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OPEN A multi-source physiological

data-driven method for assessing
the hazard perception level of
operators

Aomeigian Qi'™, Hongrui Liu%3, Jizu Li**, Benyi Li*, Min Yu?, Ting Lei', Yiman He?,
Yong Yan'! & Yanyu Guo'

With the continuous advancement of coal mine intelligence, unmanned operations at the working
face have become an inevitable trend, and the safety monitoring center plays a central role in
ensuring mine safety. Its operation relies not only on system monitoring but also on operators’ timely
perception and judgment of hazard information. Therefore, the hazard perception level of operators
is critical for accident prevention and safety management. In this context, an experiment is conducted
to assess the hazard perception levels of safety monitoring center operators. Physiological signals,
including electroencephalogram (EEG), electrodermal activity (EDA), and heart rate variability (HRV),
are collected during hazard perception tasks. Using these physiological signals in conjunction with
machine learning and deep learning methods, a high-accuracy hazard perception assessment model
is developed, and its performance is evaluated using reliable metrics. The results show that certain
features derived from all three physiological signals exhibit distinct responses corresponding to
different hazard perception levels. The LightGBM model achieves the highest performance, with an
accuracy of 99.89%. Furthermore, the study demonstrates the feasibility of high-accuracy hazard
perception assessment based on the combined use of EEG, EDA, and HRV signals. These findings
provide a practical pathway for future coal mine safety management, enhance the capacity for
accident prevention in intelligent coal mines, and offer strong support for safe production.
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In recent years, with the synergistic development of mechanization, automation, and intelligent technologies, the
coal mining industry has been rapidly advancing toward intelligent transformation'. Intelligent coal mines have
largely realized unmanned operations at working faces through remote monitoring. As the hub for mine safety
information processing and the core of decision-making, the safety monitoring center plays a crucial role in
ensuring both safety and efficient operations®. Operators in the safety monitoring center are primarily responsible
for real-time hazard monitoring, anomaly detection, and emergency response. Their hazard perception level
significantly determines their performance, directly impacting the probability of mining accidents and the
efficiency of emergency responses. A high hazard perception level enables individuals to identify potential
environmental hazards and make appropriate decision responses®. Major accidents such as the 24 November
2012 Xiangshui Coal Mine gas accident in Guizhou and the 6 January 2019 Dapu’an Coal Mine roof collapse
accident in Yunnan are both caused by operator errors in monitoring centers. Furthermore, investigations into
the Pike River coal mine multiple explosions in New Zealand on 19 November 2010 and the Eynez coal mine
fire in Turkey on 13 May 2014 both indicate that insufficient operator hazard perception and delayed response
constitute key contributing factors. Therefore, identifying and monitoring operators’ hazard perception levels is
essential for reducing accident risks and enhancing coal mine safety.

Current research on hazard perception primarily focuses on the driving domain®® and the construction
domain®. Beyond using response time, accuracy, and composite scores in hazard perception tests as standard
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measures of hazard perception level>”#, some scholars have attempted to explore physiological signals collected

through wearable biosensors. Electroencephalogram (EEG), due to its ability to effectively detect and evaluate
brain activity, is commonly applied to monitor various psychological states, including cognitive load®, hazard
recognition'’, and hazard perception!!. Electrodermal activity (EDA), as an indicator of sympathetic nervous
system activation, is widely employed to assess arousal levels and cognitive changes'?. Research indicates that
when individuals perceive hazardous stimuli, the sympathetic nervous system is rapidly activated, leading to
an increase in skin conductance level'>!*. Heart rate variability (HRV) is extensively applied in the evaluation
of heart rate, autonomic nervous system function, and emotional states. Although research indicates that HRV
exhibits lower performance in risk assessment compared with EEG and EDA, combining it with EEG and EDA
signals can significantly improve hazard recognition accuracy'®. However, each physiological signal has its own
advantages and limitations. Single-dimensional physiological indicators are insufficient for accurately identifying
hazard perception levels. Currently, there remains a lack of systematic and comprehensive assessment methods
capable of effectively assessing hazard perception levels based on multi-source physiological data.

To achieve more accurate evaluation and recognition, machine learning and deep learning techniques have
been widely applied to the analysis of multi-source physiological data, effectively improving target recognition
and precise classification!®!”. In the maritime domain, Li et al.!® integrated ECG and EDA signals with machine
learning methods to achieve high-precision classification of mental workload levels. In the construction
domain, Jeon and Cai'! collected EEG signals in a VR environment and developed an EEG-based classifier to
identify construction-related hazards at worksites, with the CatBoost model achieving an accuracy of 95.1%.
Furthermore, deep learning has attracted increasing scholarly attention due to its ability to capture potential
high-order correlations, thereby enhancing model sensitivity and stability. For instance, Zhang et al.!” employed
multi-source physiological data and proposed a Regularized Deep Fusion of Kernel Machine framework for
emotion recognition. Umer et al.? applied LSTM, Bi-LSTM, and GRU to monitor construction workers’ fatigue.
Despite the growing integration of machine learning and deep learning with multi-source physiological data,
most studies remain focused on emotion and fatigue recognition. There is still a need for further exploration
into the assessment of operators” hazard perception levels in high-risk industries, particularly among operators
in intelligent coal mine safety monitoring centers.

Therefore, this study aims to integrate EEG, EDA, and HRV signals to construct a model for assessing the
hazard perception levels of safety monitoring center operators during remote monitoring. By systematically
introducing and comparing 12 models, including AdaBoost, Decision Tree, Extra Trees, Gradient Boosting,
KNN, LightGBM, Naive Bayes, Random Forest, Ridge, SVM, XGBoost, and 1D-CNN, this study proposes a
low-intrusion and high-accuracy hazard perception assessment model. The proposed method provides a feasible
pathway for the quantitative assessment of hazard perception levels among operators in high-risk industries
such as coal mining, enabling dynamic monitoring and intelligent intervention, thereby enhancing accident
prevention capacity in intelligent coal mines and supporting safe production.

The remainder of this study is structured as follows. Section 2 provides a comprehensive review of the
literature on hazard perception. Section 3 outlines the experimental procedure, including participants,
equipment, and experimental design. Section 4 presents the details of data preprocessing and the development
of the hazard perception assessment model. Section 5 discusses the research findings in depth and demonstrates
the effectiveness of the proposed model. Section 6 summarizes the research findings, implications, limitations,
and future research directions. Finally, Sect. 7 concludes the study.

Related work

Hazard perception assessment

Hazard perception refers to an individual’s ability to sense, identify, and predict dangers or unsafe factors in their
environment?!. The concept of hazard perception originated in industrial safety and human factors engineering,
serving as the first line of defense in accident prevention. It plays a vital role in anticipating and responding
to potential hazards, particularly in high-risk areas such as coal mine safety, traffic safety, and emergency
management. The assessment of hazard perception is crucial for accident prevention, safety management, and
risk control. Three primary methods are used to measure hazard perception: subjective questionnaire, behavioral
measurement, and physiological signal analysis. The subjective method typically relies on questionnaires to obtain
individuals’ self-reported hazard perception levels, such as the standardized Hazard Perception Questionnaire??.
While offering operational simplicity, subjective questionnaires are susceptible to individual biases and cognitive
differences. Behavioral measurement methods indirectly assess hazard perception by observing changes in
task performance during hazardous scenarios. In the traffic domain, researchers have investigated pedestrians’
hazard perception by measuring response times and accuracy in response to hazards?*?*. In the construction
domain, hazard perception has been assessed through workers’ visual search, attention distribution, and
gait parameters®. Although behavioral measures can objectively reflect hazard perception levels in contexts
close to real-world situations, they are easily influenced by testing scenarios and individual states, and their
evaluation dimensions remain limited. Considering the limitations of subjective questionnaires and behavioral
measurement, physiological signals have been increasingly employed. For instance, Jeon and Cai'! used EEG
signals to perform multi-class classification of construction hazards. Chong et al.> employed EDA signals to
investigate workers’ ability to identify safety risks. Abdullahi et al.?® used HR and HRV to evaluate the effects of
fatigue on participants’ hazard perception performance.

Machine learning and deep learning in hazard perception assessment

The integration of machine learning and deep learning into the analysis of physiological data can significantly
enhance the ability to identify individuals’ mental states?”. In the high-risk environment of intelligent coal mine
safety monitoring centers, operators are required to maintain a high hazard perception level while performing
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multiple concurrent tasks. Notably, in work contexts characterized by high cognitive load and heavy information
processing, a decline in operators’ hazard perception levels may lead to the neglect of hazard signals?, thereby
increasing the probability of coal mine accidents. Machine learning provides an effective method of analyzing
multi-source physiological data. For example, Liang and Lin?* integrated machine learning with EEG and
EDA signals, and successfully classified hazardous and safe drivers in a hazard perception experiment using
the LDA method. In the construction domain, researchers have integrated EDA, PPG, and ST physiological
signals with four supervised machine learning methods to identify construction workers’ risk perception levels,
with the GSVM model achieving 81.2% accuracy in distinguishing between low and high risk perception®.
Compared with traditional machine learning, deep learning offers stronger capabilities for automatic feature
extraction. Consequently, researchers have begun to introduce deep learning into hazard classification research.
For instance, Duorinaah et al.'> recorded EEG, EDA, PPG, and ST signals under different risk conditions
and trained 15 supervised machine learning models and 3 deep learning models, ultimately achieving a risk
classification accuracy of 99.8%. Beyond risk classification, Hao et al.*! employed a combined machine learning
and deep learning method to evaluate mental workload in high-risk tasks. Moreover, while substantial studies
have been conducted in traffic and construction domains, investigations into hazard perception among coal
mine operators are limited. Given that coal mine safety monitoring center operators face large volumes of real-
time, multi-source dynamic data, their hazard perception levels directly determine coal mine safety. Therefore,
the introduction of machine learning and deep learning is particularly critical. By integrating these models
with physiological signal data, the assessment framework overcomes the limitations of traditional reliance on
managerial observation and subjective assessment, enables a faster and more direct understanding of operators’
states, and reveals latent associations between multi-source physiological data and behavioral performance.

Research gaps

A systematic review of existing studies reveals that current research on hazard perception still has several
limitations. First, compared with previous research, relatively few studies have focused on individuals’ own
hazard perception levels, while most have concentrated on identifying external environmental risks*>-34. Second,
existing risk-related studies have primarily concentrated on the traffic and construction domains, with limited
attention given to the coal mining industry. Due to its unique environmental conditions, coal mining exhibits
significantly higher accident probabilities than many other industries®, placing stricter requirements on the
hazard perception levels of safety monitoring center operators. Third, although existing methods for hazard
perception assessment include subjective questionnaires, behavioral measurement, and physiological signal
analysis, each method has its own advantages and limitations. Few studies combine multiple methods, resulting
in insufficient comprehensiveness in hazard perception research.

Based on these limitations, this study adopts a multidimensional method by combining subjective methods
(questionnaires) with objective methods (task performance and physiological signal) to identify operators” hazard
perception levels. EEG, EDA, and HRYV signals of the operators are measured in real time. Hazard perception
levels are determined through the Hazard Perception Questionnaire and an E-prime hazard perception
experiment. Hazard perception assessment model will be developed using 12 machine learning models and
deep learning models, with the optimal model identified via model evaluation metrics and confusion matrices.
In addition, by comparing the performance of models under different combinations of physiological data, the
optimal combination is identified. This study focuses on detecting operators’ hazard perception levels during
prolonged working periods, with the aim of enabling timely identification of insufficient risk perception caused
by fatigue, reduced attention, or accumulated mental workload, thereby advancing the refinement of safety
management.

Experiment design

The overall procedure of the hazard perception level assessment model constructed in this study is illustrated in
Fig. 1. The process comprises three steps: (1) Various coal mine accidents are simulated at the safety monitoring
center, and EEG, EDA, and HRV physiological data are recorded. (2) Data preprocessing. The recorded
physiological signals are preprocessed, and relevant features are extracted for each category of physiological data.
(3) Hazard perception level assessment. Both traditional machine learning models and deep learning models are
employed to classify hazard perception levels, and their accuracy and performance are compared and discussed.

Participants

The determination of the minimum sample size is achieved through a priori power analysis using G*Power
3.1.9.7°%. This study employs multiple paired t-tests to examine physiological differences across hazard perception
levels, and the corresponding parameter settings are presented in Table 1. Effect sizes used in prior physiological
signal research include 0.4%, 0.5%, 0.8%, and 0.9%°. Accordingly, an effect size of 0.7 is selected for this study.
Considering that pairwise comparisons among the three hazard perception levels involve multiple testing, the
Bonferroni correction is applied, adjusting the significance threshold to a = 0.017, and the statistical power is set
to 0.80. Based on these parameters, the minimum sample size required for this study is 21 participants.

A total of 26 participants are recruited from three intelligent coal mine safety monitoring centers. All
participants undergo vision screening and complete the Patient Health Questionnaire for mental health
assessment*!. Three participants are excluded due to elevated mental health risk (PHQ-9 > 10). Ultimately, 23
participants complete the experimental procedures. The sample comprised participants with diverse genders,
ages, and lengths of work experience to ensure adequate representativeness and comprehensiveness. Their ages
ranged from 23 to 50 years (M = 35.6, SD = 9.2), and their work experience range from less than 1 year to more
than 10 years (M = 7.24, SD = 4.23). Detailed sample characteristics are presented in Table 2.
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Fig. 1. The overall framework of the hazard perception assessment model for operators.
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Variable name Variable value

Test family t tests

Means: Difference between two

Statistical test dependent means (matched pairs)

A priori: Compute required sample

Type of power analysis B . -
ypeotp 4 size - given a, power, and effect size

Effect size dz 0.7

a error probability 0.017

Power (1-P error probability) | 0.80

Table 1. Variables used in G*Power.

Characteristic | Category Frequency | Percentage (%)
Male 15 65.2
Gender
Female 8 34.8
20<Age<30 5 21.7
Age 30<Age<40 11 47.8
40<Age<50 7 30.4
Experience<1 2 8.7
1<Experience<5 6 26.1
Work experience
5<Experience<10 | 8 34.8
Experience>10 7 30.4

Table 2. Sample characteristics of participants.

Prior to the experiment, participants are required to have at least seven hours of sleep and to refrain from
consuming alcohol, coffee, or other central nervous system stimulants within 24 h before testing, and to sign
informed consent forms. The experiment is carried out in accordance with relevant guidelines and regulations,
including the Declaration of Helsinki, and is approved by the Institutional Review Board of Taiyuan University
of Technology (TYUT2025121102).

Experimental environment and setup
In the safety monitoring center, operators analyze and evaluate hazard signals at the working face through multi-
screen displays on small-pitch LED screens. In this experiment, E-prime 3.0 software is used to simulate a coal
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Fig. 2. Sample illustration of the hazard perception experiment implemented in E-prime.

Coding | Items Response Factor loadings | Related metrics
HP1 Spotting hazards quickly [1] [2] [3] [4] [5] | 0.832
HP2 Spotting hazards with enough time to react [1] [2] [3] [4] [5] | 0.740
Cronbach’s
HP3 Spotting numerous hazards at a time in multi-screen monitoring? | [1] [2] [3] [4] [5] | 0.844 a=0.876
HP4 Reacting to more than one potential hazard at a time [1] (2] [3] [4] [5] | 0.796 E\R/'EE)OWSZS
HP5 Spotting hazards under high workload? [1] [2] [3] [4] [5] | 0.720 ’
HP6 Spotting hazards under low workload? [1] 2] [3] [4] [5] | 0.778

Table 3. Hazard perception questionnaire and results of reliability and validity analysis. Note: All items are

rated on a scale from 1 (strongly disagree) to 5 (strongly agree), with a midpoint of 3 (neutral).

mine safety monitoring center, presenting coal mine images across four small screens (as shown in Fig. 2). All
images are obtained from coal mining enterprises or online coal mine resources, ensuring their authenticity
and representativeness. A total of 286 images are used, including 147 hazardous images and 139 safe images.
Hazardous images refer to scenarios in underground coal mine operations where actual or potential safety
hazards are present, such as personnel without safety gear, excessive methane concentrations, unstable roof
conditions, equipment sparks, excessive coal buildup on conveyors, water accumulation in tunnels, obstructed
ventilation, or improper operations that could trigger accidents. Such images contain obvious cues of unsafe
behaviors, environmental abnormalities, or accident precursors, providing strong indicators for hazard
perception. Images without safety hazards are defined as safe images. These coal mine images are presented in
two-dimensional forms to better simulate actual monitoring operations. To avoid learning effects, each image is

judged by participants only once.

The subjective assessment in this experiment is conducted using the Hazard Perception Questionnaire
(HPQ)?2. The HPQ is a self-assessment tool designed to evaluate individuals’ ability to identify and assess
potential hazards in specific contexts. It is originally developed for traffic safety applications and has since been
extended to industrial safety and other high-risk operational scenarios. The questionnaire adopts a Likert scale,

ranging from 1 (strongly disagree) to 5 (strongly agree).

In this study, the questionnaire is modified according to actual coal mine scenarios to better fit with the
coal mine safety context, as detailed in Table 3. To ensure the reliability and validity of the questionnaire, a
pre-survey is conducted prior to the formal experiment, involving 60 coal mining practitioners with relevant
professional backgrounds. A total of 53 valid questionnaires are retrieved. Subsequently, reliability and validity
analyses are performed using SPSS 27.0 and Mplus 8.0. As shown in Table 3, these results indicate that the

revised questionnaire demonstrates satisfactory reliability and validity.

In addition to subjective method, this study collects participants’ physiological signals in real time during
the experiment. The Neusen W-series wireless EEG acquisition system, produced by Neuracle, is employed to
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(a) Physiological signal acquisition in experiment

record EEG signals (as shown in Fig. 3a). This system enables high-precision wireless data synchronization with
a sampling frequency of 1000 Hz. Eight EEG channels are used in this study: F3, F4, T3, T4, P3, P4, O1, and O2,
corresponding to the frontal region (F3 and F4), temporal region (T3 and T4), parietal region (P3 and P4), and
occipital region (O1 and O2). EDA signals are recorded using the ErgoLAB wearable human factors recorder
(as shown in Fig. 3a). This wearable physiological monitoring system is a multi-channel, distributed platform
for collecting multiple human physiological parameters, with a sampling frequency of 64 Hz. All acquisition
modules are connected wirelessly to the ErgoLAB 3.0 system, enabling the integrated acquisition of multi-
source physiological data. The specific experimental setup is illustrated in Fig. 3b. The computing environment
is configured as follows: the software is PyTorch 3.10.12, the CPU is AMD 9950X, and the GPU is NVIDIA
GeForce RTX 5090.

Experimental procedure

Upon arrival at the laboratory, participants are informed of the experimental procedure and are instructed to
remain quiet and avoid interacting with each other throughout the session. Subsequently, they are fitted with
an EEG cap and physiological sensors. E-prime 3.0 is used to record participants’ accuracy, reaction time, and
Hazard Perception Questionnaire scores. During the formal experimental phase, participants are seated in front
of the display screen at 60-70 cm, with their gaze fixed on its center. The experimental program comprises the
following steps:

(1) Instructions This page introduced the task and keypress rules. The instructions are presented as follows:
Dear participant, welcome to this experiment! This study aims to simulate the work of a safety monitoring
center to assess your hazard perception level during tasks. During the experiment, you will be presented
with multiple monitoring screens showing real coal mine operation scenes in the form of images. Some of
these scenes contain hazards, while others represent normal operating conditions. In each trial, please make
ajudgment based on the content of the monitoring screen: if you believe the scene contains a hazard, press
the “F” key on the keyboard; if you believe the scene is safe, press the “J” key. Please remain attentive and
respond as quickly as possible while ensuring accuracy when judging whether the presented image contains
a hazard. Afterward, please use the numeric keys 1-5 to answer the subjective questionnaire. At this stage,
participants are allowed to ask questions.

(2) PracticeProc This phase includes the recognition of 20 hazardous images and one subjective questionnaire,
designed to help participants become familiar with the task requirements.
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Fig. 3. Participant conducting experiments with all setup devices. (a) Physiologial signal acquisition in
experiment. (b) Experimental setup in a real scenario.
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(a) Fixation Point Before the formal start of each trial, a “+” symbol is briefly presented at the center of the
screen to prompt participants to focus their attention.

(b) Image Stimuli Participants view the image stimuli and press the “F” key if they judged the scene to be haz-
ardous, or the “J” key if they judged it to be safe. The practice phase comprises 20 trials.

(c) Hazard Perception Questionnaire. Participants use the numeric keys 1-5 to provide a self-assessment of
their hazard perception level during the current practice task.

(d) Black Screen Interval. A blank screen is presented before the start of the next trial to help participants regain
attention.

(3) MainProc. This phase comprises 50 trials, during which participants follow the same procedure as in the
practice phase.
(4) End Page. A thank-you message, and an exit prompt are presented.

Method

Data collection and processing

In the experiment, three types of data are collected: subjective data, task performance data, and physiological
signal data, as shown in Table 4. Subjective questionnaire data and task performance data are used to quantify and
determine the hazard perception level of each participant, thereby providing a basis for subsequent physiological
signal data analysis. Specifically, the Hazard Perception Questionnaire score is denoted as HPQ, the average
action time as RT, and the overall accuracy as ACC. Because shorter reaction time indicates higher hazard
perception levels, RT is first reverse coded, as shown in Eq. 1. Subsequently, HPQ, RT", and ACC are standardized
using the z-score method. Based on the mean value of the three standardized indicators, the Hazard Perception

Composite Index (HPCI) is constructed, as presented in Eq. 2. In this equation, Z,,, Z;» and Z, - represent
the z-score standardized results of HPQ, RT’, and ACC, respectively.

RT' = —RT (1)

pcy — ZaretZrr + Zacc @)

3

In the final stage of label assignment, the hazard perception level is determined using a quantile-based labeling
method based on the HPCI distribution. Specifically, the 33rd percentile (P33) and 67th percentile (P67) are
used as threshold values, where HPCI<P33 is assigned to the low hazard perception level, P33 < HPCI< P67 to
the moderate hazard perception level, and HPCI> P67 to the high hazard perception level. This strategy ensures
objectivity in label assignment and prevents severe class imbalance across levels, which could otherwise bias
model classification and undermine generalization performance.

Since the collected physiological signals are susceptible to environmental noise, preprocessing is required
before analysis. EEG signals are preprocessed using the open-source MATLAB toolbox EEGLAB*? for filtering,
re-referencing, and independent component analysis (ICA). First, a 1-49 Hz band-pass filter is applied to
effectively remove low and high frequency noise. Subsequently, re-referencing is performed to further improve
the consistency and comparability of the signals. Finally, independent component analysis (ICA) is used to
identify and remove artifacts such as eye blinks, eye movements, and electromyographic activity. EDA and HRV
signals are preprocessed using the ErgoLAB software platform. High-pass and low-pass filtering are applied to
remove baseline drift and high-frequency noise, respectively. For EDA, the signals are further decomposed into
skin conductance level (SCL) and skin conductance response (SCR) components which reflect the activity of
the autonomic nervous system. For HRV, the signals are band-pass filtered at 0.5-8 Hz to extract pulse peaks,
from which inter-beat interval sequences are derived to calculate heart rate and heart rate variability parameters.

In this study, physiological signals data are divided by participant into a training set (80%) and a testing set
(20%), ensuring that data from the same participant do not appear in both sets simultaneously. On this basis,
a sliding window segmentation approach with a window length of 5s and a step size of 1s is applied to the
continuous physiological signals, which increases the number of valid samples while maintaining physiological
validity. A total of 13,708 samples are obtained, including 10,966 samples in the training set and 2742 samples in
the test set, which are subsequently used for model training and testing.

Feature extraction

EEG signals are a direct reflection of cortical neural activity. Frequency-domain features are extracted using the
fast Fourier transform (FFT) and are divided into five frequency bands: § (1-4 Hz), 6 (4-8 Hz), a (8-13 Hz),
B (13-30 Hz), and y (30-45 Hz). These features are subsequently used for feature analysis and classification
modeling. In addition, previous research has shows that power band ratios, including o/p, 0/f, (a + 0)/p, and (a

Data type Description

Subjective data Hazard perception questionnaire

Task performance data | Average action time; Overall accuracy

Physiological signal data | Multi-source physiological data, including EEG, EDA and HRV

Table 4. Collected data used in experiments.
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+0)/(a + B) are commonly employed as indicators of mental states such as fatigue or alertness**. Therefore, these
ratios are also included as feature indices in this study.

EDA, as a key physiological signal reflecting sympathetic nervous system activity, is often evaluated through
multidimensional feature analysis to assess individual states. Its features are generally categorized into three
types: overall skin conductance (SC), tonic component, and phasic component**. SC features include meanSC,
maxSC, minSC, stdSC, and varSC, which primarily reflect the overall level of skin conductance and its
fluctuations. Tonic features include meanTonic, maxTonic, minTonic, stdTonic, and varTonic, which describe
low-frequency, slow-varying trends and reveal baseline levels and overall arousal states during prolonged tasks.
Phasic features include meanPhasic, maxPhasic, minPhasic, stdPhasic, and varPhasic, which capture short-term
rapid responses and reflect operators’ immediate reactivity to sudden stimuli.

HRYV is a physiological signal that reflects autonomic nervous system regulation through the analysis of
variations in inter-beat intervals. Feature extraction based on HRV enables effective evaluation of an individual’s
cardiac functional status, mental workload, and emotional regulation capacity. Common HRYV analysis methods
are typically categorized into time-domain, frequency-domain, and nonlinear analysis®!. In time-domain
analysis, the variability of inter-beat intervals is measured directly in the time domain. Common indices include
meanRR, meanHR, SDNN, RMSSD, SDSD, as well as the proportion of successive interval differences exceeding
20 ms and 50 ms (PNN20 and PNN50). Frequency-domain analysis estimates power spectral density to reflect
autonomic nervous activity across different frequency components. Typical indices include low-frequency
power (LF), high-frequency power (HF), normalized LF and HF power (LF Power Norm, HF Power Norm),
their corresponding percentages (LF Power Percent, HF Power Percent), and the LF/HF ratio, which is widely
used to evaluate the balance between sympathetic and parasympathetic nervous system activity. In addition,
nonlinear analysis reveals the complex dynamic characteristics of heart rate regulation, often calculated based on
the Poincaré plot. Related indices such as SD1 and SD2 provide additional feature descriptors. All physiological
features and their descriptions are summarized in Table 5.

Classification models

In this study, 12 classification models are employed, including LightGBM, 1D-CNN, Random Forest, Gradient
Boosting, KNN, XGBoost, Extra Trees, Decision Tree, SVM, AdaBoost, Naive Bayes, and Ridge, which comprise
both machine learning and deep learning models. The study aims to comprehensively compare their assessment
performance and thereby identify the optimal model for assessing operators” hazard perception levels.

(1) AdaBoost. An iterative boosting algorithm that combines multiple weak classifiers with weight adjust-
ments to progressively minimize classification errors, thereby enhancing generalization ability and robust-
ness.

(2) DecisionTree. A hierarchical model based on feature splitting that intuitively represents the mapping be-
tween features and classes, characterized by high interpretability and fast training speed.

(3) ExtraTrees. An ensemble method that introduces randomization in feature selection and split thresholds,
resulting in a low-bias, high-variance model that improves stability and computational efficiency.

(4) GradientBoosting. A boosting algorithm that builds an ensemble by iteratively fitting residuals, capable of
effectively capturing complex nonlinear relationships and achieving high accuracy in classification tasks.

(5) KNN. A lazy learning algorithm based on distance metrics, which classifies samples through majority
voting among neighboring instances. It is simple and intuitive, making it suitable for non-parametric
modeling.

(6) LightGBM. An efficient gradient boosting method that employs histogram-based feature splitting and a
leaf-wise growth strategy, providing superior efficiency and accuracy in high-dimensional data.

(7) NaiveBayes. A probabilistic classifier based on Bayes’ theorem and the assumption of conditional inde-
pendence among features. It offers rapid training speed and low computational cost, making it suitable as
a baseline model.

(8) RandomForest. An ensemble of multiple decision trees constructed with incorporated randomness, which
enhances robustness and generalization ability while effectively mitigating overfitting.

(9) SVM. A classification algorithm that constructs an optimal hyperplane by maximizing the margin between
classes, well suited for high-dimensional feature spaces and effective under small-sample conditions.

(10) XGBoost. An optimized gradient boosting framework that incorporates regularization and parallel com-
putation, combining high accuracy with efficiency, and demonstrating advantages in complex classifica-
tion tasks.

(11) Ridge. A linear regression model with a penalty term, using L2 regularization to suppress multicollinearity
and overfitting, thereby providing improved stability.

(12) 1D-CNN. A deep learning model capable of automatically extracting local and hierarchical features from
time-series data, demonstrating strong performance in sequence classification tasks such as physiological
signal analysis.

To train the models and optimize their hyperparameters, five-fold cross-validation is applied within the training
set. Specifically, the training set is further partitioned into five mutually exclusive subsets, with four subsets used
for model training and the remaining subset used for validation in each fold. This procedure is repeated five
times, and the average performance across the five folds is used to guide model selection and hyperparameter
tuning. Finally, the selected model is evaluated once on the independent test set to assess its generalization
performance on unseen participants.

Six evaluation metrics (Accuracy, Sensitivity, Specificity, Precision, F1-Score, and AUC) is used to assess the
model’s performance. Accuracy is the percentage of correctly classified samples (see Eq. 3). Sensitivity is the
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Signals | Indexes Description
S Frequency ranges from 1 to 4 Hz
0 Frequency ranges from 4 to 8 Hz
a Frequency ranges from 8 to 13 Hz
B Frequency ranges from 13 to 30 Hz
EEG Y Frequency ranges from 30 to 45 Hz
a/p Ratio of a to
6/ Ratio of 6 to p
(a+0)/p Ratio of a+0 to
(a+0)/(a+p) Ratio of a+ 60 to a+p
meanSC Mean of Skin Conductance Data
maxSC Maximum Skin Conductance Data
minSC Minimum of Skin Conductance Data
stdSC Standard deviation of Skin Conductance Data
varSC Variances of Skin Conductance Data
meanTonic Mean of Tonic Data
maxTonic Maximum of Tonic Data
EDA minTonic Minimum of Tonic Data
stdTonic Standard deviation of Tonic Data
VarTonic Variances of Tonic Data
meanPhasic Mean of Phasic Data
maxPhasic Maximum of Phasic Data
minPhasic Minimum of Phasic Data
stdPhasic Standard deviation of Phasic Data
VarPhasic Variances of Phasic Data
meanRR Mean of NN intervals
meanHR Mean of HR
SDNN Standard deviation of NN intervals
RMSSD Square root of the mean of the sum of the squares of differences between adjacent NN intervals
SDSD Standard deviation of differences between adjacent NN intervals
PNN50 NN50 countdivided by the total number of all NN intervals
PNN20 NN20 count divided by the total number of all NN intervals
HRV LF Power Power of the low frequency band (0.04-0.15 Hz)
LF Power Percent | Ratio of LF Power
LF Power Norm | LF power in normalized
HF Power Power of the high frequency band (0.15-0.4 Hz)
HF Power Percent | Ratio of HF Power
HF Power Norm | HF power in normalized
LF/HF Ratio of LF to HF
SD1 Std. deviation of the major axis of the ellipse in Poincar ‘e plot
SD2 Std. deviation of the short axis of the ellipse in Poincar ‘e plot

Table 5. All extracted features and their descriptions.

percentage of correctly identified positive samples (see Eq. 4). Specificity is the percentage of negative samples
correctly identified as negative (see Eq. 5). Precision is the percentage of samples predicted as positive that
are positive (see Eq. 6). F1-Score is the harmonic means of Precision and Sensitivity (see Eq. 7). AUC is the
area under the ROC curve, representing the overall percentage of correct classifications by the model, with
values closer to 1 indicating superior performance. In this study, TP denotes the number of samples correctly
classified as positive, TN denotes the number of samples correctly classified as negative, FP denotes the number
of negative samples incorrectly classified as positive, and FN denotes the number of positive samples incorrectly

classified as negative.

Accuracy = TP+ TN
YTTPYTN+FP+FN
L TP
Sensitivity = TP L FN
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e TN
Specificity = TN+ FP (5)
. TP
Precision = TP+ FP (6)
2TP

F = Py FPTFN

Data analysis and results

Subjective data and task performance data

Based on the subjective data and task performance data, the participants’ Hazard Perception Questionnaire
scores, average action time, and overall accuracy are presented in Fig. 4. A one-way ANOVA is conducted to
examine overall differences among the low, moderate, and high levels. For HPQ, significant differences are
observed between the Low (M=16.74, SD=2.73), Moderate (M=19.87, SD=2.67), and High (M=22.74,
SD =3.33) hazard perception levels (F=24.175, p<0.001). For RT, significant differences are observed between
Low (M =855.02, SD=81.80), Moderate (M=751.14, SD=96.02), and High (M=723.80, SD=111.83) hazard
perception levels (F=11.637, p<0.001). Regarding ACC, significant differences exist between Low (M =0.85,
SD=0.04), Moderate (M=0.87, SD=0.03), and High (M =0.90, SD =0.04) hazard perception levels (F=10.225,
p<0.001).

These results demonstrate that participants with higher hazard perception levels exhibit higher subjective
Hazard Perception Questionnaire scores, shorter average action times, and higher overall accuracy. Moreover,
HPQ, RT, and ACC differ significantly across hazard perception levels, supporting the validity of the label
assignment.

Results analysis of physiological indexes

Figure 5a,b present the variations in EDA and HRV features, across low, moderate, and high hazard perception
levels of operators. For the EDA features, meanSC and meanTonic show an increasing trend, while stdPhasic
shows a decreasing trend. Indicators such as maxSC, stdSC, varSC, maxTonic, stdTonic, VarTonic, meanPhasic,
and maxPhasic initially increase and then decrease, whereas minSC, minTonic, minPhasic, and VarPhasic
initially decrease and then increase. For the HRV indices, meanHR shows an increasing trend, while meanRR,
SDNN, RMSSD, SDSD, PNN50, PNN20, HF Power, and SD1 all show decreasing trends. In contrast, LF Power,
LF Power Percent, HF Power Percent, and HF Power Norm initially decrease and then increase, while LF Power
Norm, LF/HE and SD2 initially increase and then decrease. Thus, operators’ hazard perception levels can be
inferred by observing these feature variations.

Table 6 presents the variations in key physiological features across different hazard perception levels together
with the corresponding paired-sample t-test results. To improve the robustness of statistical rigor, Bonferroni
correction is applied to all paired-sample t-test results. Four main findings are observed. First, in terms of EDA,
stdSC and stdTonic show an increasing trend from low hazard perception level to moderate hazard perception
level, followed by a slight decrease from moderate to high hazard perception level. When hazard perception
level rises from low to moderate, the sympathetic nervous system is significantly activated, leading to intensified
fluctuations in skin conductance signals. However, as operators reach the high hazard perception level, the body
may remain under sustained tension, thereby reducing response flexibility. Significant differences are found
between low and moderate hazard perception levels as well as between low and high hazard perception levels
(p<0.001). This indicates that as hazard perception level increases, sympathetic nervous system excitability is
enhanced, resulting in intensified fluctuations in electrodermal activity.

Second, stdPhasic does not show significant differences across different hazard perception levels. This may be
attributed to the experimental design, which involved a series of continuous hazard perception tasks. With the
continuous presentation of stimuli, participants’ instantaneous responses may gradually diminish. The phasic
component primarily reflects short-term, event-driven electrodermal responses and is typically more sensitive
under sudden stimuli or acute stress conditions. In contrast, in continuous or progressive hazardous scenarios,
its fluctuations remain relatively limited, resulting in non-significant outcomes.
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Fig. 4. Comparison of subjective data and task performance data across hazard perception levels. (a) HPQ
score. (b) Average action time. (c) Overall accuracy.

Scientific Reports |

(2026) 16:6595 | https://doi.org/10.1038/s41598-026-36107-y nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

1400 = T T T T T T T T T T T T T T T

3.5 T T T T T T T T T T T T T T

(a) — (b) — o
3F 1 i Moderate Moderate
‘ High 1200 High 1
1000 1

[

600

Value
=) —
o (¥ — (¥
|
I
e
-
=
Value
]
o
o

400 H 1
15F
05 -
200 14| .
-1 F I 71 A
- e e w " J_IJJ_.J ettt ] e e | e

cC oC AC S LO R\ R ST P G 13 .\\\ S & o8 N )
& \,.h\ﬁ—.\\‘w\\\\(c(\\(\ <o \@\\\ {e\\\ Q\\:. Q\\; & Qf;\\\wéx 0\ 20 «.Q o U i b Y\Q ” Q o Q«a O
o @ 93 3

\\&\\ RS

g 4
A~ g~
R

Fig. 5. Statistical results of physiological features under varying hazard perception levels. (a) The results of
EDA features. (b) The results of HRV features.

Paired t-test P-Value
Low Low Moderate
Standard | vs. vs. vs.
Physiological feature | HP level | Mean | Diff | Deviation | moderate | high high
Low 0.466 |— 56.563
stdSC (uS) Moderate | 0.675 | 0.209 | 0.634 <0.001* <0.001* | 0.154
High 0.555 | -0.120 | 0.457
Low 0179 |— 0.340
stdTonic (uS) Moderate | 0.569 | 0.390 | 0.566 <0.001* <0.001* | 0.067
High 0.408 | -0.161 | 0.403
Low 0374 |— 0.377
stdPhasic (pS) Moderate | 0.277 | -0.097 | 0.250 0.0612 0.169 0.658
High 0.273 | -0.004 | 0.278
Low 77.285 | — 7.935
meanHR (bpm) Moderate | 82.626 | 5.341 | 8.093 <0.001* <0.001* | 0.879
High 82.862 | 0.235 | 8.461
Low 55.668 | — 43.881
SDNN (ms) Moderate | 55.282 | -0.386 | 37.889 0.396 0.034 0.0985
High 50.024 | -5.258 | 41.726

Table 6. Changes in key physiological features in response to varying hazard perception levels and paired
t-test results. Note: Bonferroni correction significance threshold *p <0.0167.

Third, the mean heart rate of operators at low hazard perception level is 77.285 bpm, which increases to
82.626 bpm (+5.341 bpm) at moderate hazard perception level, and further increases to 82.862 bpm (+0.235 bpm)
at high hazard perception level. This indicates that an increase in heart rate is associated with higher hazard
perception levels. Significant differences are observed between low and moderate hazard perception levels as
well as between moderate and high hazard perception levels (p<0.001), whereas no statistically significant
difference is found between moderate and high hazard perception levels (p =0.879).

Finally, SDNN does not show significant differences across the three hazard perception levels. A plausible
explanation is related to the temporal properties of SDNN. As a long-term HRV indicator, SDNN reflects overall
HRYV and requires relatively long ECG segments to achieve sufficient statistical stability. In contrast, the hazard
perception tasks in our study involve transient physiological responses Therefore, SDNN may not be sensitive to
short-term fluctuations in hazard perception.

In this study, EEG frequency bands are extracted from each channel, and the average band power across all
channels is calculated for each hazard perception level. Figure 6 shows EEG topographic maps of the delta, theta,
alpha, beta, and gamma frequency bands. Distinct dynamic changes in EEG frequency bands are observed with
variations in hazard perception level. Specifically, theta, alpha, and beta bands continuously increase as hazard
perception level rises, particularly in the frontal F3 region. This finding is consistent with previous studies,
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Fig. 6. EEG topographic map for theta, alpha, beta, and gamma bands.

NO. | Classifiers Accuracy | Sensitivity | Specificity | Precision | F1-Score | AUC

1 LightGBM 0.9989 0.9978 0.9992 0.9989 0.9983 0.9999
2 1D-CNN 0.9907 0.9821 0.9821 0.9886 0.9853 0.9991
3 RandomForest 0.9554 0.9465 0.9406 0.9406 0.9434 0.9970
4 GradientBoosting | 0.9400 0.9400 0.9440 0.9439 0.9373 0.9985
5 KNN 0.9211 0.8458 0.9275 0.9275 0.8799 0.9888
6 XGBoost 0.8530 0.7023 0.8617 0.9165 0.7666 0.9915
7 ExtraTrees 0.8187 0.6450 0.8239 0.9279 0.7175 0.9999
8 DecisionTree 0.7658 0.5446 0.7725 0.9123 0.6037 0.7713
9 SVM 0.7597 0.5224 0.5224 0.8360 0.5615 0.8434
10 AdaBoost 0.6976 0.4142 0.7081 0.8480 0.4141 0.7530
11 NaiveBayes 0.6251 0.3485 0.3485 0.3752 0.3234 0.5337
12 Ridge 0.4041 0.3845 0.3845 0.3723 0.3518 0.5369

Table 7. Comparison of test performance across 12 models.

which have report that elevated theta and beta power in the frontal region are associated with higher hazard
perception*>. The delta band shifts from the frontal F3 region to the occipital O1 region as hazard perception
level increases, while the gamma band shifts from the occipital O2 region to the occipital O1 region, showing a
pattern of initial increase followed by a decrease in average power. This suggests that high hazard perception may
inhibit activities related to information integration and higher-order cognitive processes. Overall, the results
demonstrate that EEG band power features differ across hazard perception levels, indicating that EEG frequency
band power can serve as an indicator for assessing operators” hazard perception levels.

Model performance evaluation

Table 7 presents the assessment performance of 12 models based on 3 types of physiological signals, ranked in
descending order of accuracy. First, the best-performing method is the gradient boosting model LightGBM,
which achieves a testing accuracy of 99.89%, sensitivity of 99.78%, specificity of 99.92%, precision of 99.89%,
F1-score of 99.83%, and an AUC close to 1, indicating excellent performance in hazard perception assessment.
Second, it is found that among the six tree-based models (LightGBM, Random Forest, Gradient Boosting,
XGBoost, Extra Trees, and Decision Tree), their rankings are 1, 3, 4, 6, 7, and 8, respectively. Their performance
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is generally superior to that of traditional machine learning models (e.g., SVM, Naive Bayes, Ridge). This
advantage derives from the ability of tree-based models to flexibly model complex nonlinear relationships
and to perform particularly well in scenarios with high-dimensional data and strong feature interactions,
thereby demonstrating strong robustness and adaptability?’. Such characteristics enable tree-based models to
exhibit superior performance in complex physiological signal analysis. In addition, the deep learning model
1D-CNN achieves an Accuracy of 99.07% and an AUC close to 1, demonstrating significant advantages in
overall assessment capability. Through convolutional operations, 1D-CNN can automatically extract local and
hierarchical features from physiological signals, effectively capturing latent patterns in temporal information.
This enables it to overcome the limitations of traditional methods in feature selection and feature interaction
modeling?®.

The six best-performing models (LightGBM, 1D-CNN, Random Forest, Gradient Boosting, KNN, and
XGBoost) are selected based on their assessment performance, and their confusion matrices are shown in Fig. 7.
LightGBM demonstrates the best assessment performance, with correct recognition rates exceeding 99% for low,
moderate, and high hazard perception level samples. The 1D-CNN model also shows superior performance,
achieving correct recognition rates above 96% across all three classes. The Random Forest model performs well
for low and moderate hazard perception level samples but shows a decline in recognition accuracy for high hazard
perception level samples. GradientBoosting, KNN, and XGBoost exhibit relatively limited recognition ability.
Overall, Light GBM demonstrates both high accuracy and robustness in hazard perception level assessment.

Figure8a—fpresentstheperformanceofthesixmodelsinhazard perceptionlevelassessmentunderdualandtriple
physiological signal combinations. Four types of physiological signal combinations, namely EEG and EDA, EEG
and HRV, EDA and HRYV, as well as EEG, EDA, and HRYV; are used to retrain the six models (Light GBM, 1D-CNN,
Random Forest, Gradient Boosting, KNN, and XGBoost) to determine the optimal combination for hazard
perception assessment. Overall, the results show that EEG + EDA + HRV achieves the best assessment performance
acrossallmodels, indicating that the complementary information from EEG, EDA, and HRV significantly enhances
hazard perception assessment capability. Specifically, in the LightGBM model, ACCEEG’“EDAL.lghtGBM: 89.88%,
Lighicpy=89:90%, ACCEPATHRY o o=79-61%, ACCEEG+EDATIRY o =99.89%. In the
ID-CNN model, ACCEEG+EDA ' —8835%, ACCEEG+HRY ~  —87.50%, ACCEPA+HRV =72 36%,
ACCEEG’“EDA*HRVID,CNN: 99.07%. In the RandomForest model, ACCEEG+EDA =88.16%,
ACCEEG+HRV =87.34%, ACCEPA+HRV =54.90%, ACCEEG+EDA+HRV =95.54%.

RandomForest RandomForest RandomForest
5 s EEG+EDA — 0, EEG +HRV — 0,
In the GradientBoosting model, ACC =84.67%, ACC GradientBoosting= 54-01%,

ACCEDPA+HRV =94.00%. In the KNN model, ACCEEG+EDA

AC CEEG +HRV
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GradientBoosting

— 6980%, AccEEG+EDA+ HRV
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=88.38%, ACCFEGHHRYV —78.95%, ACCEPA+HRY = 65.14%, ACCEEGEPA+HRY  —9211%. In the
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Fig. 7. Confusion matrix of six best-performing models.
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Fig. 8. Test results of different signal combinations of six best-performing models.
ACCEEGEDA+HRV =85.30%. The results indicate that among dual-signal combinations, EDA + HRV
demonstrates weaker accuracy compared to other pairs, while EEG + EDA shows superior performance. When
compared to dual-signal combinations, triple-signal combinations achieve the highest test accuracy of all six
models. This provides crucial evidence supporting the use of multi-source physiological data for operator hazard
perception assessment in this study.
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References | Focus of study Data source Best model Best physiological combination | Accuracy(Max)
1 Hazard identification | EEG CatBoost — 0.9510
51 Perceived risk fNIRS CatBoost — 0.9030
30 Perceived risk PPG, EDA, ST Gaussian SVM | EDA + ST + PPG 0.8120
15 FFH risk EEG, EDA, PPG, ST | CatBoost EEG + EDA + PPG + ST 0.9980
52 Fall-risk assessment | inertial motion data | CNN-LSTM — 0.9130
53 Emotion recognition g;l‘;}st:f)‘l’(')‘grf;{}ggz;ls LightGBM — 0.9890
18 Mental workload ECG, EDA KNN — 0.9310
gﬁg;m Hazard perception | EEG, EDA, HRV | LightGBM EEG + EDA + HRV 0.9989

Table 8. Summary of related studies using physiological signals.

Discussion

The results of this study, based on machine learning and deep learning models, demonstrate that multi-source
physiological data can effectively assess the hazard perception levels of operators in safety monitoring centers.
In particular, the fusion of EEG, EDA, and HRV enables high-accuracy assessment of hazard perception levels.
These findings emphasize the critical role of real-time multi-source physiological data in assessing adverse
operator states, thereby reducing risks and preventing accidents. As shown in Table 8, compared with previous
studies, most existing research on physiological signals has focuses on cognitive load, fatigue, drowsiness, and
emotion>*. The few studies addressing hazard perception and risk identification have largely concentrate
on recognizing external risks rather than operators’ internal hazard perception levels. Moreover, compared
with multi-source physiological data fusion, single physiological signals often exhibit limitations in feature
representation and fail to achieve high accuracy. Therefore, multi-source fusion not only compensates for the
shortcomings of single signals but also improves model accuracy and robustness through the integration of
complementary information.

This study advances the development of remote monitoring management models for high-risk industries,
focusing on the niche yet critical research topic of operator hazard perception levels within intelligent coal mine
safety monitoring centers. Its primary contributions are as follows: First, by training 12 models with multi-
source physiological data, LightGBM achieve the best performance among all evaluated models. In addition,
the study demonstrates the feasibility of real-time assessment of operators’ hazard perception levels based on
EEG, EDA, and HRV signals. This contributes to enhancing real-time monitoring of operator states, and when
combined with the LightGBM model, enables early warnings of low hazard perception levels and attention
lapses during operations, thereby reducing the risk of coal mine accidents caused by human errors and further
improving mine safety. Second, the findings provide insights into the dynamic changes of physiological signals
under different hazard perception levels and reveal higher sensitivity of specific brain regions during the hazard
perception process. Future research can focus on physiological features of EDA and HRV that exhibit variations
across different hazard perception levels, as well as the frontal F3 region of the brain. This offers a scientific
reference for operator state assessment in intelligent coal mine safety monitoring centers and other high-risk
operational scenarios, allowing systems to more effectively monitor critical physiological indicators and brain-
region-specific signals, thereby improving the efficiency of potential hazard detection. Finally, the results provide
a scientific basis for operational and safety management by supporting the construction of dynamic scheduling
and risk warning systems based on real-time physiological signal monitoring. Specifically, when an operator’s
hazard perception level is assessed to be low, multiple dynamic adjustment measures can be implemented,
including optimizing task allocation, adjusting work pace, temporarily reducing workload, or arranging short
breaks, when necessary, to restore the operator’s hazard perception level, thus promoting the evolution of safety
management toward greater intelligence and precision. Moreover, the implications can be extended to safety
management in transportation, aviation, and other high-risk industries, further advancing the development of
human-machine collaborative safety management systems.

It should be noted that several challenges and limitations remain. First, although the laboratory environment
replicates the actual working conditions of operators in coal mine safety monitoring centers, it may still fail to
fully reflect the complexity of real coal mine operations. The collection of physiological signals may be subject
to interference from external environmental factors. Therefore, before applying the proposed hazard perception
intelligent platform to real-world intelligent coal mine monitoring systems, further testing and validation in real
working environments are required to comprehensively evaluate its reliability and robustness. Second, this study
focuses only on operators’ physiological responses under different hazard perception levels. However, other
dimensions, such as subjective emotions and explicit behavioral characteristics, could also serve as additional
indicators of hazard perception. Future research may extend the current framework by incorporating multi-
source information (e.g., facial expression recognition, emotional state analysis, eye-tracking) on top of EEG,
EDA, and HRV data, thereby constructing a more comprehensive hazard perception assessment framework and
enhancing the applicability and robustness of the models in complex working environments.
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Conclusion

This study designes an experiment to assess the hazard perception levels of operators in coal mine safety
monitoring centers, simulating real working scenario. Subjective data from the Hazard Perception Questionnaire
and task performance data are collected, while EEG, EDA, and HRV data are simultaneously recorded in real
time. Physiological features are extracted from each signal type, and their variations are analyzed. A total of
12 machine learning and deep learning models are applied to hazard perception level assessment, ultimately
identifying the optimal assessment method based on multi-source physiological data. The main conclusions are
as follows:

1. The experimental results show that changes in operators’ hazard perception levels are reflected in variations
of EEG, EDA, and HRV several physiological features. Corrected significant differences (p <0.0167) are ob-
served in certain HRV and EDA features across different hazard perception levels, especially between the
low-moderate and low-high levels. In addition, EEG signals are crucial for assessing hazard perception levels.

2. Compared with other models, the LightGBM model demonstrates both accuracy and robustness in assessing
operators’ hazard perception levels. With an accuracy of 99.89%, its gradient boosting tree structure effec-
tively captured complex nonlinear relationships within multi-source physiological data, making the model
more reliable and practical for real-world applications.

3. By evaluating the performance of 6 models based on different physiological signal combinations, it is found
that the EEG+EDA + HRV combination consistently achieves the best performance across all models,
whereas the EDA + HRV combination yields the lowest accuracy. These results highlight the significant com-
plementarity among multi-source physiological data and demonstrate that signal fusion substantially im-
proves classification accuracy and model robustness.

By advancing the understanding of operators’ hazard perception and contributes to the development of an
intelligent platform for hazard perception assessment. Such a platform aims to effectively reduce safety risks
associated with decreased hazard perception levels among operators and improve the overall safety of coal mine
production. By integrating physiological signals with machine learning and deep learning models, this research
provides a novel pathway for enhancing safety management in intelligent coal mines. Moreover, the proposed
method can also be applied to other high-risk industries, offering safer and more intelligent management
strategies.

Data availability
The datasets generated during and/or analysed during the current study are available in the https://github.com/
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