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Now-a-days safety issues are the major issues in any industry,
workplace etc. Increasing accidents not only reduce the
safety in workplace also affects the economic strength of the
industry, state and the country. An accident alarming system
is one of the solutions for preventing accident in industry.
However, it is very difficult to make mathematical, intelligent
model for approximate the accident, as accident is not a
measurable quality. In general, accident is not a measurable
quantity. Factors associated or related to accident issues are
also not measurable. Hence, these issues are coming under
high uncertainty problem. Here the only choice is fuzzy
logic, which can be applied for approximating the above
issues as fuzzy logic is a universal approximation. In this
research article, an attempt has been made to design an
intelligent accident alarming system with fuzzy logic.
Initially a mathematical model was developed using Likert
scale with the severity index value. After the development of
the model, appropriate factors were determined, and then
fuzzy logic was used to develop an intelligent alarming
system for prediction of accidents for anopencast coal mine.

Keywords: Safety, Likert scale, severity index, fuzzy logic,
Mamdani Fuzzy Inference System

1. Introduction

Safety is a primary concern for the human survival and
development, which are the common values of human
society. Safe production situation is a huge project and

reflection of economical, industrial, educational, and scientific
and technological development. Safety can be enhanced by
minimizing the accidents in industry. Compared to other
industries, accidents are major issue in mining industry as
huge man-power used for production in mines. The various
factors related to safety issues including technical factors,
human and managerial. The different causative factors in
underground coal mines can be roof fall, water, fire, coal-dust,
gases, firedamp, inundation, blasting, electricity etc. The
technological advancement cannot replace the human
interaction in the overall process of the mining [1, 2].

Safety is a relative term compared for different mines, and
it has to be told by making a scale which would not change
with the change in extent and area of mine, with the change
in opinion and ability of persons employed and with the
change in production target of mine and effort done by
changing in plan to achieve it. DGMS Circular defines risk
assessment process in a mine but it does not focus on
classifying mines on safety comparison at national or
international basis [3]. Sometime it also fails to provide
accident grading of different mines when mine is large or
small, either it is mechanized, manual or semi mechanized and
also do not consider the skills and ability of employees and
other factors. Therefore forecasting the accident with
intelligent system in mines is now a challenging issue at
present [4]. In general, accident is not a measurable quantity.
Factors associated or related to accident issues are also not
measurable. Hence, these issues come under high uncertainty
problem. Very few mathematical models are available in
literature for approximate this type of high uncertainty
problem [5,6, 12]. Hence the only choice is fuzzy logic, which
can be applied for approximating the above issues as fuzzy
logic is a universal approximator [7, 8]. Particularly for
predicting accident in mining or construction areas is very
difficult and need appropriate parameters [9,10, 11, 13].
Therefore, fuzzy system cannot directly apply to approximate
accident. Before developing the intelligent model with fuzzy
logic, it is essential to make a mathematical model to find the
appropriate parameters for approximation of the accident in
opencast mine.

To find the appropriate responsible parameters those have
influences on accident in mines, Statistical Processing System
(Likert scale) is required [5]. Likert scale determines the
correlation values between the factors taken in questionnaire
survey. After the development of the model, appropriate
factors with high correlation value (servity index) are
considered for development of an intelligence alarming
system for prediction or approximation of accident for an
opencast coal mine. As fuzzy logic is an universal
approximator and successfully applied to many complex
engineering applications and successfully handled
uncertainties, therefore, fuzzy logic system is a well justified
methodology for this proposed problem [15, 16] .
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This research article is spread in four sections. Section-1
highlights the problem aspect of safety issues in opencast
mines, Section-2 represents the methodology and description
on fuzzy logic-based accident alarm system for opencast
mines, Section-3 represents the simulation studies of the
proposed model and Section-4 highlights the findings,
recommendation and conclusion of the proposed study.

2. Development of fuzzy logic based accident alarming
system for opencast mine

Accident measurement in opencast mine is treated as higher
uncertainty problem. Directly any intelligent system cannot
measure the high uncertainty problem like accident etc.
Therefore, a statistical intelligent processing unit (SIPU) or a
statistical process model (SPM) is required to find the
dependent parameter for accident. Fig. 1 represents system
hierarchy diagram of the proposed work. As per Fig.1, Likert
scale system was used for finding the dependent factors for
accident and according to severity index, suitable parameters
were chosen.

2.1 APPLICATION OF LIKERT SCALE FOR FINDING THE SUITABLE

PARAMETER FOR ACCIDENT MEASURES WITH THE VALUE OF

SEVERITY INDEX

Perception and ability of individual are evaluated in

questionnaire survey, observing the collective responses to
a set of items. Frequencies of all responses are scored
describing the overall importance of factors involved in
analysis system concerned with safety. Likert-type scales are
the basis of option formation of questionnaires so that the
responses can be evaluated. Safety and accident analysis are
unreliable without consideration of factors directly related to
people working in mines which involves their attitude,
dedication and skill towards productivity with safety.

Five-point Likert item questions were used for containing
factors which have been identified to be responsible for their
importance in opencast coal mine safety. Factors of
production affecting the safety (Q-2), and factors of mine
management, workers ability and factors on site (Q-1) are
questioned. These factors are highly uncertain to be taken in
common for other person and other mines, therefore
companywise consideration of mines have been done to
analyze number of accidents by various factors. The analysis
of number of accidents contains unpredictability in it as it is
a countable value, occurs at different places according to
situation. Situation for accident cannot be told previously,
and its situation can be just estimated by various factors as
told above like production, safety, skill of workers, awareness,
love of work and other. So, for prediction of degree of safety

TABLE 1: FACTORS THAT ARE INFLUENCE ACCIDENT IN OPENCAST MINES

(a) Management factors

1. Inspection delays 1 2 3 4 5

2. Skill in loading and hauling machinery 1 2 3 4 5

3. Lack of proper safety equipments 1 2 3 4 5

4. Communication and coordination gap 1 2 3 4 5

5. Lack of motivation and awareness 1 2 3 4 5

6. Safety measures and laws enforced 1 2 3 4 5

(b) Workers ability and attitude

7. Education 1 2 3 4 5

8. Safety knowledge and state of emergency 1 2 3 4 5

9. Attitude towards illegal operation of colleagues 1 2 3 4 5

(c) Site factors

10. By explosive (blasting) 1 2 3 4 5

11. Electricity leakage 1 2 3 4 5

12. Loading/hauling machines 1 2 3 4 5

13. Support installation machines 1 2 3 4 5

14. Pre-mature collapse 1 2 3 4 5

(d) Management personnel decision

15. Title or office post 1 2 3 4 5

16. Monthly income 1 2 3 4 5

17. Extent of current love of work 1 2 3 4 5

18. Time on post 1 2 3 4 5

19. Work concern and promoting of work culture in laborers 1 2 3 4 5

20. Decision making capabilities 1 2 3 4 5

21. Satisfaction of working conditions 1 2 3 4 5

22. Status of life satisfaction 1 2 3 4 5
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Fig.1 System hierarchy diagram of proposed problem
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means range of accidents in the intelligent prediction models
have been used, and fuzzy modelling has been identified as
most appropriate model for its reorganization pattern and
applicability. Five significant influencing factors (Table 1)
identified through questionnaire survey were then surveyed
by more 200 questionnaires recorded at sites on the Likert
scale of 1 to 5 during data collection. Factors recorded were
then statistically analyzed by calculating severity index (S.I.)
(expression 1) as shown in Table 2. S.I. of the factors have
been calculated by using Eqn. (1) as mentioned below [13].
These factors were ranked based on the values of S.I
calculated as shown in Table 3.

... (1)

Total number of twenty-two factors (Table 1) are chosen
for evaluating accident in opencast mine. The questionnaire
survey comprised four different categories e.g. (a)
management factor, (b) worker ability and attitude (c) site
factors and (d) management personal decision. Each category
was classified into different sub-categories and represented
in Table 1. In questionnaire survey, every factor and sub
factors are examined with a rank value of 1 to 5. Using Likert
scale, calculating severity index, eight factors were selected
with high severity index value. However, the best Five factors
(high severity index value) Inspection delay (F1), Skill in
loading and hauling machine operation (F2), Communication
and coordination gap in management persons (F3), Lack of
motivation, safety knowledge and state emergency
knowledge (F4) and Safety measures and laws enforced (F5)
were selected. Using these five most influencing factors, an
intelligent system designed to approximate accident in
opencast mines. The next section highlights the fuzzy logic
system and procedure of the fuzzy based intelligent alarming
system for approximate the accidents by taking all above
selected parameters.

2.2 PRELIMINARY INTRODUCTION TO FUZZY RULE BASE SYSTEM

This section introduces fuzzy systems. Detailed analysis

on fuzzy system can be found in numerous literatures [14, 15].
Fig.2 represents the basic architecture of fuzzy logic system.
A fuzzy rule-based system consists of four parts: fuzzifier,
knowledge base, inference engine and defuzzifier. These four
parts are described below:

• Membership function: The major issues in all fuzzy sets
are how to determine fuzzy membership functions. The
membership function fully defines the fuzzy set. A
membership function provides a measure of the degree of
similarity of an element to a fuzzy set. Membership
functions can take any form, but there are some common
examples that appear in real applications. Membership
Function can either be chosen by the user arbitrarily,
based on the user’s experience (MF chosen by two users
could be different depending upon their experiences,
perspectives, etc.) or be designed using machine learning
methods (e.g., artificial neural networks, genetic
algorithms, etc.).There are different shapes of membership
functions; triangular, trapezoidal, piecewise-linear,
Gaussian, bell-shaped, etc.

• Inference engine: The inference system or the decision-
making unit performs the inference operations on the
rules. It handles the way in which the rules are combined.
This block gives the information on the inference on rules.
Generally Min-Max. Min-product, Max-product or
Product-min inference used in this block. This block
behaves like a decision kind of unit of entire fuzzy system
block where it handles the way in which the rules are
combined.

• Rule base: The above description shows the behaviour
of a fuzzy expert system. Let X is the universe of discourse
and x is the elements of X. A fuzzy set A in a universe of
discourse X is characterized by a membership function
A(x) which has a value ranging from 0 to 1. If there are n
fuzzy sets associated with a given input x, then fuzzifier
would produce n fuzzy sets as A1(x), A2(x)...An(x) with n
number of membership function Ai,i = 1,2n. This process
is called the fuzzification. After fuzzification the
information goes to knowledge base which comprises a
database and rule-base. Membership functions of the

TABLE 2: CALCULATED SEVERITY INDEX OF SELECTED INFLUENCE FACTORS

Company

Management and workmen factors and Mine site

Factors C1 C2 C3 C4 C5

1 Inspection delays 86.7 86.6 86.6 87.1 85.7

2 Skill in loading and hauling machine operation 86.8 85.9 88.1 83.4 87.2

3 Communication and coordination gap in management persons 86.3 86.5 87.3 87.1 86.7

4 Lack of motivation, safety knowledge and state of emergency knowledge 88.3 86.1 87.4 87.1 86.9

5 Explosion 47.8 46.2 48.1 45.4 47.5

6 Safety measures and laws enforced 84.1 86.2 88.4 86.9 69.5

7 Team internal politics and illegal attitude of workmen 65.8 64.9 64.4 64.1 53.8

8 Decision making capabilities of management personnel 63.5 63.1 62.9 62.8 52.5
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TABLE 3: INPUTS AND OUTPUT WITH THEIR FUZZY AND FUZZY INTERVALS

System’s linguistic variable Variables Linguistic values Fuzzy interval Remarks
(in %)

1. Inputs Factor-1 Low 5-20 Very important

Medium 15-55

High 50-100

Factor-2 Low 5-20 Very important

Medium 15-55

High 50-100

Factor-3 Low 5-20 Very important

Medium 15-55

High 50-100

Factor-4 Low 5-20 Important

Medium 15-55

High 50-100

Factor-5 Low 5-20 Moderate

Medium 15-55

High 50-100

2. Output Percentage of
accident Low 5-20 (green-color)

Medium 15-45 (yellow-color)

High 40-85 (violet-color)

Very high 80-100 (red-color)

Fig.2 Basic structure of fuzzy logic system

fuzzy sets are contained in the
data base. The rule base is a set
of linguistic statements in the
appearance of IF-THEN rules
with antecedents and
consequents, correspondingly,
with and or operators.

• Defuzzification: The output
generated by the inference
block is always fuzzy in nature.
A real world system will always
require the output of the fuzzy
system to the crisp or in the
form of real world input. The
job of the defuzzifier is to
receive the fuzzy input and
provide real world output. In
operation, it works in the
opposite way to the input.

2.3 PROCEDURE FOR FUZZY RULE

BASED ACCIDENT ALARMING SYSTEM

The procedure for fuzzy rule
based accident alarming system for
opencast mine is illustrated in
Fig.3.

The structure of fuzzy inference
system applied to accident alarming
system is discussed as follows:

Fig.3 Architecture of the fuzzy inference system applied to accident alarming system
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2.3.1 Selection of input and output variables

The first step in system modelling was the identification
of input and output variables called the system variables.
Only those inputs that affect, the output to a large extent
was selected. The five important input variables were
inspection delay (F1), skill in loading and hauling machine
operation (F2), communication and coordination gap in
management persons (F3), lack of motivation, safety
knowledge and state emergency knowledge (F4) and safety
measures and laws enforced (F5) selected. Inclusion of more
number of inputs to the system requires more number of
rules and hence the complexity increases. The universe of
discourse was also decided on the basis of the physical
nature of the problem. In the selection procedure, the above
mentioned inputs and the output were taken in the form of
linguistic format which displayed an important role in the
application of fuzzy logic. For example, F1 = low, medium,
high, F2 = low, medium, high, F3 = low, medium, high, F4 =
low, medium, high, F5 = low, medium, high .The output
variables were similarly divided into percentage of accident
= low, medium, high, very high. A linguistic variable is a
variable whose values are words or sentences in a
natural or man-made language. All the input factors are also
evaluated and represented with remark. Table 3 shows the
linguistic variables, their linguistic value, remark on
influence of the input parameters and associated fuzzy
intervals.

2.3.2 Selection of membership function for input and
output variables

Linguistic values were expressed in the form of fuzzy sets.
A fuzzy set is usually defined by its membership functions.
In general, triangular and trapezoidal membership functions
were used to normalize the crisp inputs because of their
simplicity and computational efficiency [16, 17].

... (2)

... (3)

The triangular membership functions as described in the
above equations is used at here that converted the linguistic
values in the range of 0 to 1. Where a, b, c are the parameters
of the linguistic value and x is the range of the input
parameters. In this proposed model, all the membership
functions of inputs and output are represented in triangular
membership function. Figs.4 to 9 represent the graphical
representation of the membership function of input variables
and output variable.

Fig.4 Graphical representation of membership function of factor 1

Fig.5 Graphical representations of membership function of factor 2

2.3.3 Formation of linguistic rule-base

The relationship between input and the output were
represented in the form of IF-THEN rules. Let the 1st input
(F1) was taken as A, the 2nd input (F2) as B, 3rd input (F3) as
C, 4th input (F4) was taken as D and the 5th input (F5) was
taken as (E) and the output (% of accident) is taken as Z. As
per the fuzzy systems, all the inputs had three membership
functions each, hence 243 rules were made. In Mamdani fuzzy
model, Max-min inference was applied. The rule base a
combination of rules of the Mamdani fuzzy system, were
generated in the following ways:

R1 = IF A is A1 = Low AND B is B1 = Low AND C is C1
= Low AND D is D1 = Low AND E is E1 = Low THEN
Accident (Z) is Z = Z1 = Low;

R2 = IF A is A1 = Low AND B is B1 = Low AND C is C1
= Low AND D is D1 = Low AND E is E2 = Medium THEN
Accident (Z) is Z = Z1 = Low;

R243 = IF A is A3 = High AND B is B3 = High AND C is
C3 = High AND D is D3 = High AND E is E3 = High THEN
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Accident (Z) is Z = Z3 = High;

2.3.4 Defuzziûcation

In this proposed model, centroid of area (COA) method
of defuzzification is used for determining the output as

Fig.6 Graphical representations of membership function of factor 3

Fig.7 Graphical representations of membership function of factor 4

expressed in equation (3) [18].

3. Simulation result and discussion

The proposed system models for accident risk were validated
using simulation studies. The studies were carried out by
using Matlab simulation environment. This proposed model
was simulated using Intel Core i3 Processor, 3.3 GHz CPU, 4
GB ram and 64 bit operating system. The proposed system
model for accident measure is validated using simulation
studies. Before coming to the simulation, a mathematical
model was designed with Likert scale as discussed in section
2.1. From this statistical analysis the non-measurable
equantities were quantified using Likert scale. Out of several
factors those partially and fully affect the accident in

Fig.8 Graphical representations of membership function of factor 5

Fig.9 Graphical representations of membership function of output
(accident risk)
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opencast mines, influencing factors were selected. After the
questionnaire survey, rank analysis of the Likert scale method
was used. Severity index of included factors was calculated.

For this study the entire data was collected from Talcher
coal mine, Odisha, India. The total no. of data is approximately
200. Using these samples and experimented severity index
value of included parameters co-relations, co-efficient of each
factor is calculated. From the analysis it is found that factor
1, factor 2, factor 5 are co-related value is more than 0.8 and
these factors are highly responsible for the accidents in
opencast mines and hence selected for model development.

The above analysis gives information of the influence
parameters that affect the accident in opencast mines.
However this analysis never makes a learning system using
human intelligence. For this it is essential to make an
intelligent model for analyzing system for this complex
problem. Using the above analysis, other intelligent models
like MLP, RBF, and genetic algorithm etc. are impossible to be
implemented in reality. Hence, Mamdani fuzzy model was
developed and discussed. The fuzzy parameters are
successfully checked to ensure the performance of the design
model. For Mamdani fuzzy inference system, the no. of rules
are 243.

To make this system for software application, here another
approach has been implemented using MATLAB GUI. For

Fig.10 Implication, aggregation and defuzzification of the
proposed system

this type of high uncertainty problem, MATLAB is a suitable
programming tool. The five factors represented in Table 3
were taken as input to system and the output is accident risk.
Mamdani fuzzy inference system has been used and 243 rules
are applied in this software. The fuzzy based accident alarming
system aggression and implication is shown in Fig.10.

Using the concept of fuzzy implication, aggregation (MIN-
MAX) and fuzzy defuzzification, typical fuzzy inference based
accident prediction software is made and represented in
Fig.11.

As per Table 3, the system is designed and the
relationship between input parameters and output parameters
are represented by 3D surface plot. To study the performance
of the fuzzy system, 3D surface view plots were generated.
As there are five inputs, hence twenty set of surface plots
were generated. For each input set, there are four surface plots
which are essentially plotted. All the surface plots are
represented from Figs.12 to 14. Fig.12 represented the surface
view plot of input 1 with other inputs with output. It generally
represented the effectiveness of the output (% of accident)
with factor 1 with factor 2, factor 3, factor 4 and factor 5
respectively. Fig.12(a) represents the characteristics of output
with F1 and F2. From this figure it was observed that the
output sharply increases with the value of F1 and F2 as the
factor F1 and F2 are the very important factors as already
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Fig.11 MATLAB GUI (software) for accident risk prediction in mines

Fig.12 (a) Surface plot between % of accident with factor 1 and factor 2, (b) factor 1
and factor 3, (c) factor 1 and factor 4, (d) factor 1 and factor 5

14 represent the effectiveness of output with
other input variables.

4. Conclusions

In this proposed work, it is possible to design
a fuzzy based intelligent alarming system for
accident prediction for an opencast mine by
using statistical processing system (Likert
scale). The present analysis gives information
of the influence parameters that affect the
accident in opencast mines. However, this
analysis never makes a learning system using
human intelligence. However, using the human
intelligence, other intelligent models like MLP,
RPF, and genetic algorithm etc were difficult to
be implemented, whereas fuzzy logic system is
comparatively easy to make such intelligent
system using human intelligence. From the
simulation study the effectiveness of the
proposed fuzzy intelligent model was also
evaluated. As the system take very less CPU
time 0.33 sec, it will easily be implemented in

represented in Table 3. Similar results are represented in Fig.12
(b). In Fig.11 (c) and Fig.11(d), the output linearly decreased
with the increment value of F1, F4 and F5 as the factors F4
and F5 are the less important variables. Similarly, Fig.13 and

hardware. It is clearly observed from the simulation study, the
proposed fuzzy logic system very successfully handles the
uncertainties associated with this complex problem in
opencast mine. The developed GUI (Software) helps mining



112 MARCH 2020

industry to measure accident for enhancing the safety and
helpful to save life in mines.
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