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Abstract The unconfined compressive strength (UCS) of
rocks is an important design parameter in rock engineering
and geotechnics, which is required and determined for rock
mechanical studies in mining and civil projects. This
parameter is usually determined through a laboratory UCS
test. Since the preparation of high-quality samples is difficult, expensive and time consuming for laboratory tests,
development of predictive models for determining the
mechanical properties of rocks seems to be essential in
rock engineering. In this study, an attempt was made to
develop an artificial neural network (ANN) and multivariable regression analysis (MVRA) models in order to predict UCS of rock surrounding a roadway. For this, a
database of laboratory tests was prepared, which includes
rock type, Schmidt hardness, density and porosity as input
parameters and UCS as output parameter. To make a
database (including 93 datasets), different rock samples,
ranging from weak to very strong types, are used. To
compare the performance of developed models, determination coefficient (R2), variance account for (VAF), mean
absolute error (Ea) and mean relative error (Er) indices
between predicted and measured values were calculated.
Based on this comparison, it was concluded that performance of the ANN model is considerably better than the
MVRA model. Further, a sensitivity analysis shows that
rock density and Schmidt hardness were recognized as
the most effective parameters, whereas porosity was
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considered as the least effective input parameter on the
ANN model output (UCS) in this study.
Keywords Unconfined compressive strength  Artificial
neural network  Multivariable regression  Sensitivity
analysis

1 Introduction
Unconfined compressive strength of rocks has an important
role in design, construction, and long-term stability of
surface and underground structures such as mines, tunnels,
rock slopes and rock foundations. Mining engineers request
the unconfined compressive strength more often than any
other rock material property, that is, this parameter is
essential for the stability analysis of long-wall pillars,
roadways, etc. [1]. The measures and estimates of the
unconfined compressive strength of rock materials is
widely utilized in rock engineering, being important for
rock mass classifications and rock failure criteria. This
parameter is controlled by many factors such as porosity,
mineralogy, density, weathering, etc. Because of this reason, some researchers proposed some empirical equations
between the petrophysical parameters of the rocks and the
UCS [2–6]. Generally, UCS is determined directly and
indirectly by laboratory tests, as described by both the
International Society for Rock Mechanics (ISRM) and the
American Society for Testing Materials (ASTM) [7, 8].
Determination of the unconfined compressive strength
from laboratory methods requires a large number of shaped
and regular specimens and it requires carefully prepared
rock samples. Also, laboratory tests present formidable
problems in obtaining representative samples and long
testing times. Such cores cannot always be extracted from
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weak, highly fractured, thinly bedded, foliated and blockin-matrix rocks. However, weak rocks are usually not
suitable for preparing representative core samples or the
preparation of such samples is boring, time consuming and
expensive [9, 10]. In addition to laboratory tests, some
predictive models considering simple indirect tests were
developed by various investigators to predict the unconfined compressive strength [11–20]. Traditionally, statistical methods such as simple and multiple regression
techniques can be employed to establish predictive models
in rock engineering [21]. For example, prediction of
unconfined compressive strength using statistical models
has been studied by some researchers [22, 23]. In general,
statistical methods based on linear regression models suffer
from several demerits. As such, the statistical methods
predict mean values only. Consequently, if the data expend
in wide range, statistic methods cannot predict accurately.
Furthermore, this method is tolerant neither to outliers nor
to extreme values in the data. Moreover, it should be noted
that the statistical method is not suitable to cope with
nonlinear and multivariable problems [24].
The above-mentioned demerits in applying available
methods of UCS prediction are in fact the main reason to
adopt other alternatives to overcome these problems.
Therefore, development of predictive models to determine
unconfined compressive strength of rocks seems to be
necessary in rock engineering. These models give viable
tools to perform laboratory tests in a time and labor-efficient manner [5]. In recent years, new techniques such as
artificial neural networks (ANNs) and fuzzy inference
systems (FISs) have been employed for developing predictive models in complex problems. The ANN technique
is considered to be one of the most appropriate tools for
solving complex systems. This technique has the ability of
generalizing a solution from the pattern presented to it
during training process. Once the network is trained with a
sufficient number of sample datasets, predictions can be
done on the basis of previous learning [25]. Due to its
multidisciplinary nature, ANNs are becoming popular
among researchers, planners, designers, etc., as an effective
tool for the success of their works. In the last two decades,
an increase in artificial neural networks applications has
been observed in the field of rock mechanics, geotechnics,
and engineering geology [26–34]. These applications
demonstrate that ANNs are efficient in solving problems in
geosciences which many parameters influence the process.
In this study, an attempt has been made to develop an
artificial neural network model for the prediction of
unconfined compressive strength based on the information
of different rock samples. For validation of the proposed
ANN model, multivariable regression analysis (MVRA)
was also performed on the basis of same database used in
ANN modeling.
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2 Artificial neural networks
Artificial neural networks (ANNs) are simplified models of
the biological structure found in human brains. These
models consist of elementary processing units, called
neurons. It is the large amount of interconnections between
these neurons and their capability to learn from data provide a strong predicting and classification tool [35]. ANNs
have the potential to map complex and non-linear relations
between input and output variables of a system and so they
are commonly used in non-linear engineering problems. In
design of engineering projects, neural network systems can
be used to confirm and refine design solutions [31]. Neural
networks are also able to detect similarities in inputs even
though a particular input may never have been known
previously. This property allows its excellent interpolation
capabilities, especially when the input data are noisy. A
particular network is defined using three fundamental
components: transfer function, network architecture, and
learning law. One has to define these constituents
depending on the problem to be solved [36, 37].
2.1 Network training
A network needs first should be trained before taking new
information. Although there are various algorithms for
training neural networks, the feed-forward back-propagation algorithm is the most efficient one. It provides the
most efficient learning procedure for multilayer neural
networks. Also, the fact that back-propagation algorithms
are especially capable of solving predictive problems
makes them so popular. Back-propagation multilayer
neural networks consist of at least three layers including
input, hidden, and output layers (Fig. 1). Each layer consists of a number of elementary processing units, called
neurons, and each neuron is connected to the next layer
through weights, that is, neurons in the input layer will
send their output as input to neurons in the hidden layer and
there are similar connection between hidden and output

Fig. 1 Back-propagation neural network [39]
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layer. The number of hidden layers and the number of
respective neurons in each layer depend upon complexity
of the studied problem and are achieved through trial and
error method. The number of input and output neurons
is the same as the number of input and output variables
[33, 38].
To differentiate between the various processing units,
values called biases are set up into the transfer functions.
Except for the input layer, all neurons in the back-propagation network are associated with a bias neuron and a
transfer function. Transfer functions are used to transform
the weighted sum of all input signals to a neuron and
determine the neuron output strength. The bias is much like
a weight, except that it has a constant input of 1, while the
transfer function sifts the summed signals received from
this neuron [40]. Generally, non-linear sigmoid (LOGSIG,
TANSIG) and linear (POSLIN, PURELIN) functions can
be used as transfer functions. The utilization of these
transfer functions depends on the purpose of the neural network. However, the sigmoid type is more efficient.
The logarithmic sigmoid function (LOGSIG) is defined as
[41]:
f ¼

1
ð1 þ eex Þ

ð1Þ

where ex is the weighted sum of inputs for a processing
unit.
In the training process, data are processed through the
input layer to hidden layer until it reaches the output layer
(forward pass). In this layer, the output is compared to the
actual values. The difference between both is propagated
back through the network (backward pass) to update the
individual weights of the connections and the biases of the
individual neurons [42]. The input and output data are
mainly represented as vectors called training pairs. The
above process is repeated for all the training pairs in the
dataset until the network error converges to a threshold
defined by a corresponding function such as root mean
squared error (RMSE) or summed squared error (SSE).
Considering the number of neurons in the hidden layers, it
can be said that insufficient neurons can cause ‘‘underfitting,’’ whereas excessive neurons can result in ‘‘overfitting.’’ In the underfitting, the requisite accuracy of the
modeling is not achieved, whereas in the overfitting, the
network performance would not be real because instead of
realizing relationship between the patterns, network just
remembers the patterns [35, 41, 43].
In Fig. 1, the jth neuron is connected with a number of
inputs [26, 33]:
xi ¼ ðx1 ; x2 ; x3 ; . . .xn Þ

ð2Þ

The net input values in the hidden layer will be
calculated by the following equation

Netj ¼

n
X

xi wij þ hj

ð3Þ

i¼1

where xi is the input units, wij is the weight on the connection of ith input and jth neuron, hj is the bias neuron and
n is the number of input units.
Considering the above equation and using the convenient transfer function, that is, logarithmic sigmoid function, the net output from hidden layer is calculated as
follows:
Oj ¼ f ðNetj Þ ¼

1
1þ

ð4Þ

eðNetj þhJ Þ

The total input to the kth unit is calculated by
n
X
wjk Oj þ hk
Netk ¼

ð5Þ

j¼1

where hk is the bias neuron, wjk is the weight between jth
neuron and kth neuron.
So, the total output from kth unit will be as follows:
Ok ¼ f ðNetk Þ

ð6Þ

During the learning process, the network is presented
with a pair of patterns, an input pattern and a corresponding
output pattern. The network computes its own output
pattern using its weights and thresholds. Now, the actual
output is compared with the desired output. Hence, the
error for any output in layer k is calculated by this
equation:
et ¼ tk  Ok

ð7Þ

where tk and Ok are the desired output and actual output,
respectively.
The total error function is acquired by following
equation:
n
X
E ¼ 0:5
ðtk  Ok Þ2
ð8Þ
k1

Training of the network is basically a process of arriving
at an optimum weight space for the network. The steepest
descent error surface is made using the following rule:
rWjk ¼ g

dE
dWjk

ð9Þ

where g and E are the learning rate parameter and error
function, respectively.
The update of weights for the (n ? 1)th pattern is given
as follows:
Wjk ðn þ 1Þ ¼ Wjk ðnÞ þ rWjk ðnÞ

ð10Þ

Similar logic applies to the connections between the
hidden and output layers. This procedure is repeated with
each pair of training case. Each pass through all the
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training patterns is called a cycle or epoch. The process is
then repeated as many epochs as needed until the error is
within the user-specified goal [33].

3 Data collection and preparation
Data collection is one of the most important stages in the
ANN modeling. Here, rock samples were prepared for
unconfined compressive strength tests from different
coalfields, in which the parameters such as rock type,
Schmidt hardness, density and porosity were also measured. For this, the core specimens of different rock types
with NX-size (54 mm), right cylinder shape and a heightto-diameter ratio of 2.5:1 in accordance with the procedure
suggested by ISRM were selected. Besides the measured
Schmidt hardness, density, porosity and unconfined compressive strength values, a description of the rock type is
given for the individual rock samples in the dataset.
However, to make use of the linguistic descriptions in
ANN and MVRA, those descriptions have to be converted
into numerical values. It is important to be consistent in
such a conversion. Thus, the rock type is classified
according to its strength (Table 1).
In this study, 93 datasets were prepared and divided into
training and testing datasets using sorting method to
maintain statistical consistency. Among the total datasets,
20 % were chosen for testing and validation of the model.
Table 2 indicates statics of relevant parameters as well as
their respective symbols. Also, a list of sample data used
for training the ANN model and constructing the MVRA
model is given in Table 3.

4 Determination of optimum network
To make an optimum architecture of ANN model, different
types of networks must be examined based on trial and
error method. For this, root mean square error (RMSE) is
calculated for all the models, and accordingly, the model
with minimum RMSE is chosen as the optimum model.
The optimum number of neurons in hidden layers is also
obtained by trial and error method based on the minimum
RMSE. Figure 2 shows the network performance for different numbers of neuron in hidden layers. In this figure,
networks with different number of neurons in hidden layers
were examined to determine the optimum number of hidden neuron. These neurons can be located in one or two
hidden layers that their arrangements will be determined in
the next step. As can be seen from this figure, a network
with 17 neurons in hidden layers has the best performance
compared with the others. Based on the optimum number
of neurons in hidden layers, RMSE was calculated for
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Table 1 Conversion values of the rock types
Rock type

Mean UCS (MPa)

Diabase

303.18

Numeric
value
1

Gabbro

285.5

2

Olivine

280

3

Amphibolite

280

3

Dolerite

275

4

Granodiorite

275

4

Eclogite
Serpentine

270
263.97

5
6

Dunite

260

7

Norite

260

7

Quartzite

257.87

8

Quartz diorite

250

9

Groana

250

9

Peridotite

250

9

Pyroxenite

245

10

Basalt

231

11

Diopside

230

12

Granite

224.53

13

Syenite

218

14

Rhyolite

200

15

Anorthosite

200

15

Gneiss
Slate

174.4
170

16
17

Anhydride

150

18

Dolomite

143

19

Marble

135.2

20

Siltstone

131.49

21

Limestone

116.84

22

Sandstone

104.99

23

Tuff

97

24

Pitchstone

90

25

Shale

85

26

Marl

85

26

Gypsum

75.3

27

Chalk

61.66

28

Conglomerate

38

29

Schist

33.6

30

different types of the models including one and two hidden
layers with different number of neurons and transfer
functions (Table 4). RMSE is calculated by this equation
[44]:
sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
n
1X
RMSE ¼
ð11Þ
ðAimeas  Aipred Þ2
n i¼1
where Aimeas , Aipred and n are the ith measured element, ith
predicted element and the number of datasets, respectively.
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Table 2 Description of input and output parameters in the modeling
Type of data

Parameter

Symbol

Input

Rock type (-)

R

30

7.84

61.6

Schmidt hardness (-)

SH

71.33

25.25

8.58

73.65

Density (g/cm3)

D

3.8

1.65

0.43

0.19

Porosity (%)

P

Unconfined compressive strength (MPa)

UCS

Output

Table 3 Sample of dataset used for modeling
D (g/cm3)

P (%)

UCS (MPa)

No.

R (-)

SH (-)

1

Sandstone

61

2.6

3.56

184

2

Limestone

54

2.56

7.7

3
4
5

Eclogite
Schist
Dolomite

55
2.6
50.5

3.4
30
2.67

3
42.16
2.17

6

Pyroxenite

55.16

3.24

3.7

7

Pitchstone

51

2.33

9.6

8

Diabase

2.95

0.17

65.5

9

Gypsum

48.33

2.2

14.32

10

Anhydride

41.66

3.8

6

Max

Min
1

41.17
361.37

SD

0.1

7.8

23

84.09

Variance

60.88
7072.73

Table 4 Results of some models with different architecture and
transfer functions
No.

Network architecture

Transfer function

RMSE

127

1

4-17-1

POSLIN

0.0121

260

2

4-17-1

PURELIN

0.0267

3

4-10-7-1

TANSIG

0.0098

110

4

4-7-10-1

LOGSIG

0.0086

230

5

4-11-6-1

PURELIN

0.0078

90

6

4-6-11-1

POSLIN

0.0082

70

7
8

4-5-12-1
4-5-12-1

TANSIG
LOGSIG

0.0076
0.0064

150

9

4-9-8-1

TANSIG

0.0058

10

4-9-8-1

LOGSIG

0.0043

33.6

361.37

Fig. 2 Network performances for different numbers of neuron in
hidden layers

As can be seen from Fig. 2 and Table 4, the network
with architecture 4-9-8-1 and LOGSIG transfer function
has the minimum RMSE, hence considered as the optimum
model. Figure 3 shows a graphical presentation of this
network. Also, the whole information of optimum network
architecture is given in Table 5.
To test and validate the optimum ANN model, about
20 % of dataset was chosen randomly. These data were not
used in training the network. It validates the ANN application in a more versatile way. The results of the network
are presented in this section to demonstrate its performance. Correlation coefficient between the predicted and

Fig. 3 Suggested MNN for the UCS prediction

measured values of UCS is taken as the network performance. The prediction was based on the input datasets that
discussed in the previous section. Figure 4 shows the
optimum network results in terms of correlation coefficient
for training, validation, and testing processes.

5 Multivariable regression analysis
Multivariable regression analysis (MVRA) is an extension
of the regression analysis that includes additional independent variables in the predictive equation. This method
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Table 5 Whole information of optimum network architecture
Number of input neurons

1

Number of hidden layers

2

Number of hidden neurons

17

Number of output neurons

1

Number of training epochs

300

Number of training datasets

75

Number of testing datasets

18

Training function

Levenberg–Marquardt
back-propagation

Transfer function

LOGSIG

Learning rate

0.1

Error goal

0

is employed to establish a mathematical formula in order to
predict the dependent variables based on the known independent variables [45]. Here, a relationship between
unconfined compressive strength (output) and the other
relevant parameters (inputs), that is, Schmidt hardness,
density, and porosity, has been discussed based on the
multivariable regression. To generate multivariate relation
on the basis of same database as considered for training the
ANN model, the statistical software package SPSS19 was
used. Accordingly, this equation is obtained for the prediction of UCS:

Fig. 4 Results of the optimum
neural network model
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UCS ¼ 229 þ 3:74SH þ 76:2D  3:24P

ð12Þ

6 Comparison of models performance
To control the prediction performances of both the ANN
and MVRA models, their predicted UCS are compared
with the measured ones. For this purpose, four key performance indices (KPIs), including determination coefficient (R2), variant account for (VAF), mean absolute error
(Ea), and mean relative error (Er) were chosen and calculated based on the testing data. Further, these indices are
computed using the following equations [35, 44].

!
var Aimeas  Aipred


VAF ¼ 100 1 
ð13Þ
var Aipred


Ea ¼ Aimeas  Aipred 
ð14Þ




Aimeas  Aipred 
Er ¼
 100
ð15Þ
Aimeas
where, Aimeas is the ith measured element, Aipred is the ith
predicted element.
For testing the models, 18 datasets that were not
incorporated into the development of the models were
used. Based on the testing data, the models performance
indices were calculated and summarized in Table 6. Also,

Neural Comput & Applic (2013) 23:381–389
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Table 6 Performance indices of the models
Index

ANN
model

MVRA
model

R2

97.25 %

89.88 %

VAF

95.65 %

91.61 %

Ea

0.0942

0.1117

Er

1.1127 %

2.3422 %

Fig. 7 Strengths of relation (rij) between the UCS and input
parameters

Fig. 5 Comparison between the measured and predicted UCS for the
ANN model

in the modeling. The Cosine Amplitude Method (CAM) is
one of the sensitivity analysis methods that used to obtain
the express similarity relations between the related
parameters [46]. To apply this method, all of the data pairs
were expressed in common X-space. The data pairs used to
construct a data array X defined as:
X ¼ fX1 ; X2 ; X3 ; . . .Xm g

ð16Þ

Each of the elements, Xi, in the data array X is a vector
of lengths of m, that is:
Xi ¼ fxi1 ; xi2 ; xi3 ; . . .; xim g1

ð17Þ

Thus, each of the data pairs can be thought of as a point
in m-dimensional space, where each point requires mcoordinates for a full description. Each element of a
relation, rij, results in a pairwise comparison of two data
pairs. Therefore, the strength of the relation between the
data pairs, xi and xj, is given by this equation:
sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
m
m
m
X
X
X
ð18Þ
rij ¼
xik xjk =
x2ik
x2jk
k¼1

Fig. 6 Comparison between measured and predicted UCS for the
MVRA model

comparison between predicted and measured UCS for
ANN and MVRA models are shown in the Figs. 5 and 6,
respectively. It can be seen from the above comparisons
that the performance of ANN model in terms of those
indices is much better than MVRA model and its results are
closer to the real values.

7 Sensitivity analysis
A sensitivity analysis was used to identify the significance
of each input parameter on the objective (output) parameter

k¼1

k¼1

Here, the strengths of relations (rij values) between the
UCS (output) and input parameters using the CAM method
are shown in Fig. 7. As can be seen, the most effective
parameter on the UCS is density and Schmidt hardness,
whereas porosity is the least effective parameter on the
UCS.
8 Conclusion
In this study, a neural network model was developed to
predict unconfined compressive strength. A feed-forward
back-propagation neural network with architecture 4-9-8-1
and RMSE of 0.0043 was found to be an optimum network.
To approve the capability of this approach, the obtained
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results are compared with the results of MVRA model on
the basis of same dada. Performance of the models has
been evaluated by calculating determination coefficient
(R2), variance account for (VAF), mean absolute error (Ea),
and mean relative error (Er). For the ANN model, R2,
VAF, Ea, and Er were calculated 97.25, 95.65 %, 0.0942
MPa, 1.1127 %, respectively, whereas for the MVRA
model, R2, VAF, Ea, and Er were determined 89.88 %,
91.61 %, 0.1117 MPa, 2.3422 %, respectively. It was
concluded that the ANN results indicate very close agreement for the UCS with the laboratory datasets as compared
with the MVRA predictions. Moreover, sensitivity analysis
of the ANN results revealed that the most effective
parameters on the UCS are the density and Schmidt hardness, whereas porosity is the least effective parameter on
the UCS in this study. Considering the above results, it can
be concluded that the ANN model has good capability in
predicting UCS and proves to be simpler and more economical in comparison with tedious and expensive laboratory procedures. Therefore, this technique can be used to
determine unconfined compressive strength in mining
application such as failure analysis of long walls, stability
analysis of pillars, roadways, etc.
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