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Fatigue can cause human error, which is the main cause of accidents. In this study, the dynamic 
fatigue recognition of unmanned electric locomotive operators under high-altitude, cold and low 
oxygen conditions was studied by combining physiological signals and multi-index information. 
The characteristic data from the physiological signals (ECG, EMG and EM) of 15 driverless electric 
locomotive operators were tracked and tested continuously in the field for 2 h, and a dynamic fatigue 
state evaluation model based on a first-order hidden Markov (HMM) dynamic Bayesian network was 
established. The model combines contextual information (sleep quality, working environment and 
circadian rhythm) and physiological signals (ECG, EMG and EM) to estimate the fatigue state of plateau 
mine operators. The simulation results of the dynamic fatigue recognition model and subjective 
synchronous fatigue reports were compared with the field-measured signal data. The verification 
results show that the synchronous subjective fatigue and simulated fatigue estimation results are 
highly consistent (correlation coefficient r = 0.971**), which confirms that the model is reliable for 
long-term dynamic fatigue evaluation. The results show that the established fatigue evaluation model 
is effective and provides a new model and concept for dynamic fatigue state estimation for remote 
mine operators in plateau deep mining. Moreover, this study provides a reference for clinical medical 
research and human fatigue identification under high-altitude, cold and low-oxygen conditions.
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Mineral resources are the pillar of the national economy in China and play a key role in sustainable development. 
The mining industry is recognized as a high-risk industry, with multiple accidents annually. According to 
statistics, from 2001 to 2016, a total of 21,053 noncoal mine accidents occurred in China, resulting in 25,214 
deaths1. From 1950 to 2018, a total of 188 major coal mine accidents occurred, resulting in 11,526 deaths2. 
Studies have shown that unsafe human behavior accounts for 97.67% of the direct causes of fatal coal mine 
accidents in China3.

Obviously, human error is an important factor that can cause accidents. Working in underground mines, 
poor working conditions and natural environmental conditions have enormous impacts on people’s cognition, 
perception, physiology and psychology3. These factors easily cause workers to experience physiological, 
psychological and physical fatigue and can result in human error. Thus, fatigue is a major cause of human error. 
Over time, the technical, physiological and psychological requirements of mine operators have increased, and 
many tasks involving human‒machine interactions are particularly prominent. When the brain must concentrate 
on controlling precision mining equipment for a long time, the brain load can be intense, and operator fatigue 
easily occurs, which reduces the attention span, judgment ability and coordination ability of remote operators; 
affects the performance and accuracy of operator control; and thus can lead to serious accidents4. In particular, 
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under high-altitude, cold and low-oxygen working conditions, operators can experience high physiological 
and psychological pressures, and the probability of remote operator fatigue is high in plateau environments5,6. 
Therefore, to effectively prevent and reduce the risk of safety accidents caused by human errors, it is necessary 
to study the physiological characteristics of fatigue and establish dynamic fatigue recognition models for miners 
working in extreme environments involving deep mining on plateaus.

In recent years, many scholars have predicted and evaluated driver fatigue based on physiological and 
psychological signal characteristics, such as electrocardiogram (ECG), electromyography (EMG), electro-
ophthalmogram (EOG) and electroencephalogram (EEG)7–9 signals. Driver fatigue recognition models 
include linear discriminant recognition, decision tree, logistic regression, random forest, neural network (NN), 
convolutional neural network recognition, support vector machine, Bayesian network and dynamic Bayesian 
network models10–30.

Among the above methods, dynamic Bayesian networks (DBNs) are the most promising for future work 
because they explicitly simulate the continuous development of driver fatigue over time and incorporate 
contextual information, such as environmental factors that affect tired driving; moreover, the DBN graph 
structure can be used to simulate the interrelationships among potential problems. The dynamic components 
of the model specify dependencies across time31. For example, a sleepy driver may stay sleepy, while an awake 
driver tends to stay awake. The specification of a DBN must include information regarding the probability or 
probability distribution of each relationship in the representation model32. However, to our knowledge, very few 
studies have investigated fatigue evaluation for miners living at high altitudes and in cold areas. This research 
team combined the above research techniques to carry out field test analyses and fatigue classification recognition 
model research for the first time in China. This work fills a gap in the mining research field.

This paper is based on physiological fatigue, psychological fatigue, physical fatigue, information fusion and 
machine learning theory. The ECG, EMG and eye movement (EM) signals of operators in plateau deep mining 
areas were measured continuously for 120 min. Feature fusion and an optimization analysis of field test data 
are carried out based on gray relational degree analysis. A dynamic Bayesian fatigue recognition model based 
on contextual information and ECG, EMG and EM signals was constructed, the performance of the model was 
verified via subjective–objective fatigue comparison, and the dynamic trends of remote operator fatigue in high-
altitude, low-temperature and low-oxygen environments were summarized. The purpose of this study was to 
provide support for dynamic fatigue detection and recognition for miners and to provide a reference for clinical 
research and studies of the altitude acclimation ability of plateau workers in high-altitude, low-temperature and 
hypoxic environments.

The structure of this study is organized as follows. Section  “Experiments and data analysis methods” 
introduces the test site environment, data acquisition and processing steps, and data signal fusion analysis 
method. Section  “DBN-based fatigue recognition model” describes in detail the process of establishing a 
dynamic Bayesian fatigue recognition model. The results of the field test data analysis and fatigue model 
recognition performance analysis are given in detail in Sect. “Data analysis and results”. In Sect. “Discussion”, the 
results are analyzed and discussed, and the findings are compared with those of previous scholars. Moreover, the 
limitations and shortcomings of this study are noted. Part 6 summarizes the main results of this study.

Experiments and data analysis methods
Subject details
Fifteen male driverless electric locomotive operators (referred to as operators) from the Pulang Copper Mine 
in China were randomly selected as the research objects, and the data were extracted through long-term (2 h) 
field measurements. The average age of the subjects was 27.3 ± 5.7 years, the average height was 165.2 ± 7.8 cm, 
and the mean weight was 62.7 ± 8.7 kg. The subjects had no history of cardiovascular disease and were in good 
health. There was no alcohol consumption for 24 h, and no caffeinated beverages were consumed for 12 h prior 
to the trial. Before the experiment, the participants got more than 8 h of continuous sleep. All the subjects were 
familiar with the experimental procedure and signed informed consent forms.

Experimental environment
In this study, the fatigue characteristics of driverless electric locomotive operators were measured in the field, and 
a fatigue recognition model was applied. The environmental conditions were as follows: altitude 3200 ~ 4000 m, 
atmospheric pressure 67.9 ~ 62.4 kPa, temperature -5 ~ -20 ℃, and oxygen level 19 ~ 20%.

Experimental apparatus
The MP160 physiological recording and analysis system developed by the American company BIOPAC was used 
for simultaneous acquisition, preliminary processing and analysis of ECG and EMG signals. The equipment is 
mainly used for the collection of physiological signals, such as EEG, ECG and EMG signals. The transmission 
mode is a 2.4 GHz two-way digital RF transmitter with a sampling rate of 2000 Hz. The ECG signal was obtained 
with a chest connection method and preprocessed, and the ECG index was extracted through filter denoising, 
wavelet change detection and a slip window. Moreover, we used the analysis software Tobii Glasses 2 produced in 
Sweden to conduct a synchronous tracking test and analyze the relevant data regarding operator eye movements. 
The relevant experimental equipment and field test setup are shown in Fig. 1.

Experimental process
The subjects were allowed to rest for 10 min before the test. Then, an Ag/AgCl electrode was placed on the 
subjects as required and connected to the MP160 analysis system via a wire. An eye movement test instrument 
was worn for synchronous data acquisition. The results were stored in a computer for further processing, and the 
subjects spoke as little as possible throughout the trial. The specific test process and precautions were as follows.
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(1) To accurately assess the physiological rhythm changes associated with operator fatigue at altitude, the ex-
perimental phase of this study included physiological rhythm changes from 14:00 to 16:00, a high-incidence 
period of operator fatigue, for a total of more than 2 h of synchronous testing.
(2) First, the participants were asked to explain the experimental tasks to ensure that they correctly under-
stood the experimental steps and significance. Then, the formal experiment began. Before the experiment, 
personal information such as height and weight was recorded, and a subjective fatigue scale was used. The 
subjective fatigue questionnaire was based on the results of fatigue research by Japanese scholar Masatsu 
Oshima33. The reliability and validity of the questionnaire have been verified. At the same time, seven-point 
Likert scale has been widely used in market research, social science, psychology, education and other fields, 
and its reliability and validity have been verified and recognized. Therefore, this paper chooses the question-
naire and scale. There were 24 items in the questionnaire, and the fatigue scale was a seven-point Likert scale 
ranging from 1 = “strongly disagree” to 7 = “strongly agree”, which was applicable to all the variables. In the 
experiment, data were synchronously recorded for 2 h, and a subjective fatigue score was given every 10 min. 
The real-time monitoring data were divided into 13 portions (the data from period 0 were the reference data 
from a pretest). Thus, according to the operator’s feelings, this approach was used to determine whether a state 
of controlled fatigue was achieved, and subjective and objective fatigue results were compared.
(3) The ECG signal was acquired by surface electrodes attached to collect ECG signals, positive electrodes 
attached to the fourth intercostal space of the left margin of the sternum, negative electrodes attached to the 
fourth intercostal space of the right margin of the sternum, and reference electrodes attached to the lower 
margin of the clavicle. After preparing the ECG leads, the formal experiment started, and the heart rate var-
iability signals were obtained following signal preprocessing, such as denoising, filtering, sliding windowing 
application and R-wave detection34. The EMG module uses a differential input, with the corresponding meas-
urement electrode placed on the brachioradialis of the forearm. The real-time test setup is shown in Fig. 2.
(4) Tobii Glasses 2 analysis software was used to conduct a synchronous tracking test and obtain relevant data 
regarding each operator’s eye movements. The real-time test setup is shown in Fig. 2.

Fig. 2.  Field test environment.

 

Fig. 1.  The experimental setup.(a) MP160 data acquisition and analysis system (b) Tobii Pro Glasses 2 eye 
tracker.
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Ethical approval and consent to participate
This study was approved by the Research Ethics Committee of Northeastern University (23–2019-0105). 
All methods were carried out in accordance with relevant guidelines and regulations. Informed consent was 
obtained from all subjects following a detailed explanation of the study objectives and protocol to each subject. 
All subjects provided written informed consent prior to being monitored.

Feature fusion and optimization
In this study, ECG, EMG and EM data were used as the main observations input into the dynamic Bayesian 
fatigue recognition model, and the corresponding observation indices were LF/HF, mean F and pupil diameter, 
respectively. Gray correlation analysis was used to carry out feature optimization for these features (the gray 
correlation analysis is explained in reference35).

DBN-based fatigue recognition model
Dynamic Bayesian estimation
The traditional static Bayesian network model often has limitations when analyzing the characteristics of complex 
systems, such as multistage changes and event correlations, while a dynamic Bayesian network can describe the 
system state space, failure correlations and dynamic evolution process based on the form of the local state and 
conditional probability. Bayesian networks fuse information in the temporal dimension to form probability-
based mathematical models with bidirectional information reasoning ability36. The “dynamic” nature of 
dynamic Bayesian networks does not mean that the model framework changes with time. Generally, topological 
dynamic Bayesian networks are static over time. However, the conditional probability at each node, based on the 
observed value and inference algorithm, changes with time. In this paper, according to the fatigue characteristics 
of personnel, based on a 3-layer first-order hidden Markov model (see Fig. 3), the transfer probability between 
fatigue states at the previous time slice is considered, and the information is transferred to the next time slice in 
turn. Specifically, we use a graphical model (Fig. 3) for fatigue state assessment to illustrate our fatigue detection 
approach. The joint distribution of the first-order HMM can be expressed as36,37

	
P (C, Y, O) = P (Y1)

T∏
t=2

P (Yt |Yt−1 )
T∏

t=1

P (Yt |Ct )
T∏

t=1

P (Ot |Yt )� (1)

where C is the context variable and Y is the fatigue potential variable. O is the observed variable. The 
establishment of the dynamic Bayesian recognition model is described in detail in Sect. “Establishment of the 
dynamic Bayesian fatigue recognition model”.

According to the dynamic Bayesian structural model based on the first-order HMM (as shown in Fig. 3), the 
Bayesian measurement model, as shown in Fig.  4, is established in combination with the actual operations 
performed by miners at high-altitude mines. However, in this study, the structural model used is a typical three-
layer hidden Markov model composed of contextual information, hidden variables (fatigue states) and observed 
variables. This structural model is used to estimate the fatigue probability of the operator. The fatigue recognition 
structure model combines the current context information, the observed value information (observed variable 
evidence) and the fatigue state information from the previous time slice to dynamically evaluate the current 
fatigue state of the operator.

Main nodes of the dynamic Bayes network
In this study, ECG, EMG and EM signals were selected as the observed variables of the dynamic Bayesian fatigue 
recognition model. According to the above description and analysis of the dynamic Bayes principle, this study 
preliminarily summarizes the main nodes that affect fatigue according to the characteristics of plateau miners 
operating unmanned equipment (as shown in Fig. 5), and the relevant nodes are introduced in detail in the 
following section.

Fig. 3.  Graphical representation of a first-order hidden Markov model.
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Circadian rhythm (CR) analysis
Lal et al.38 noted that CR is an important factor to consider in the study of operator fatigue. They found that sleep 
intention is strongest at 3:00–5:00 AM and 15:00–17:00 PM every day; that is, fatigue may reach the highest level 
at these times. Moreover, CR is the main factor affecting operator alertness39. Therefore, this study chooses CR 
as the context variable corresponding to the DBN nodes. Moreover, CR analysis is highly depended on the time 
interval selected.

Work environment (WE) analysis
Obviously, the indoor working environment has an important impact on remote operator fatigue. Notably, noise 
and temperature are important factors in the working environment. Therefore, these factors are treated as two 
contextual features corresponding to DBN nodes.

Sleep quality (SQ) analysis
Sleep quality is an important contextual characteristic that affects the degree of fatigue and is directly related to 
fatigue40. The sleep quality of an operator is related to several factors, such as the sleep environment, duration 
and conditions. Among these factors, the effects of light, noise and temperature on sleep quality are dominant13.

Fig. 5.  Context information, observed variables, and fatigue causation modeling.

 

Fig. 4.  Remote operator fatigue measurement model based on a dynamic Bayesian network.
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ECG analysis
ECG signal analysis, which includes time-domain analysis and frequency-domain analysis, is considered the 
gold standard for evaluating fatigue. In general, frequency-domain analysis is most popular, mainly including 
low-frequency (LF), ultralow-frequency, high-frequency (HF) and ultrahigh-frequency features. Among these 
frequency features, the LF/HF ratio displays a strong relationship with operator fatigue. Chen et al.41 noted 
that the LF/HF ratio gradually and significantly increases during the transition from wakefulness to fatigue. 
Therefore, the LF/HF of the operator fatigue state is selected as the observable variable at the DBN nodes in this 
study.

Eye movement (EM) analysis
Pupil diameter and eye fixation, blinking and closure durations are different manifestations of EM42. When an 
operator is fatigued, their pupil diameter significantly changes43; thus, pupil diameter is a reliable and effective 
metric for assessing operator fatigue27 and is selected as the observable variable corresponding to the DBN nodes 
in this study.

EMG analysis
EMG signals reflect the electrical activity on the skin surface during muscle contraction. In recent years, 
noninvasive EMG has been widely used in muscle fatigue analysis. In this study, the EMG signal was measured, 
the time–frequency characteristics were analyzed, and the median frequency (median F) was selected as the 
observable variable corresponding to the nodes of the DBN graph.

Establishment of the dynamic Bayesian fatigue recognition model
Wylie et al.44 noted that fatigue is cumulative over time. The fatigue state at the previous moment affects the 
current fatigue state. Therefore, to effectively monitor human fatigue, it is necessary to establish a dynamic 
fatigue recognition model28. A DBN can be used to represent continuous and discrete random processes, and 
time nodes are introduced into the static BN structure to represent the time-dependent dynamics of modeled 
processes29 (see Fig. 6). In this study, only discrete random processes are considered (see Fig. 7). That is, context 
variables, hidden variables, and observed variables are used in a discrete DBN, and a fatigue recognition model 
based on a discrete DBN is constructed (Fig. 7). The first step is to specify the nodes of the discrete DBN are 
determined. The second step is to determine the value of each discrete variable. The third step is to configure the 
initial state of the variable (calculate the SBN at t = 1). The last step is to establish a dynamic Bayesian network 
(DBN)45. These steps are described in detail below.

Fig. 6.  The detailed SBN structure used to assess operator fatigue at time t.
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Step 1: Determining the nodes of the discrete Bayesian network
According to the working characteristics of the operators, the main nodes of the fatigue model are determined 
in this paper, as shown in Fig. 5. The Bayesian structure is established based on the 3-layer HMM principle of 
contextual, latent and observation variables (see Fig. 5). Each identified discrete node is described in Sect. “Main 
nodes of the dynamic Bayes network”.

Step 2: Specifying discrete values for each node
Figure 6 summarizes each variable of the Bayesian model and the corresponding state values. Y = [Y 1

t , Y 2
t ] 

represents the fatigued and nonfatigue states, respectively. The contextual feature nodes C = [C1
t , C2

t , C3
t ] 

represent CR, SQ and WE, respectively. However, the observation feature nodes O = [O1
t , O2

t , O3
t ] represent 

the ECG, EM and EMG signals, encompassing contact and contactless physiological features.
In particular, in Fig. 6, yk

t , ci,m
t , and oj,n

t (k, m = 1, 2;i = 1, 2, · · · 10; j, n = 1, 2, 3) denote the specific 
values of Y = [Y 1

t , Y 2
t ], C = [C1

t , C2
t , C3

t , C4
t , C5

t , C6
t , C7

t , C8
t , C9

t , C10
t ], and O = [O1

t , O2
t , O3

t ], respectively. 
As shown in Fig. 6, P (ci,j

t ) represents the probability of CR node states, SQ node states and WE node states being 
observed, such as {c1,1

t = drowsy,c1,2
t = active}, {c2,1

t = bad, c2,2
t = good}, and {c3,1

t = bad,c3,2
t = good}. 

P (oi,j
t ) represents the probability set for the contact physiological node states (ECG and EMG nodes) and 

contactless physiological node states (EM nodes).

Step 3: Calculations with a static Bayesian network (SBN)
We can define the static Bayes algorithm at the moment fragment of t = 1, as shown in Fig. 6. It is assumed 
that the evidence at time slice t = 1 is represented as ec

1 = {ei,j
c,1} at a contextual node. Here, ei,j

c,1 represents 
the evidence at the i th contextual node with the j th state value, and eo

1 = {ei,j
o,1} it the set of observable nodes, 

where ei,j
o,1 represents the evidence at the i th observable node with the j th state value. e1 = {ec

1, eo
1} denotes 

the evidence from the contextual factors and observable feature nodes at time t = 1. Then, the conditional 
probability at Y  given the occurrence of ec

1 can be expressed as29,46,47

	
P (Y = yk

1 |ec
1 ) ∝

2∑
i=1

2∑
j=1

2∑
l=1

P (Y = yk
1

∣∣c1,i
1 , c2,j

1 , c3,l
1 )P (c1,i

1 )P (c2,j
1 )P (c3,l

1 ) k = 1, 2� (2)

and the conditional probability of eo
1 given the information at node Y  can be written as29,46,47

Fig. 7.  The detailed DBN structure used to assess operator fatigue.
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P (eo
1

∣∣Y = yk
1 ) ∝ P (e1,j

o,1

∣∣Y = yk
1 )P (e2,j

o,1

∣∣Y = yk
1 )P (e3,j

o,1

∣∣Y = yk
1 )

=

(
3∑

l=1

P (e1,j
o,1

∣∣o1,l
1 )P (o1,l

1

∣∣Y = yk
1 )

)
×

(
3∑

m=1

P (e2,j
o,1

∣∣o2,m
1 )P (o2,m

1

∣∣Y = yk
1 )

)

×

(
3∑

n=1

P (e3,j
o,1

∣∣o3,n
1 )P (o3,n

1

∣∣Y = yk
1 )

) � (3)

where k = 1, 2 and j = 1, 2, 3. However, according to Bayes’ theorem, the conditional probability at node Y  
(given the occurrence of e1 at time t = 1) can be obtained by combining Eqns. (2) and (3) as follows:

	

P (Y = yk
1 |e1 ) =

P (Y = yk
1 |ec

1 )P (eo
1

∣∣Y = yk
1 )

2∑
j=1

P (Y = yj
1 |ec

1 )P (eo
1

∣∣Y = yj
1 )

k = 1, 2
� (4)

where 
2∑

j=1
P (Y = yj

1 |ec
1 )P (eo

1
∣∣Y = yj

1 ) is the marginal probability, which is the prior probability based on 

all possible hypotheses for fatigue Y. Thus, Eqs. (2)-(4) are representative of the initial case, i.e., the SBN at time 
t = 1.

Step 4: Calculations with dynamic Bayesian networks (DBNs)
In this paper, according to the working conditions for a driverless operator (as shown in Fig. 2), combined with 
the context and observation variables affecting fatigue, we construct a DBN structure for fatigue measurement at 
time t (shown in Fig. 7). However, a DBN can be seen as an SBN with interconnected time slices and that shifts 
over time. Based on a first-order hidden Markov model, the relationship between the adjacent time slice t−1 and 
t can be established via a dynamic interaction model. The correspondence between t−1 and t is shown in Fig. 7. 
The random fatigue variable at the current time slice t is affected by the context variable and the observable 
variable at the current time slice t. At the same time, the random fatigue variable is affected by information from 
the previous time point t−1.

	
P (Y = yk

t |ec
t ) ∝

2∑
i=1

2∑
j=1

2∑
l=1

2∑
m=1

P (Y = yk
t

∣∣c1,i
t , c2,j

t , c3,l
t , ym

t−1)P (c1,i
t )P (c2,j

t )P (c3,l
t )P (ym

t−1) (k = 1, 2)� (5)

where P (ym
t−1), m = 1, 2 denotes the conditional probability at node Y for time slice t−1 (with different state 

values). The conditional probability at Y  given that the occurrence of ec
t  at time slice t can be obtained using 

Eq. (2). The conditional probability of eo
t  at time slice t given the information at node Y  can be calculated using 

Eq. (3).

	

P (eo
t

∣∣Y = yk
t ) ∝ P (e1,j

o,t

∣∣Y = yk
t )P (e2,j

o,t

∣∣Y = yk
t )P (e3,j

o,t

∣∣Y = yk
t )

=

(
3∑

l=1

P (e1,j
o,t

∣∣o1,l
t )P (o1,l

t

∣∣Y = yk
t )

)
×

(
3∑

m=1

P (e2,j
o,t

∣∣o2,m
t )P (o2,m

t

∣∣Y = yk
t )

)

×

(
3∑

n=1

P (e3,j
o,t

∣∣o3,n
t )P (o3,n

t

∣∣Y = yk
t )

)
k = 1, 2 and j = 1, 2, 3.

� (6)

However, given the occurrence information for Y  at time t, the conditional probability of et = {ec
t , eo

t } is 
obtained by combining Eqns. (5) and (6), as shown in Eq. (7).

	

P (Y = yk
t |et ) =

P (Y = yk
t |ec

t )P (eo
t

∣∣Y = yk
t )

2∑
j=1

P (Y = yj
t |ec

t )P (eo
t

∣∣Y = yj
t )

k = 1, 2
� (7)

Equations (5)-(7) can be used to obtain the conditional fatigue probability over time slice t.

Data analysis and results
In this section, the dynamic fatigue state response of operators in high-altitude mining areas is introduced. 
Physiological indicators (EM, ECG and EMG) tested for a long period (120  min) in the field were used as 
evidence in the dynamic Bayesian fatigue recognition model, and the probabilities at each parent node and 
child node in the dynamic Bayesian fatigue recognition model were calculated. The variation in the operator 
fatigue state over time was obtained by combining the results. Likewise, the results of the fatigue recognition 
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model were verified with a questionnaire survey and subjective and objective comparisons of the physiological 
characteristics of the subjects.

Dynamic subjective evaluation of the fatigue degree
(1) Results of the subjective evaluation of dynamic fatigue severity throughout the day.

In this study, the subjective evaluations of fatigue throughout the whole day by 59 miners were investigated 
via a field questionnaire. The results of the investigation are shown in Fig. 8. The survey results show that the 
peak fatigue for miners throughout the day is mainly concentrated from 1:00–3:00 P.M. and 3:00–5:00 A.M.

(2) Dynamic subjective evaluation results of the 2-h field tracking and testing of fatigue degrees in this study, 
15 operators were tracked and tested (among them, 5 subjects were excluded because they did not complete the 
whole test or because some data were missing, leaving 10 valid subjects). The follow-up test time was longer 
than 2 h, and the fatigue questionnaire was subjectively administered every 10 min during real-time monitoring. 
The results obtained through a mathematical analysis of the questionnaire results and the normalization of 
fatigue severity degrees are shown in Fig. 9. The results of the investigation and analysis showed that the peak 
2-h fatigue probability was mainly concentrated between 70 and 100 min. The fatigue degree increased linearly 
before 90 min of work, plateaued slightly after 100 min, and then increased after a certain period of time.

Fig. 9.  Variation trend of the 2-h fatigue degrees of remote operators daily.

 

Fig. 8.  Variation in the fatigue of miners throughout the day.
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Calculation results and analysis of the correlation probability of the fatigue state evaluation 
model based on the dynamic Bayes method
After the dynamic Bayesian structure model was established (as shown in Fig. 10), the next key process was to 
determine the prior probability of the parent nodes and the conditional probabilities of the connected child 
nodes. GeNIe 2.3 software was used for modeling, and the specific modeling results are shown in Fig. 10. In 
general, these probabilities were obtained by a statistical analysis of large amounts of training data. This study 
references probabilistic information from several confirmed published papers13,27–29,40,45,48–53. Through Bayesian 
network calculations and analysis, the following prior probability and conditional probability values used in the 
DBN model were obtained.

(1) The prior probability of the outermost node causing fatigue
As shown in Fig. 10, the outermost nodes of the dynamic Bayesian fatigue structure model include those 

associated with light, random noise, heat, working environment noise, ambient temperature and working 
period. The prior probabilities for the outermost nodes obtained from the literature13,28,29 are shown in Table 1.

(2) Intermediate node probability calculation results
An intermediate node could be a parent node, a child node, or a dual parent–child node, as shown in Fig. 10. 

The sleep environment encompasses the light, random noise, heat and sleep quality child nodes. However, 
the corresponding probability for the sleeping environment based on the original probability is also a prior 
probability in other cases. Therefore, the probability of each intermediate node can be calculated with the total 

Nodes State Probability

Light
on 0.13

off 0.87

Random noise
yes 0.15

on 0.85

Heat
High 0.24

normal 0.76

Time
Drowsy 0.26

Active 0.74

Noise
High 0.15

normal 0.85

Temperature
High 0.15

normal 0.85

Table 1.  Prior probability information for the outermost nodes of the model.

 

Fig. 10.  Dynamic Bayesian fatigue structure model and calculation software.
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probability formula based on the prior probability and conditional probability of the parent node. The probability 
calculation results for each intermediate node are shown in the table below.

Sleep environment probability calculation results
The conditional probabilities of the parent nodes related to the sleeping environment are given in Table 

2. According to the prior and conditional probabilities given in Table 1 and Table 2, the original probability 
(prior probability) of a sleep environment node can be calculated with the total probability formula and GeNIe 
software, as shown in Fig. 11. The calculation results are as follows: P(sleep environment = poor) = 0.2302, and 
P (sleep environment = normal) = 0.7698.

Calculation results for sleep quality probability
Table 3 shows the conditional probabilities for the parent nodes of sleep quality. According to the prior and 

conditional probabilities given in Table 1 and Table 3, as well as the calculated prior probability of the sleep 
environment, the original probability (prior probability) for a sleep quality node can be calculated based on 
the total probability formula and GeNIe software, as shown in Fig. 12. The calculation results are as follows: 
P(SQ = bad) = 0.1168, and P(SQ = good) = 0.8832.

Circadian rhythm probability calculation results

Parent nodes
Sleep 
quality

Sleep environment Bad Good

Poor 0.34 0.66

Normal 0.05 0.95

Table 3.  Conditional probabilities for SQ.

 

Fig. 11.  SE node probability calculated with GeNIe software.

 

Parent nodes
Sleep 
environment

Light Random noise Heat Poor Normal

on

yes
High 0.78 0.22

normal 0.65 0.35

on
High 0.61 0.39

normal 0.36 0.64

off

yes
High 0.68 0.32

normal 0.47 0.53

on
High 0.42 0.58

normal 0.05 0.95

Table 2.  Conditional probabilities of sleep environment status.
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The conditional probabilities for the parent nodes of the circadian rhythm are given in Table 4. Moreover, 
according to the prior probabilities in Table 1, the original probabilities (prior probabilities) of the circadian 
rhythm nodes can be calculated based on the total probability formula and GeNie software, as shown in Fig. 13. 
The calculation results are P (CR = drowsy) = 0.1930 and P(CR = active) = 0.8070.

Calculation results for working environment probability
Table 5 shows the conditional probabilities of parent nodes in the working environment. Moreover, according 

to the prior probabilities in Table 1, the original probabilities (prior probabilities) of the working environment 
nodes can be calculated based on the total probability formula and GeNIe software, as shown in Fig. 14. The 
calculation results are P(WE = bad) = 0.2885 and P(WE = good) = 0.7115.

Calculation of fatigue probability results
The conditional probabilities of fatigue-related parent nodes are given in Table 6. Moreover, the prior 

probabilities associated with the context information (CR, SQ, and WE) obtained above are shown in Fig. 15. 

Fig. 13.  CR node probabilities calculated with GeNIe software.

 

Parent nodes
Circadian 
rhythm

Time Drowsy Active

Drowsy 0.60 0.40

Active 0.05 0.95

Table 4.  Conditional probabilities f CR.

 

Fig. 12.  SQ node probability calculated with GeNIe software.
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The original probabilities of the fatigue nodes can be calculated based on the total probability formula and 
GeNIe software, and the calculation results are P(fatigue = fatigue) = 0.2205 and P(fatigue = no fatigue) = 0.7795.

According to the prior and conditional probabilities calculated above, the original probabilities of the 
intermediate nodes in the Bayesian structure model can be calculated, and each probability result is shown in 
Table 7.

Dynamic estimation results and analysis of the fatigue evaluation model based on the 
dynamic Bayes method
(1) Fatigue dynamic node conditional probability and transition probability results.

According to the operating conditions, operator fatigue level, and contextual and observed variables that 
affect fatigue, the DBN for fatigue measurement at time t was established, as shown in Fig. 7. However, the DBN 
can be seen as an interconnected time slice of the SBN that changes over time and used to construct a dynamic 
Bayesian fatigue assessment model. That is, based on a first-order hidden Markov model, a dynamic interaction 
model between the adjacent time slices t−1 and t can be established. The corresponding relationship between 
t−1 and t is shown in Fig. 7. The random fatigue variable at the current time slice t is affected by the contextual 

Parent nodes Fatigue

SQ WE CR Fatigue No fatigue

Bad

Bad
Drowsy 0.98 0.02

Active 0.89 0.11

Good
Drowsy 0.88 0.12

Active 0.77 0.23

good

Bad
Drowsy 0.51 0.49

Active 0.27 0.73

Good
Drowsy 0.15 0.85

Active 0.05 0.95

Table 6.  Conditional probability for fatigue nodes.

 

Fig. 14.  WE node probabilities calculated with GeNIe software.

 

Parent nodes Work environment

Temperature Noise Bad good

High
High 0.94 0.06

normal 0.80 0.20

normal
High 0.73 0.27

normal 0.10 0.90

Table 5.  Conditional probabilities for the work environment.
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information variable and the observation variable at the current time slice. It is also affected by the random 
fatigue variable at the previous time point t−1. The mathematical expression of the dynamic Bayesian model is 
as follows:

	
P (Y = yk

t |ec
t ) ∝

2∑
i=1

2∑
j=1

2∑
l=1

2∑
m=1

P (Y = yk
t

∣∣c1,i
t , c2,j

t , c3,l
t , ym

t−1)P (c1,i
t )P (c2,j

t )P (c3,l
t )P (ym

t−1) k = 1, 2� (8)

where P (ym
t−1) (m = 1 and 2) represents the conditional probability at node Y (fatigue) at time slice t−1 (with 

different state values). Y = [Y 1
t , Y 2

t ] indicates fatigue or no fatigue. C = [C1
t , C2

t , C3
t ] reflects the status values 

of the CR, SQ and WE context information nodes. 

(1) According to the calculations in the previous section, the posterior probabilities of fatigue and nonfatigue at the 
initial time (denoted as t−1) are P(fatigue = fatigue) = 0.2205 and P(fatigue = no fatigue) = 0.7795, respectively. 
Moreover, the conditional probability that the observed variable given in reference29 is associated with a fatigue 
node is shown in Table 8, and the probability for each node in the model is obtained. According to the original 
and conditional probabilities for each node, the original probability values in the fatigue recognition model can 
be obtained. It is assumed that the fatigue state at time t is affected not only by the contextual information in the 
current period but also by the state at the previous time step (t−1). That is, the transition probability of fatigue 
at time t is expressed as shown in Fig. 16 13. Figure 16 summarizes the fatigue transfer probability at a fatigue 
node from the previous time step t−1 to the next time t and the conditional probability of the connection of the 
fatigue node at time t.

Contexts State values Probabilities

SQ
Bab 0.1168

Good 0.8832

WE
Bab 0.2885

Good 0.7115

CR
Drowsy 0.1930

Active 0.8070

SE
Poor 0.2302

Normal 0.7698

Fatigue
Fatigue 0.2205

No fatigue 0.7795

Table 7.  Initial probabilities for contextual information.

 

Fig. 15.  Fatigue node probabilities calculated with GeNIe software.
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(2) The dynamic observed variables at fatigue nodes and the probability calculation results with the 
corresponding evidence

Fatigue is a hidden variable, and the fatigue degree is affected by contextual information; moreover, fatigue 
is a relatively cumulative process over time. Thus, there are limitations when predicting fatigue based solely on 
contextual information. In this study, a comprehensive fatigue evaluation model is established by comprehensively 
considering contextual information and the characteristics (observed variables) of fatigue, thus overcoming the 
need for an evaluation model that considers only the impact of contextual information on fatigue. However, the 
degree of fatigue is expressed through numerous physical and psychological characteristics. In this study, several 
gold-standard indicators of fatigue characterization (ECG-, EMG-, and EM-based indicators) were selected as 
the observational variables related to fatigue probability. Generally, the prediction of fatigue probability based on 
fatigue observation variables is based on the construction of a prediction model with temporal changes by using 
past and present observations similar to the predicted event in a time series; in this approach, the prediction 
trend for a future event is obtained considering certain rules. The probability of the observed variables in the 
prediction model being used as predictive evidence is a key factor in dynamic Bayesian network prediction. 
Next, the observational evidence and calculation of fatigue are described in detail.

The specific observed ECG, EMG and EM signals are fuzzy and quantified within given ranges. The quantified 
results are used as the inputs of the dynamic Bayesian fatigue assessment model. For example, the value of 
EM is EM = (small, medium, large), and a triangular membership function is used for the fuzzy subset of eye 
movement, as shown in Fig. 17, where the x-axis gives the pupil diameter as an eye movement index.

However, the EM membership functions are as follows54:

	
µEM(small)(x) =

{ 1 0 ≤ x ≤ a1
a2−x

a2−a1
a1 < x ≤ a2

0 x > a2

� (9)

Fig. 16.  Event tree diagram of the conditional probability and transition probability of fatigue at current time 
t.

 

Fatigue node

ECG node EM node EMG node

Decrease No-change Increase Small Medium Large Decrease No-change Increase

Fatigue 0.01 0.06 0.93 0.01 0.05 0.94 0.01 0.08 0.91

No fatigue 0.93 0.06 0.01 0.94 0.05 0.01 0.91 0.08 0.01

Table 8.  Conditional probabilities for ECG, EM and EMG given fatigue node.
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µEM(medium)(x) =




0 x ≤ a2 − b
x−a2+b

b
a2 − b < x ≤ a2

a2+b−x
b

a2 < x ≤ a2 + b
0 x > a2 + b

� (10)

	
µEM(l arg e)(x) =

{ 0 x ≤ a2
x−a2

a3−a2
a2 < x ≤ a3

1x > a3

� (11)

For different variables and application scopes, parameters a1, a2, a3 and b in the formula should be selected with 
different values.

In the field test in this study, 10 subjects were fully tracked and tested in real time over 2 h. The collected data 
were divided into 12 segments (every 10 min was considered an observation time segment), and a total of 13 
time segments were considered, including 1 before the start of the experiment. The results were obtained based 
on statistics and are shown in Table 9. Through analysis and selection, a1 = 1.2, a2 = 1.5, a3 = 1.8, and b = 0.3 
were selected for the ECG observation variables. For the EMG observation variables, a1 = 40 ms2, a2 = 60 ms2, 
a3 = 80 ms2, and b = 20 ms2. For the EM observation variables, a1 = 3.5 mm, a2 = 3.75 mm, a3 = 4.00 mm, and 
b = 0.25 mm. The corresponding nodes were assumed to be independent of each other, and Table 9 gives the 
results and evidence for each observation node at different times.

(3) Dynamic recognition results and analysis of the dynamic Bayes fatigue assessment model
In this study, information fusion was used to identify fatigue while comprehensively considering contextual 

information and physiological indicators. The physiological indices of the operators were tracked and measured 
in the field. In the field work scenario, the fatigue recognition model was run by using test data. However, 
the evidence of observed variables obtained from the test (see Fig. 18) was input into the constructed fatigue 
recognition model, and the dynamic simulation fatigue assessment results obtained with GeNIe software are 
shown in Fig. 19. Specifically, Fig. 19 displays an analysis diagram of the dynamic simulation results of the fatigue 
state. As shown in Fig. 19, ① the fatigue of the subjects increased from 3 P.M. (P (fatigue) > 0.5) onward and 
displayed a sharp increasing trend. ② The total duration of sleepiness of the subjects spanned from approximately 

Time EM(mm) ECG(–) EMG(ms2)

1 3.73 (0.08, 0.92, 0) 1.10 (1, 0, 0) 47.72 (0.61, 0.39, 0)

2 3.85 (0, 0.6, 0.4) 0.93 (1, 0, 0) 43.56 (0.82, 0.18, 0)

3 3.95(0, 0.2, 0.8) 1.13 (1, 0, 0) 52.27 (0.39, 0.61, 0)

4 3.95 (0, 0.2, 0.8) 1.35 (0.5, 0.5, 0) 65.93 (0, 0.7, 0.3)

5 4.00(0, 0, 1) 1.01 (1, 0, 0) 62.93 (0, 0.85, 0.15)

6 3.97 (0, 0.12, 0.88) 0.93 (1, 0, 0) 70.52 (0, 0.47, 0.53)

7 4.03 (0, 0, 1) 1.44 (0.2, 0.8, 0) 57.54 (0.12, 0.88, 0)

8 3.76 (0, 0.96, 0.04) 1.72 (0, 0.267, 0.733) 61.52 (0, 0.924, 0.076)

9 3.90 (0, 0, 1) 1.84 (0, 0, 1) 63.91 (0, 0.8, 0.2)

10 3.98 (0, 0.08, 0.92) 1.88 (0, 0, 1) 63.59 (0, 0.82, 0.18)

11 3.72 (0.12, 0.88, 0) 1.58 (0, 0.733, 0.267) 66.38 (0, 0.68, 0.32)

12 3.90 (0, 0.4, 0.6) 1.43 (0.2, 0.8, 0) 59.10 (0.05, 0.95, 0)

13 3.77 (0, 0.92, 0.08) 1.40 (0.333, 0.667, 0) 91.56 (0, 0, 1)

Table 9.  Evidence for observed nodes at each time slice. The mean values of the observed variables are shown 
outside the brackets, and the evidence at the observation points is shown inside the brackets.

 

Fig. 17.  Fuzzy subset of EM variables.
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3:10 P.M. to 3:40 P.M., which was consistent with the results of the field fatigue questionnaire (Fig.  20). ③ 
According to the overall fatigue assessment probability trend, operator fatigue continuously accumulates and 
increases. According to the results for test segments 5–13, the fatigue probability sharply increases and then 
stably decreases before increasing again. This result suggests that over time, when an operator reaches complete 
fatigue, the human body undergoes a certain adaptive process, and the degree of fatigue becomes relatively 
weakened; however, the operator is also in a state of fatigue. Moreover, as shown in Fig. 20, the variation trends 
and values of the subjective questionnaire survey results and the simulation results are generally consistent 
(correlation coefficient r = 0.971**), which confirms that the fatigue evaluation model established in this study 
yields good evaluation ability and effectiveness and provides a new model and concept for dynamic fatigue state 
estimation for miners in high-altitude and cold areas.

Discussion
Research has shown that under high-altitude and low-oxygen conditions, it is feasible to recognize fatigue in 
remote operators in mines by using ECG, EMG, and EM physiological indices and contextual information. 
Based on previous studies, a dynamic Bayesian network fatigue state evaluation model based on a first-order 
hidden Markov model (HMM) is established in this paper. This model combines contextual information and 
physiological signal characteristics to dynamically estimate the fatigue state of the operators of unmanned 
electric locomotives in plateau mining. Moreover, the verification of the model was carried out with actual mine 
field test data. The results showed that the model is reliable for long-term dynamic fatigue state evaluation. Clear 
operating procedures to guide operators to use equipment correctly and safely to reduce safety accidents caused 
by improper operation due to fatigue. Likewise, the probability of accidents is reduced by regularly checking 
whether the working condition of the operator is at its best. The practical results are obtained considering 
the dynamic changes in miners’ fatigue levels in extreme plateau environments, and the results verify the 
effectiveness of the model. The model can accurately predict the change of fatigue according to the physiological 
characteristics of the operators, and provide a basis for the formulation of mining safety operation rules and the 
matching of personnel’s working ability.

To our knowledge, there have been few studies of human fatigue in cold and high-altitude areas. Generally, 
field tests of remote operator fatigue under extreme working conditions remain in the exploratory phase. 

Fig. 19.  Analysis of the fatigue simulation results (from 2:00 P.M. to 4:00 P.M., sampling every 10 min).

 

Fig. 18.  Evidence inputs for the EM, ECG and EMG nodes.
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Therefore, this paper draws on some previous research results regarding driver fatigue and related topics. Table 
10 summarizes the relevant studies and comparisons of human fatigue. Zhang et al.55 used an MP425 data 
acquisition card and LABVIEW acquisition system to collect ECG signals and extract ECG waveform features. 
A support vector machine was used to classify and identify visual fatigue. The results showed that the ECG signal 
characteristics changed significantly before and after the VDT fatigue test. The classification accuracy of the 
ECG single-feature model was more than 80%, and that of the model with combined features was 90%. Patel et 
al.56 proposed an early fatigue detection system for drivers based on artificial intelligence that adopted the HRV 
physiological index as a fatigue recognition index. The performance of the neural network fatigue recognition 
model was verified via laboratory tests. The accuracy of the neural network reached 90%, suggesting that fatigue 
detection based on HRV information is feasible. Awais et al.57 proposed a driver drowsiness detection method 
that combines ECG and EEG features and extracted various time-domain and frequency-domain features (HR, 
HRV, LF, HF and LF/HF) from ECG results. A support vector machine (SVM) classifier was used to evaluate 
the subjective sleepiness scale, and the accuracy of fatigue classification was 80.9%. Zhang et al.58 detected and 
identified driver fatigue from recorded ECG, EMG and EOG signals. The peak-to-peak values of entropy-based 
features, namely, wavelet entropy (WE), approximate entropy (PP-ApEn) and sample entropy (PP-SampEn), 
were extracted from the collected signals to estimate the driver fatigue state. An artificial neural network was 
tested and trained with the above features. The estimation accuracy was more than 96.5%. Research has shown 
that identifying worker fatigue through changes in ECG, EMG and EM physiological indices is feasible.

Several studies have explored the use of DBNs for detecting fatigue. Anthony et al.32 designed an algorithm 
for detecting driving drowsiness based on DBNs. In the algorithm, the steering wheel angle, pedal use patterns, 
speed and acceleration are used as inputs. Speed and acceleration are used to measure the driving environment 
in real time. This approach was verified with data collected from participants using a driving simulator. The 

Authors Base signal/analysis Machine learning method (Accuracy)

Zhang et al.55 ECG, waveforms SVM (90%)

Patel et al.56 HRV, linear parameters Neural network (90%)

Awais et al.57 EEG, ECG, linear and nonlinear SVM (80.9%)

Zhang et al.58 EEG, EMG, EOG, entropy, ROC curve Artificial neural network (96.5%)

Anthony et al.32 steering angle, pedal input, vehicle speed and acceleration, ROC curve (AUC) DBN (0.72 (AUC))

Yuan et al.45 EM, EEG, contextual DBN

Yang et al.30 Task performance DBN

Ji et al.27 Environmental factors, Eye closure, head movement, facial expressions Bayesian network

Yang et al.29 Environmental factors, Eye closure, head movement, facial expressions, EEG, Heart rate measures DBN

Ji et al.28 Environmental factors, Eye closure, head movement, facial expressions DBN

Fu et al.13 EEG, EMG, various physiological and contextual information DBN

This work ECG, EMG, EM, GRA, contextual DBN (0.971(r) )

Table 10.  Summary of studies on the recognition of fatigue using physiological signals. r = Correlation 
coefficient of subjective and objective evaluation.

 

Fig. 20.  Comparison of subjective and objective dynamic fatigue assessment results.
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findings verified that this algorithm is a promising new method for driver fatigue detection. Yuan et al.45 
established a DBN model to measure 3D visual fatigue. A probabilistic framework based on the DBN structure 
was used to infer the visual fatigue state of 3D viewers. The results showed that as the number of features used in 
modeling increased, visual fatigue assessment results became more reliable and accurate, and dynamic features 
were highly important for assessing stereoscopic visual fatigue. Ji et al.27,28 developed an algorithm that combines 
contextual, face, eye, and head position inputs to predict sleepiness based on reaction time in nondriving alert 
tasks. Yang et al.29 extended the work by adding heart rate, EEG, and eye measurements as inputs to the previous 
algorithm. These studies demonstrated the potential effectiveness of DBN frameworks for detecting drowsiness.

Tian et al.59 Collected heart rate and blood oxygen values of drivers in National Highway 214 in Qinghai 
Province with Kangtai PM-60A car heart rate and blood oxygen meter to conduct driver fatigue test. The 
driving fatigue thresholds in the altitude range of 3000–3500, 3500–4000, 4000–4500 and 4500–5000 m are 2.86, 
3.82, 4.54 and 10.2, respectively. The start time of driving fatigue are 35, 34, 32 and 25 min, respectively. The 
conclusion that fatigue accumulation is related to operation time is similar to this study. Sun et al.60 studied the 
fatigue development and change rules of apron controllers during each working process, and the research results 
showed that the heart rate characteristics were related to the workload of controllers and the change rules of 
personnel reaction time characteristics. The study can provide valuable reference for controller shift management 
and personnel status monitoring timing in daily work. This article makes the same point. Mietkiewicz et al.61 
research results show that decision support systems (DSS) can improve the working efficiency of operators and 
reduce the cognitive workload. However, it also reveals trade-offs with situational awareness, which can be 
reduced when operators rely too heavily on the system’s guidance. David et al.62 proposed a method for analyzing 
assembly operation fatigue, which took into account the EAR (Eye Aspect Ratio) indicator, operator pose, and 
elapsed operating time to construct an identification model, and determined the fatigue level by processing 
multi-modal information obtained from various sources. The method adopted in our paper is similar to this 
study. Dai et al.63 used trends in eye blink rate, number of frames closed in a specified time (PERCLOS), and 
operator mouse speed to detect the degree of operator fatigue. At the same time, it is important to detect the 
fatigue state of operators accurately and quickly for the safety of production.

Fortunately, this study draws on the algorithms of previous scholars and the working characteristics of 
operators under high-altitude, cold and low oxygen conditions to construct a new DBN evaluation model of the 
dynamic fatigue state of miners. Through field tracking and testing of 2-h physiological signal (ECG, EMG and 
EM) data from unmanned electric locomotive operators at a mine site, the fatigue probability in each period 
was calculated for each time segment via the fuzzy method considering observed evidence. The dynamic fatigue 
recognition model was subsequently run, and the results were compared with the subjective synchronous fatigue 
levels based on field-measured data. The verification analysis showed that the synchronous subjective fatigue 
data strongly agreed with the simulated fatigue estimation results (correlation coefficient r = 0.971**), and the 
results of this study are highly similar to the results of other studies, further verifying that the model is reliable 
for long-term dynamic fatigue state evaluation. The fatigue evaluation model established in this study displays 
good evaluation ability and effectiveness and provides a new approach for the design of dynamic fatigue state 
estimation models.

This study inevitably has several limitations. Because the characteristics of the experimental instruments and 
the complexity of the mine site conditions have an impact on the experimental data, the sample size is relatively 
small. Second, when establishing the DBN model, the number of influencing factors considered is insufficient, 
and the prior probability at leaf nodes and the transition probability of the model need to be further verified. 
Third, because we are the first research team to carry out field tests of miner fatigue and perform miner fatigue 
identification in the extreme environment of a plateau in China, limited data are available for reference. Hence, in 
future research, we will try to increase the number of subjects, conduct multi-index tracking tests, and continue 
to further study the fatigue characteristics and fatigue recognition model of miners in high-altitude, cold areas.

Conclusion
In this study, the dynamic fatigue assessment of operators under high-altitude, cold and low-oxygen conditions 
was studied with physiological signals and multi-index information. A dynamic fatigue state evaluation model 
for miners based on a first-order hidden Markov model (HMM) and DBN was established. The model combines 
contextual information (SQ, WE and CR) and physiological signals (ECG, EMG and EM signals) to estimate 
the fatigue state of plateau mine operators. The physiological signal data were tracked and analyzed on site. The 
results of the dynamic fatigue recognition model and the subjective synchronous fatigue surveys were compared 
with field-measured data. The verification analysis showed that the synchronous subjective fatigue and simulation 
fatigue estimates strongly agreed with observed values (correlation coefficient r = 0.971**), which verified that 
the model is reliable for long-term dynamic fatigue state assessment. The fatigue evaluation model established in 
this study displayed good evaluation ability and effectiveness and provides a new approach for dynamic fatigue 
state estimation for remote operators in plateau deep mining.

Data availability
The data are available from the corresponding author on reasonable request.
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