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Human factors are the main cause of mine accidents. With the aid of the Apriori algorithm,
this paper establishes a new correlation analysis model for human factors in mine
accidents. The model can predict the failure probability of human factors. Next, an
evaluation index system for human reliability of mine operators was constructed. On this
basis, fuzzy comprehensive evaluation (FCE) and analytic hierarchy process (AHP) were
combined with neural network (NN) to evaluate human reliability of mine operators with
stable performance. Meanwhile, principal component analysis (PCA) was combined with
NN to evaluate human reliability of mine operators with unstable performance. Compared

with the traditional evaluation methods, the proposed model reduces the dimension of
input vector set, tolerates incomplete data samples, and achieves a high prediction

accuracy.

1. INTRODUCTION

Mining has a much higher occurrence of serious and fatal
accidents than other industries. Most mine accidents arise from
unsafe behaviors of operators and unsafe state of objects. In
recent years, the unsafe state of objects has been effectively
eliminated, thanks to the great progress in mine safety
management. The progress is the result of multiple factors: the
modernization of mining equipment, the safety improvement
of production system, and the advancement in various
technologies (ventilation, safety monitoring, fire control, dust
control, etc.). However, the progress on the control of unsafe
behaviors is relatively slow.

Human behaviors are a direct cause of accidents, and an
influencer of the unsafe state of objects. In general, 70%-90%
of all accidents are directly or indirectly induced by human
error; the ratio is even higher in the mining industry [1, 2]. In
the last three decades, 96.5% of mine accidents in China were
resulted from human error [3]. Suffice it to say that human
error is the leading hazard of mine safety. To reduce human
error, it is necessary to accurately evaluate human reliability.

Despite drawing much attention, human reliability has not
been evaluated with sufficient data or perfect models. There is
not yet a report that quantifies human reliability in mine
systems, which features heavy hazard sources, highly complex
operations, harsh working conditions, various types of work,
and low quality of operators. This calls for in-depth analysis
on human factors in mine accidents, correct identification of
unsafe behaviors of operators, and accurate evaluation of
human reliability in mine system.

The mine is a complex system involving the interaction
between operators, equipment, and environment. Besides
equipment reliability and environmental impact, the human
reliability of operators has a nonnegligible influence on mine
safety. By evaluating the human reliability, it is possible to

409

find the behavior patterns of operators and detect their
psychological problems in time. Then, new countermeasures
could be put forward to prevent and control mine accidents.
In this paper, a new correlation analysis model is created
based on Apriori algorithm to predict the failure probability of
human factors in mine accidents, and an evaluation index
system was set up for reliability of mine operators. Next, the
human reliabilities of mine operators with stable performance
and with unstable performance were evaluated by fuzzy
comprehensive evaluation (FCE) + analytic hierarchy process
(AHP) + neural network (NN) and principal component
analysis (PCA) + neutral network (NN), respectively. The
superiority of our model was proved through example analysis.

2. LITERATURE REVIEW

Human reliability refers to the probability that operators
complete a task within the specified time in any stage of
system operation [4]. As an emerging subject, the evaluation
of human reliability aims to quantify and qualify the reliability
of operators, making it possible to analyze, predict and reduce
human error [5]. As stated by Kirwan [6], human reliability
evaluation mainly derives the probability of accidents induced
by human error, and finds the way to minimize human error.

The development of human reliability evaluation can be
divided into two stages. In the first stage, the evaluation
models for human reliability are grounded on the theory of
human behaviors. These models are static in nature, because
they treat human behaviors like machine actions [7, 8]. In the
second stage, the evaluation models focus on the dynamic
cognitive process of human in specific scenarios, and tackle
the mechanism of human error in the event of accidents.
Moreover, the evaluation fully considers the operation
experience of industrial system, as well as the measured or
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simulated information [9]. In recent years, the emphasis of
human reliability evaluation shifts to the application of
existing methods in various fields. To lower the possibility of
human error, De Felice et al. [10] highlighted the importance
of monitoring human reliability in railway transport, and
evaluated the human reliability in railway operations with a
knowledge-based system. Akyuz and Celik [11] integrated the
AHP to the human error assessment and reduction technique
(HEART), calculated the impact of human error by adjusting
the weight ratio of human factors, analyzed the human
reliability in chemical cleaning of oil tanks, enhancing the
shipping reliability of hazardous chemicals. Kim and Kim [12]
pointed out that traditional probabilistic safety analyses often
view the probability of human-induced events as part of the
probability of triggering events, and determined the human-
induced events that trigger low power consumption and
shutdown of nuclear power plants. Considering the features of
various analysis methods, Sun and Bin [13] examined the
factors affecting human reliability in software testing, and
proposed feasible solutions that enhance human reliability in
software testing. Using Bayesian network, Liao et al. [14]
quantified the probability of unsafe behaviors caused by
design failure, and designed an economic and effective way to
improve system safety: preventing accidents through design.
Many scholars have evaluated human reliability in mine
operations. Xu et al. [15] conducted an empirical analysis with
cognitive reliability and error analysis method (CREAM), put
the failure probability of underground driving and drilling at
0.025, and suggested enhancing human reliability in mine
excavation by reducing the probability of the most possible
failure mode of drilling. Wang et al. [16] proposed a method
to predict and evaluate human error in mine operations, and
applied the method to assess the reliability of operators in the
mine. Drawing on grey correlation theory, Li et al. [17]
quantified the CREAM control mode, and modelled the
relationship between probability of human error (HEP) and
degree of grey correlation. Wang et al. [16] established a
human error risk analysis framework for emergency
evacuation in mines, which includes scenario and task analysis,
risk assessment, and risk reduction; human safety barriers
were divided into organization, group and personal levels.

3. MODEL CONSTRUCTION

Quantitative evaluation of human reliability or HEP can
find out the fundamental cause of human error. In this section,
the CREAM method of human reliability analysis method is
used to trace and analyze the occurred accidents, and to
explore the unobservable human factors which caused the
accidents. A new human reliability analysis model is
established by combining the HEP prediction technology with
the error analysis method by using Apriori algorithm.

3.1 Selection of evaluation method

Each human reliability evaluation method has its merits and
defects. There is no evaluation method that applies to human
reliability in all systems. In many systems, it is necessary to
combined two or more evaluation methods. Technique for
human error rate prediction (THERP) [18] decomposes each
human task into several subtasks, sets up an event tree with the
task as the trunk, assigns the failure probability of each
subtasks on each branch by looking up the table, and computes
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the failure probability of the task by weighting those of all
branches. This approach can accurately depict the operation
features of every task, yet fails to reflect the effect of human
cognition on accidents. To makes matters worse, the weighted
calculation is easy to accumulate error, and the failure
probability table of THERP is not suitable for all kinds of tasks.

CREAM [19] builds up an effective and reasonable failure
probability model, which identifies the cognitive control mode
of the cognitive behavior in each branch, assigns the failure
probability to the identified cognitive control mode by looking
up the table, and adjusts the probability based on the
performance factors that reflect the features of situational
environment (because the situation environment might affect
human cognitive behavior). The failure probability evaluation
model is well known for its reliability and accuracy in data
quantification. As a result, the CREAM has been widely
adopted to evaluate human reliability.

The combination of THERP and CREAM can give full play
to their merits, and avoid their defects: the task decomposition
and event tree construction are realized by THERP, while the
failure probability is estimated in the light of the basic failure
probability and the performance factors given by CREAM. In
this way, the failure probability estimation will be more
practical, and the human reliability evaluation will be more
accurate.

The THERP-based quantification of failure probability
consists of four stages: system familiarization, qualitative
analysis, quantitative analysis, and result application. During
qualitative analysis, the action types, action objects, and
potential human errors of a task are analyzed in details, and the
possible wrong actions and their types are identified. On this
basis, the task is decomposed into a series of subtasks, and
depicted with an event tree of human reliability evaluation.

After task decomposition, the subtasks have two logic
relations: series and parallel. If the subtasks are connected in
series, then task can succeed only if all subtasks are successful;
if the subtasks are in parallel, then the task can succeed if any
subtask is successfully. The success and failure probabilities
of the task with series subtasks and the task with parallel
subtasks can be quantified respectively by:

P(S) = u(v|w) |
{p(p) = 1—ulw) = uV W) + UIU) + UV |U) (M
{P(S) =UW|0) = ullu) + ulViuw) + U(w|U) 5
P(F) = U(V|U) &Y

where, S and F are the success and failure of the task,
respectively; U and V are two subtasks; u and v are success
and success probability of a subtask, respectively.

In the event tree of human reliability evaluation, HEP is
affected by operator quality, current state of individuals,
hardware reliability, management mechanism, and
environmental conditions. The actual HEP of each subtask
must be modified based on performance factors. Since the
HEP is a conditional probability, it is necessary to consider the
correlation between subtasks and operators in the system.
Otherwise, the predicted HEP will be seriously distorted.
Suppose a task can be logically divided into subtask U and
subtask V in time order, that is, subtas U occurs before subtask
V. If subtask U k fails, then the failure probability of V falls in
one of the five levels according to the correlation between U
and V:

Full correlation:



PVIU) =1 3)

High correlation:
PVIU) = (1+P())/2 “4)

Medium correlation:

P(VIU) = (1+6P(V))/7 (5)

Low correlation:
P(VIU) = (1 + 19P(V))/20 (6)

Zero correlation:
P(VIU) = P(V) (7

3.2 Improved evaluation model

CREAM holds that human error arises from incorrect
cognition of the situation and wrong decision induced by the
environment, in addition to wrong actions. There are four
kinds of cognitive control modes in CREAM: scrambled,
opportunistic, tactical and strategic [19]. The error probability
interval of each mode is given in Table 1.

Table 1. Error probability interval of each mode

Cognitive control mode Error probability interval

Scrambled 0.1<P<1.0
Opportunistic 0.01<P<0.5
Tactical 0.001 <P <0.1
Strategic 0.00005 < P <0.01

CREAM classifies the factors affecting cognitive control
mode and cognition effect into nine categories, which are
collectively referred to as common performance conditions
(CPCs). Each factor is called a CPC factor. The correlation
between CPC factors can be analyzed by the Apriori algorithm
[20], a common mining technique for data association rules.

Apriori algorithm looks for the frequent item sets in the
target dataset by two metrics, namely, support and confidence.
Support is the number of occurrences of each member item.
The support of the pair of frequent items X and Y can be
defined as:

Support(X,Y) = P(XY) = Num(XY)/Num(Allsamples) ®)

In general, an item with a high support or a too low support
does not belong to the frequent item set.

Confidence is the probability that if an item occurs, then
another item will also occur. The confidence of X on Y can be
defined as:

Confidence(X € Y) = P(X|Y) = P(XY)/P(Y) )

Here, Apriori algorithm is introduced to analyze the
correlation between human factors. Then, the weighting of
cognitive control mode in CREAM was modified based on the
historical data on human-induced mine accidents. Based on the
mined association rules, six factors were found to have great
impact on the occurrence of cognitive error: underground
monitoring system, underground personnel positioning system,
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underground emergency shelter system, underground
compressed air self-rescue system, underground water supply
rescue system, and underground communication system.
Therefore, the six factors were taken as the CPC factors in the
mine system.

According to its degree of impact on operator performance,
each CPC factor was divided into three levels: improved,
reduced and insignificant. Then, the probability of cognitive
error leading to human-induced mine accidents was predicted
by an improved method: the probability of cognitive failure
was calculated based on the 2educea and Zimprovea of CPC
factors:

N = Zreduced — z:i‘mprov(-;’d (10)
where, 7 is the context influence index; 2 eauced and Zimprovea
are the number of CPC factors whose level is reduced or
improved, respectively.

If there is no context impact, the context influence index n
is zero. At this time, the probability of cognitive failure is the
basic failure probability CFP,. The relationship between
cognitive failure probability CFP, basic failure probability
CFP, and context influence index 1 can be expressed as:

1g(CFP/CFPy) = kn (11)

The basic failure probability CFP, depends on CFP and
Nmax> and Nypin:

Nmax =18 (CFPnax/CFPy)/k (12)
Nmin =18 (CFPmin/CFPy)/k (13)

Thus, k and CFP, can be respectively expressed as:
k = 18(CFPyax/ CFPmin) = (max = Nmin) (14)
CFPy = CFPpqy/10%Mmax (15)

Then, the cognitive failure probability CFP can be
calculated by:

CFP = CFP, x 101 (16)

The improved evaluation model for human factors in mine
accidents involves the following steps:

Step 1. For the subtasks on each branch of the event tree,
analyze the cognitive activities in human-induced accident,
and determine the cognitive control mode of these activities.

Step 2. Find the basic cognitive failure probability CFP,.

Step 3. Under the context of cognitive activities, determine
the level of each CPC factor, quantify the effect of each factor,
and adjust the weight of the cognitive control mode, using
Apriori algorithm.

Step 4. Compute the context influence index, and calculate
the cognitive failure probability of each subtask by (16).

Step 5. According to the logic relation of subtasks in event
tree, weight or multiply the cognitive failure probabilities of
the member subtasks to obtain the cognitive failure probability
of each branch.

Table 2 lists the type of cognitive function, cognitive control
mode, and basic failure probability of each branch in the event
tree, which are obtained by our model.



Table 2. Cognitive function type, cognitive control mode and basic failure probability of each branch

Code Human error Cognitive Cognitive control Basic failure
function mode probability
Py The operator manually turns off the sensor. Planning Inappropriate plan 0.02
P2 The alarm is ignored. Observation Failure to respond to observation 0.008
Ps3 The hazard is not noticed by monitoring personnel. Observation Failure to respond to observation 0.008
P4 The instruction is incorrect. Explanation Wrong decision 0.01
Ps The instruction is not executed correctly. Execution Wrong action 0.03
Ps The incorrect instruction is executed. Execution Wrong target 0.005
4. HUMAN RELIABILITY EVALUATION
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Figure 1. Evaluation index system of human reliability for mine operators
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4.1 Evaluation index system

Many studies [21, 22] have shown that the safety
management of mines and unsafe behaviors of operators are
greatly affected by internal factors like personality and
physiology and external factors like work conditions,
production conditions, and organizational management. Based
on abundant survey data and relevant findings, this paper sets
up an evaluation index system of human reliability for mine
operators.

As shown in Figure 1 above, the evaluation index system
contains nine indices, namely, personal characteristics,
personality characteristics, physiological characteristics, life
pressure, production skills, safety skills, production conditions,
work conditions, and organizational management. Each index
was decomposed into a number of sub-indices.

The index weight reflects the importance of an index to the
object of evaluation. To weight the indices reasonably, the
AHP was introduced to determine the fuzzy weight vector of
each index in the FCE model. This is because the AHP is good
at solving complex decision-making problems with multiple
influencing factors.

The weighted average operator was adopted in the FCE
model. Firstly, the sub-indices were synthetized by fuzzy
method. Then, the calculated results were combined into the
FCE matrix of the factor layer. Finally, the weight vectors and
FCE matrix were integrated into the result vector of the FCE.

The above method mainly aims at operators with stable
performance. These operators have relatively complete file
data and safety data, making it easy to extract the index data.
It is suitable to implement FCE to evaluate the human factors
of such operators. However, there are also operators with
unstable performance, due to the limited experience. Another
evaluation method is designed for them in the following
subsection.

4.2 NN-based multi-index comprehensive evaluation

Considering the advantages of NN in self-learning,
adaptability and fault tolerance, an NN-based comprehensive
evaluation model was established, mimicking the human
thinking pattern. The model combines qualitative and
quantitative evaluations, eliminating the subjectivity and
uncertainty of manually assigned weights and correlation
coefficients. The input parameters were obtained by analyzing
various factors affecting human reliability. Then, the NN was
applied to evaluate the human reliability of mine operators
with unstable performance.

The NN of our model was extended from radial basis
function (RBF) NN, a feedforward NN capable of global
search and nonlinear learning. Featuring simple structure and
fast convergence, the RBFNN has been widely used in pattern
recognition, information classification, and function
approximation. Compared with the backpropagation neural
network (BPNN), the RBFNN boasts an efficient iterative
process and avoids the local optimum trap by adopting the
local activation function.

Input layer

Hidden layer Output layer

Figure 2. Structure of the RBFNN

As shown in Figure 2, the RBFNN has many more neurons
in the hidden layer than the standard BPNN. The hidden layer
mainly responds to the input signal. More neurons in this layer
mean a larger output from the center of the basis function.
Therefore, the RBFNN enjoys good local approximation
ability.

The structural complexity and prediction accuracy of
RBFNN directly hinge on the number of input variables. If the
input variables are too many and strongly corelated, the
RBFNN will have a complex structure, consume lots of time
in training, and face large errors in prediction. To mitigate
these risks, the RBFNN was coupled with the PCA to reduce
the dimension of evaluation indices.

In the PCA-RBFNN model, the original variable set was
modelled by the PCA to eliminate the correlation between
original variables. Then, the variables whose cumulative
contribution is above 85% were treated as the new input
sample of RBFNN simulation. Prior to the PCA, the raw data
were normalized, including but not limited to quantification of
qualitative indies, forward processing of reverse indices,
removal of extremums [23].

As for the RBFNN parameters, the center and variance of
hidden layer basis function were learned through self-
organization, while the weight between the hidden layer and
the output layer was determined through supervised learning.

4.3 Example of human reliability prediction

A total of 20 mine operators were trained as the subjects.
Two test courses were randomly selected from 19 common
working procedures of driving posts. The evaluation of human
reliability aims to measure the post adaptability and safety of
these operators. By the nature of task, human reliability falls
into operational reliability, monitoring reliability, and
management reliability. The human reliability of operators
engaging in driving operation is mainly operational reliability.
Table 3 provides the scale of human reliability evaluation.

The human reliability in the example is influenced by 143
factors in four categories: human factors, equipment and
operation factors, management factors, and environmental
factors. Many indices in terms of physiology, safety
management, and family information are not available. The
data on equipment and operation factors are relatively
complete. Therefore, these factors were normalized as Table 4
before going through the PCA.

Table 3. Human reliability scale

Unsafe behavior <5 6-9 10-12 13-15 >16
Reliability levels Strongly reliable  Slightly reliable  Neutral  Slightly unreliable  Strongly unreliable
Post test results Excellent Good Qualified Retraining Laid off
Network output 10000 01000 00100 00010 00001
Initial value of reliability 0.85 0.70 0.60 0.50 0.40
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Table 4. Normalization of equipment and operation factors

A1 Anz A3 A4 Ais
W1 -09752 -0.8705 -0.8219 0.6728 0.1844
W2 -09752 -0.8705 -1.4290 0.6728 1.3665
W3  -09752 0.0529 -2.5174 -1.2764 1.3665
W4 02276 0.0529 04194 -1.2764 -0.4098
W5 02276 0.0529 04194 1.3856 1.3665
W6 02276 0.0529 0.4194 -0.2951 0.1844
W7 31876 -2.1372 -2.5174 -1.2764 0.1844
W8 02276 0.0529 0.4194 0.6728 0.1844
W9 02276 0.0529 0.4194 0.6728 -2.3817
W10 02276 0.0529 1.2258 0.6728 0.1844
Wil 02276 -0.8705 -0.5328 -0.2951 0.1844
W12  1.1739 0.0529 04194 0.6728 0.1844
W13 02276 0.0529 04194 0.6728 -0.4098
W14 02276 12833 04194 13856 0.1844
W15 02276 -0.8705 0.4194 -1.2764 1.3665
W16 -0.9752 12833 -1.4290 -1.2764 1.3665
W17 02276 12833 0.4194 -0.2951 0.1844
W18 1.1739 0.0529 0.4194 13856 0.1844
W19 02276 0.0529 0.4194 0.6728 -0.4098
W20 0.2276 -0.8705 1.2258 -0.2951 1.3665

Taking the normalized values as inputs, the correlation
matrix was obtained, and then the common factor variance was
calculated, reflecting the proportion of information extracted
from each index in our evaluation index system. Finally, the
total variance explained was derived (Table 5).

Table 5. Variance explained

Unsafe Initial
behavior eigenvalue
Total Variance Cumulative FEigenvalue
1 3.163 42.87 42.87 1.782
2 2.115 25.31 69.18 1.892
3 1.227 15.93 84.11 1.272
4 0.385 4.82 88.93 0.952
5 0.276 4.19 93.12 0.738
6 0.257 3.08 96.20 0.731
7 0.187 2.59 98.79 0.598
8 0.083 1.21 100 0.483

As shown in Table 5, three eigenvalues were greater than 1,
whose cumulative variance reached 84.11%. The three
principal components can restore 84.11% of the original
information, surpassing the required level of 80%.

Then, the normalized data on these principal components
were obtained by the PCA, and inputted to the RBFNN. From
20 groups of effective samples, 16 groups were randomly
selected as training samples, and the remaining 4 as test
samples. The RBFNN outputs for the four test samples are
listed in Table 6.

Table 6. Human reliability ratings

Sample  Expected output  Actual output Reliability
w1’ 00100 00100 Neutral
w2’ 01000 01000 Slightly reliable
w3’ 10000 10000 Strongly reliable
w4' 00100 00100 Neutral

As shown in Table 6, the output vectors of the test samples
agreed well with the expected outputs, and conformed to the
result of human reliability evaluation. Moreover, the initial
value of reliability was given reasonable credibility.
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5. CONCLUSIONS

Human factors play an important role in mine accidents. It
is an urgent need to evaluate the human reliability of mine
operators and reduce human-induced accidents. This paper
fully integrates the ideas and methods of multiple disciplines
(e.g. system engineering, safety engineering, and safety
psychology) to analyze and evaluate human reliability in mine
operation, and obtains some exploratory results.

Specifically, a novel correlation analysis model was
established to predict the failure probability of human factors
in mine system, which is grounded on Apriori algorithm,
THERP, and CREAM. On this basis, an evaluation index
system was established for human reliability of mine operators.
Next, the human reliabilities of mine operators with stable
performance and with unstable performance were evaluated by
FCE+AHP+NN and PCA+NN, respectively.

During the evaluation, the input vector set of RBFNN was
reduced through the PCA, and the principal components were
obtained based on the contribution rate, creating the original
sample space. In this way, the dimensionality of the input
vector set was reduced, and the correlations between input
vectors were eliminated, without sacrificing the main
information of the original vector set. Hence, the evaluation
problem was simplified, while the RBFNN became faster in
evaluation, and acquired stronger generalization ability.
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