remarkable
performances.

As a way of unlocking the black-box nature of
the ANN structure as previously stated, the mathe-
matical relationships were established to enhance
easy applicability of the proposed model. This was
achieved by extracting the weights and biases from
the trained DISO–ANN structure and then com-
bining them with the transfer functions. For the
cases of UCS and TS, there were four neurons in the
hidden layer, and the obtained relationships were:

UCS ¼ 7:505
X4

i¼1

xi þ 341:9596 ð1Þ

TS ¼ 0:735
X4

i¼1

yi þ 22:2679 ð2Þ

where the unknown values of xi and yi in Eqs. 1 and
2 are presented, respectively, as:

x1 ¼ 4:4872 tanhð�3:7878PWV þ 4:9306qþ 2:2509Þ
x2 ¼ 5:13798 tanhð4:0925PWV � 5:1749q� 2:3202Þ
x3 ¼ �0:6315 tanhð15:6855PWV � 41:2701q� 30:7462Þ
x4 ¼ �43:1699 tanhð�0:7168PWV � 0:0773qþ 3:5498Þ

8
>>><

>>>:

ð3Þ

y1 ¼ 27:7294 tanhð0:35012PWV þ 0:1898q� 2:26805Þ
y2 ¼ 0:28935 tanhð13:8504PWV � 5:0728q� 1:3884Þ
y3 ¼ �0:4789 tanhð3:7115PWV � 18:8725q� 14:2089Þ
y4 ¼ �0:2955 tanhð�3:6214PWV þ 105:3787qþ 92:3417Þ

8
>>><

>>>:

ð4Þ
Similarly, the obtained mathematical transfor-

mation of the 2–3–1 DISO–ANN structures for the
SS and YM predictions were:

SS ¼ 1:59
X3

i¼1

zi þ 12:3548 ð5Þ

YM ¼ 122:47
X3

i¼1

wi þ 2327:6325 ð6Þ

where the unknown zi and wi in Eqs. 5 and 6 are
presented, respectively, as:

z1 ¼ �8:9795 tanhð�0:16504PWV þ 0:0549qþ 0:6801Þ
z2 ¼ 0:9653 tanhð�3:4289PWV þ 15:2137qþ 12:18408Þ
z3 ¼ 0:49303 tanhð2:6874PWV � 19:3276q� 16:2618Þ

8
><

>:

ð7Þ

w1 ¼ 0:1411 tanhð16:0274PWV � 1:7596q� 15:7498Þ
w2 ¼ 0:6646 tanhð�33:4303PWV þ 24:7252q� 3:3203Þ
w3 ¼ �1:6886 tanhð�0:3103PWV � 0:0385q� 0:06501Þ

8
><

>:

ð8Þ

Multivariate Adaptive Regression Spline (MARS)

The MARS proposed by Friedman (1991) is a
nonparametric regression method, which can be
perceived as a hybrid linear model that addresses
nonlinearity and variables� interactions automati-
cally. It helps in obtaining a better fit than linear
models by generating the kink using hinge functions.
The general form of the MARS model is the addi-
tion of the sum of weighted basis functions, thus:

! ¼
Xk

i¼1

ciBiðxÞ ð9Þ

where ci is the constant coefficient and Bi(x) is the
basis function that can take different forms, namely
a constant 1 at the intercept, a hinge function that is
of the form max (u, x-u) or max (x-u, u) (where u is
the knots) and a product of two or more hinge
function to define interaction between multiple
model variables. There are two important processes
in the MARS model, namely forward pass and
backward pass. In the forward pass, the MARS
model is initiated with the constant term and a pair
of basis function is added subsequently. When a pair
of basis function is added, the maximum error
reduction is evaluated and a pair of basis function
with the lowest error is selected. However, in the
forward pass, the performance of training datasets is
usually good but when tested/validated, they give
poor performance (i.e., the forward pass over-fits the
model). This necessitates the backward pass, in
which pruning of ineffective terms takes place.
While the forward pass adds terms in pairs, the
backward pass discards one part of the pair and
typically the product will be seen with single term.
The backward pass does its function using the gen-
eralized cross-validation (GCV) to compare the
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performance of the model subsets for it to pick the
best subset. The formula for the GCV is:

GCV ¼ RSS= Nð1 � ENP=NÞ2
� �

ð10Þ

where RSS stands for the measured residual sum of
squares, ENP stands for the effective number of
parameters, and N stands for the number of obser-
vations.

Generally, the MARS model has also gained
popularity among researchers and it has been used
to solve various engineering problems. It was also
adopted in this study to predict the most relevant
mechanical properties of coal. The proposed MARS

model was implemented in MATLAB environment
using the same number of datasets as in the ANN
model. That is, the number of datasets used from the
ANN training, testing and validation were also used
in the MARS model. The datasets were imported to
MATLAB and the model parameters were first de-
fined using aresparams command and the maximum
function and the degree of interaction were defined
at this point. The piecewise-linear method was
adopted. Afterward, the model was built using the
aresbuild command. Then, after the model was
trained, the results obtained with the MARS infor-
mation, which comprises the number of basis func-
tion selected by the model, their corresponding

Table 2. Different trials of DISO–ANN structures

DISO–ANN structures Training Testing Validation Overall

UCS

2–1-1 R 0.7487 0.9888 0.8067 0.7578

2–2-1 0.9942 0.9994 0.9566 0.9955

2–3–1 0.9991 0.9995 0.9834 0.9992

2–4–1 0.9998 0.9999 0.9989 0.9998

TS

2–1-1 R 0.8809 0.7077 0.9394 0.8617

2–2-1 0.9876 0.9934 0.9962 0.9898

2–3–1 0.9928 0.9817 0.8674 0.9809

2–4–1 0.9963 0.9982 0.9955 0.9970

SS

2–1-1 R 0.7068 0.9303 0.7424 0.7497

2–2-1 0.9901 0.9980 0.9826 0.9912

2–3–1 0.9982 0.9962 0.98068 0.9975
2–4–1 0.9964 0.9979 0.9988 0.9973

YM

2–1-1 R 0.9501 0.9797 0.8878 0.9402

2–2-1 0.998 0.99929 0.99335 0.9974

2–3–1 0.9991 0.9998 0.9992 0.9991

2–4–1 0.9988 0.9997 0.9999 0.9992

Rows in bold represent the DISO–ANN structures selected for each of the investigated properties

Figure 2. Selected DISO–ANN structures.
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equations (Table 3) and their respective coefficients,
were extracted together with the following final
model equations:

UCSMARS ¼ 2:6091 � 0:75068BF1 þ 16:966BF2

� 14:651BF3 � 4:5733BF4 þ 3:7838BF5 þ :::

2:4975BF6 þ 57:966BF7 þ 55:961BF8

� 1:6973BF9 þ 13:169BF10 þ 7:5418BF11 � :::

6:8792BF12 � 71:955BF13 � 11:521BF14

þ 9:8996BF15 � 63:433BF16 � 2:5517BF17 þ :::

20:801BF18 þ 8:4267BF19

ð11Þ

TSMARS ¼ �3:0892 � 13:25BF1 þ 145:26BF2

� 188:04BF3 þ 48:258BF4 � 79:647BF5 � :::

76:828BF6 þ 73:456BF7 þ 11:122BF8

� 11:821BF9 þ 19:667BF10 � 159:27BF11 þ :::

88:745BF12 � 13:744BF13 � 166:97BF14

þ 198:84BF15 � 287:39BF16 þ 15:222BF17 � :::

3:7894BF18 � 14:153BF19 þ 210:32BF20

ð12Þ

Figure 3. Overall performances of the selected DISO–ANN structures.
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SSMARS ¼ 4:3647 � 2:6835BF1 þ 3:7504BF2

� 3:6614BF3 þ 5:2786BF4 � 4:3539BF5 þ :::

0:58805BF6 � 1:9778BF7 þ 18:333BF8

� 3:4446BF9 þ 2:085BF10 þ 0:81903BF11 þ :::

6:7507BF12 � 6:4767BF13

ð13Þ

YMMARS ¼ 0:47818 � 2:9819BF1 þ 8:1552BF2

þ 20:443BF3 þ 4:4688BF4 � 11:587BF5 � :::

6:1601BF6 þ 2:3383BF7 � 10:863BF8

� 1:8315BF9 þ 24:439BF10 � 2:5998BF11 þ :::

2:8594BF12 þ 143:56BF13

ð14Þ

Genetic Algorithm (GA)

GA is a population-based metaheuristic algo-
rithm based on the principle of evolution theory. It
was proposed by Holland (1975) to mimic the Dar-
winian evolutional theory of survival of the fittest.
Descriptively, GA consists of various elements, such
as chromosomes, fitness selection, inversion, and
mutation (Holland, 1975). The chromosomes are
known to take the form of binary string and are
considered to be a position in the solution space.
The chromosomes are processed using genetic
operators by replacing its population iteratively. The
fitness function assigns a value to the entire chro-
mosomes in the population. The chromosomes are
selected based on their fitness value for further
processing. Random locus is chosen and it changes

Table 3. Basis functions for each property

BF BF equations for the corresponding rock properties

UCS TS

BF1 C(0, x2 + 0.44262) C(0, � 0.44262 � x2)

BF2 BF1 * C(0, x1 – 0.25556) C(0, x2 + 0.44262) * C(0, x1 – 0.25556)

BF3 BF1 * C(0, 0.25556 – x1) C(0, x2 + 0.44262) * C(0, 0.25556 – x1)

BF4 C(0, x1 – 0.14348) C(0, x1 – 0.14348)

BF5 C(0, 0.14348 – x1) C(0, 0.14348 – x1)

BF6 C(0, x2 + 0.63934) BF1 * C(0, x1 – 0.4792)

BF7 C(0, � 0.63934 – x2) * C(0, x1 – 0.10687) BF1 * C(0, 0.4792 – x1)

BF8 C(0, � 0.63934 – x2) * C(0, 0.10687 – x1) C(0, x2 + 0.63934)

BF9 C(0, x2 – 0.081967) C(0, � 0.63934 – x2)

BF10 C(0, 0.081967 – x2) * C(0, x1 – 0.4792) BF4 * C(0, x2 + 0.57377)

BF11 C(0, 0.081967 – x2) * C(0, 0.4792 – x1) BF4 * C (0, � 0.57377 – x2)

BF12 BF4 * C(0, x2 + 0.57377) BF9 * C(0, x1 – 0.10687)

BF13 BF4 * C(0, � 0.57377 – x2) C(0, x2 + 0.7377)

BF14 C(0, 0.4792 – x1) BF13 * C(0, x1 – 0.25556)

BF15 BF14 * C(0, x2 + 0.67213) BF13 * C(0, 0.25556 – 9 1)

BF16 BF14 * C(0, � 0.67213 – x2) BF5 * C(0, � 0.67213 – x2)

BF17 C(0, x2 + 0.7377) C(0, 0.069212 – x1)

BF18 C(0, � 0.7377 – x2) C(0, x1 – 0.069212) * C(0, 0.081967 – x2)

BF19 BF17 * C(0, 0.10687 – x1) C(0, x1 – 0.069212) * C(0, � 0.40984 – x2)

SS YM

BF1 C(0, x2 + 0.27869) C(0, � 0.27869 – x2)

BF2 BF1 * C(0, 0.091538 -x1) BF1 * C(0, x1 � 0.15837)

BF3 C(0, � 0.27869 -x2) * C(0, x1 – 0.58971) BF1 * C(0, 0.15837 – x1)

BF4 C(0, � 0.27869 – x2) * C(0, 0.58971 – x1) C(0, x1 – 0.25556)

BF5 C(0, x2 + 0.63934) C(0, � 0.80328 -x2)

BF6 C(0, x1 – 0.25556) C(0, x1 – 0.1059)

BF7 C(0, 0.25556 – x1) C(0, 0.1059 – x1)

BF8 C(0, � 0.63934 – x2) * C(0, x1 – 0.58971) BF7 * C(0, 0.081967 – x2)

BF9 C(0, � 0.63934 – x2) * C(0, 0.58971 – x1) BF4 * C(0, x2 + 0.67213)

BF10 C(0, � 0.80328 – x2) BF4 * C(0, � 0.67213 – x2)

BF11 C(0, x2 + 0.80328) * C(0, x1 – 0.58971) C(0, � 0.0040932 – x1)

BF12 C(0, x2 – 0.081967) C(0, x1 + 0.0040932) * C(0, x2 + 0.80328)

BF13 C(0, 0.081967 – x2) C(0, x1 + 0.0040932) * C(0, � 0.80328 – x2)

¤ x1 and x2 stand for PWV and q, respectively, and C stands for maximum (max)
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the subsequence among the chromosomes to create
off-springs by crossover operator while in mutation,
bits of chromosomes are flipped randomly based on
probability (Katoch et al., 2021; Lawal & Kwon,
2020; Michalewicz, 1992; Michalewicz & Schoe-
nauer, 1996).

GA has gained popularity among researchers in
various fields including engineering. Therefore, it
was also proposed in this study to predict rock
properties. The basic steps of the GA algorithm
implementation are chronicled in the pseudocode
below for the classic GA algorithm (Katoch et al.,
2021).

The GA described above was implemented in
this study using the MATLAB GA optimization tool
with the same number of datasets used in the other
proposed models to enable fair comparison. Just
before employing the GA model, a nonlinear rela-
tionship between the model dependent and inde-
pendent variables was formulated as:

Y ¼ ao þ a1PWV þ a2qþ a3PWVqþ a4P
2
WV þ a5q

2

ð15Þ

where a0 to a5 are the unknown coefficients used to
generate the objective function, which was linked to
the GA optimization interface in the MATLAB.
GA was then used to compute the unknown coeffi-

cients in the equation. The model parameters were
then set as presented in Table 4.

Based on the parameters in Table 4, the model
was initiated, and the results obtained when the
stopping criterion, which in this case is either the
maximum number of generation or the attainment
of the error tolerance, is satisfied. The convergence
curves showing the plots of the fitness against the
number of generations for each of the parameters
are presented in Figure 4 and the final coefficients
obtained for each of the parameters after the con-
vergence were:

UCSGA ¼ 23:9918 þ 16:5674PWV � 6:7896q
þ 21:8088PWVq� 9:2688P2

WV

� 10:8992q2 ð16Þ

TSGA ¼ 2:5827 þ 1:4257PWV � 0:26743q
þ 1:9615PWVq� 0:9464P2

WV � 0:7926q2

ð17Þ

SSGA ¼ 4:8633 þ 1:4023PWV þ 0:0535q
þ 1:8312PWVq� 0:1812P2

WV � 1:5228q2

ð18Þ

Input 
Population size, n 
Maximum number of iterations, max 

output: 
Overall best solution, Ybest 

start 
Create initial population of n chromosomes Yi (i=1,2,…n) 
Define the iteration counter to zero (t=0) 
Compute the fitness value of each chromosomes 
 while (t<max) 

 Pick a pair of chromosomes from initial population based on fitness 
Use crossover operation on selected chromosomes with crossover probability 
Use mutation on the offspring with mutation probability 
Replace old population with newly generated population 
Increase the current iteration t by 1 

end while 
Return the best solution, Ybest 

End 
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YMGA ¼ 2351:3354 � 179:3854PWV þ 158:2887q

� 194:9337PWVqþ 140:8538P2
WV þ :::

7:3679q2

ð19Þ
From Figure 4, the best fit and mean fit were

not obvious for UCS, TS, and SS until the optimum
generation was reached, but the case of YM is dif-
ferent. Hence, the GA model maybe more suit-
able for the YM than for the other geo-mechanical
properties.

RESULTS AND DISCUSSION

Model Comparison

The proposed models were compared for each
of the investigated geo-mechanical properties of
coal. The obtained results for UCS using DISO–
ANN, MARS and GA together with the ideal fit line
are presented in Figure 5. The R2 obtained using
DISO–ANN was 0.9995, MARS 0.9918 and GA
0.8232. The R2 is proportional to the closeness of the
predicted values to the ideal fit line (Fig. 5a). Simi-
larly, the measured and the predicted values at each
data point are plotted in Figure 5b, and the GA
prediction seemed to deviate largely from the mea-
sured values while the predictions of DISO–ANN
and MARS were closer to the measured values.

Figure 6a depicts the plots of the predicted TS
using the three adopted methods against the mea-
sured values. The plots of the model predictions and
the measured values against the sample row num-
bers are also presented in Figure 6b. The R2 values
of the DISO–ANN, MARS, and GA models were
0.994, 0.966, and 0.776, respectively. Again, the
predictions of the DISO–ANN were closer to the
ideal fit line; hence, it had the highest R2. This is also
confirmed by Figure 6b as the predictions of the

DISO–ANN were the closest to the measured values
followed by the MARS models and then the GA
model.

The predicted SS were also compared with the
measured values and the sample row number. In
Figure 7a, the R2 values of the DISO–ANN, MARS,
and GA were 0.995, 0.981, and 0.831, respectively.
Comparing the models predictions to the measured
values, the DISO–ANN model predictions were
again closer to the measured SS values (Fig. 7b).
The GA model seemed to deviate from the mea-
sured values and the ideal fit line most, and as a
result it had the lowest R2. The low performances
recorded for the GA model predictions for UCS, TS,
and SS can be traced to the divergence of the best
fitness and the mean fitness in Figure 4.

Finally, the outcomes of the comparison of the
three proposed models with the measured values of
the YM are also presented in Figure 8. The R2 val-
ues of the DISO–ANN, MARS and GA were 0.998,
0.949 and 0.951, respectively (Fig. 8a). All the three
models also showed very close predictions to the
measured values when plotted with the sample row
number (Fig. 8b). However, the DISO–ANN and
GA models performed better than the MARS model
here. The good performance of the GA model can
be traced to Figure 4 where the best fitness and
mean fitness revealed similar pattern. In general, the
DISO–ANN outperformed the other two models in
all the predicted geo-mechanical properties.

Performance Assessments of the Models

The performances of the proposed DISO–
ANN, MARS and GA models were assessed further
using various statistical indicators, such as Pearson�s
r, root-mean-square error (RMSE), mean absolute
percentage error (MAPE) and variance accounted
for (VAF). The equations for computing the statis-
tical indicators are common in the literature (Lawal,
2020; Lawal et al., 2021b, 2021c; Onifade et al., 2019)
and are not repeated here. Each of these statistical
indicators has some physical meanings or value
ranges that explain how good model predictions are.
The closer a model�s Pearson�s r value is to 1, VAF
to 100%, RSME and MAPE to 0, the better the
model is. Based on this, the DISO–ANN satisfied
the physical explanation of the statistical indicators
and turned out to be the best among the proposed
models for predicting UCS, TS, SS, and YM as
presented in Table 5. It was followed by the MARS

Table 4. Selected GA parameter settings

GA parameters Selected

Population type Double vector

Population size 50

Creation function Constraint dependent

Fitness scaling function Rank

Selection function Stochastic uniform

Crossover function Constraint dependent

Mutation function Constraint dependent
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model and then the GA model. However, the per-
formance of the GA model seemed to be good for
the YM prediction.

In addition, the performances of the proposed
models were assessed further using Taylor�s diagram
for easy identification of the best model, which has
the highest Pearson�s correlation coefficient and
relatively the least standard deviation. For the four
rock properties (i.e., UCS, TS, SS, and YM), the
obtained Taylor�s diagram is shown in Figure 9. The

measured datasets have standard deviations of zero
and Pearson�s r of 1. For the rock properties studied,
the DISO–ANN, annotated as ANN in Figure 9,
yielded the best prediction performance, followed
by the MARS and GA. However, it should be
mentioned that the methods of DISO–ANN and
MARS can be evaluated together because there is
no a clear superiority over their prediction capabil-
ity.

(a) (b)

(c) (d)

Figure 4. Convergence curve of the GA optimization algorithm for a UCS b TS c SS and d YM.
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Models� Implementation Example

The datasets obtained from Khandelwal and
Singh (2009) were used to validate the proposed
models to establish further the possible effectiveness
of their predictions. The datasets used for the pur-
pose were never part of those used for the model

developments. The datasets used for the validation
comprises coal, shale and sandstone samples. How-
ever, some of the values of the rock properties
presented in Khandelwal and Singh (2009) fell out-
side the range of those used in developing the
model. For instance, PWV maybe within the range,
while density could be outside the range or one of

Figure 5. Model comparison for UCS.

Figure 6. Model comparison for TS.
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the investigated properties. However, the gap be-
tween them is not too significant and therefore we
used the 12 datasets made available by Khandelwal
and Singh (2009) to validate our model. The rock
samples used by Khandelwal and Singh (2009) were
also from an Indian coal mine. For this comparison,
the best model selected previously, namely the
DISO–ANN, was used and the outcomes for each of
the investigated parameters are presented in Fig-

ures 10 and 11. The values of Pearson�s r obtained
for the four coal properties predicted were greater
than 0.97 and very close to 1, which is the optimum
value of Pearson�s r. Therefore, the proposed model
can still give reasonable predictions of the datasets
for rock samples aside from those used in the model
development. Hence, the proposed model can be
considered general and useful for better geo-me-
chanical properties investigation.

Figure 7. Model comparison for SS.

Figure 8. Model comparison for YM.
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Table 5. Statistical evaluation of the models� performances

UCS TS

Pearson’s r 0.9998 0.9959 0.9073 Pearson’s r 0.9970 0.9831 0.8839

RMSE 0.1248 0.5495 2.3449 RMSE 0.0332 0.0818 0.2218

MAPE 0.3885 0.6908 9.5245 MAPE 1.1114 1.8457 8.3176

VAF 99.9491 99.0203 83.4732 VAF 99.3990 96.3721 70.9993

SS YM

Pearson’s r 0.9975 0.9906 0.9117 Pearson’s r 0.9991 0.9742 0.9750

RMSE 0.0639 0.1237 0.3766 RMSE 2.91108 15.5015 15.2937

MAPE 1.1069 1.9851 6.2721 MAPE 0.31295 0.6675 0.6860

VAF 99.4971 98.1350 82.6339 VAF 99.8215 94.8814 94.8712

Figure 9. Comparison of the proposed models using Taylor�s diagram.
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Sensitivity Analysis

The influence of each of the input parameters
into the models was investigated using the weighted
average method. This method is peculiar to the
ANN and one of the means for unlocking the black
box nature of the ANN according to Gevrey et al.
(2003). The method involves multiplication of the

input and output weights of the ANN structure
having in mind that each input parameter has the
equivalent assigned weight. The formula for the
computation of the weighted average method is
(Garson, 1991; Lawal et al., 2021b):

Figure 10. Validations of the proposed models using new datasets for a UCS and b TS.

Figure 11. Validations of the proposed models using new datasets for a UCS and b TS.
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Rið%Þ ¼

Pmh

h¼1

Wij j� Woj j
Pmi

i¼1

Wij j� Woj jð Þ

Pmh

h¼1

Pmi

i¼1

Wij j� Woj j
Pmi

i¼1

Wij j� Woj jð Þ

� 100 ð20Þ

where Ri(%) stands for the contributions (in per-
centage) of the model independent variables into the
model, Wi stands for the connecting weights be-
tween the input and hidden layer, Wo represents the
weights connecting the hidden and output layers, mi
stands for the number of input variables, and mh
represents the number of hidden layer neurons.
Based on Eq. 20, the obtained percentage contri-
butions of PWV and q into the DISO–ANN model
for the UCS, TS, SS, and YM are presented in Fig-
ure 12. From Figure 12, PWV had the highest influ-
ence on the UCS and YM while the coal q
influenced the TS and SS the most. Hence, if PWV is
high, it indicates that the strength of a rock will be
high. However, the higher the density is, the stiffer
the resistance to tensile or shear strength is. The
density also influenced both UCS and YM but not as
high as in the case of TS and SS.

CONCLUSIONS

Different empirical models have been proposed
in predicting coal properties to minimize cost and
time; but, majority of the existing models is based on
regression, which is unable to capture inherent

variabilities in rock properties. Hence, the need for
reliable models in predicting mechanical properties
of coal from simple non-destructive tests necessi-
tated this study. Datasets from the literature were
used to develop DISO–ANN, MARS and GA
models for the prediction of UCS, TS, SS, and YM.
The performances of the models were compared
with the measured values and were assessed statis-
tically using various statistical indices. In addition,
the models were validated using datasets that were
not part of those used in developing the models. It
was found that the proposed models are capable of
predicting mechanical properties of coal to a high
degree of accuracy, and the relationships between
the best fitness and mean fitness in GA dictated its
prediction capability.
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