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Abstract. Due to the increasing complexity of coal mine production environment
and the rapid growth of monitoring data, the traditional methods are difficult to
timely and accurately detect potential hazard and take early warning measures.
Starting from existing Graph Neural Networks (GNN) model, this paper innova-
tively and for the first time proposes to extract fine-grained features from multi-
source monitoring data and downhole geological structure information collected
by sensors through the fusion of multi-layer aggregators and dynamic time con-
volution modules. After that, the cross-graph attention mechanism is employed
to realize the effective interaction and fusion of multi-channel data. Finally, the
paper employs the depth graph representation learning to merge the spatial struc-
ture characteristics of the coal mine with the time series dynamic information to
develop a multi-level visual risk map, which can result in accurately identifying
the potential safety hazard and warning efficiently during the coal mine opera-
tion. The experimental results demonstrate that the accuracy of potential safety
hazard identification of the proposed complex GNN model can be greatly im-
proved compared to the existing methods.

Keywords: Coal Mine Safety, Graph Neural Network, Multi-source Monitor-
ing Data Fusion, Dynamic Time Convolution.

1 Introduction

Due to the high frequency of coal mine accidents, the safety of coal mines has always
been an important issue of global concern, and it not only poses great challenges to the
life safety of miners, resulting in great economic losses [1]. Due to the improvement of
coal mine safety management in recent years and the introduction of various safety
measures, the operating environment of coal mines still has many safety threats, includ-
ing gas leakage, roof fall, equipment failure, and human error. The conventional secu-
rity monitoring methods based on manual inspection, video monitoring, and sensor-
based detection have various drawbacks, including delayed identification of hidden
dangers, high false alarm rate, and difficulty to process large-scale and complex data
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[2]. These challenges demonstrate that the supervision of coal mines must be upgraded
urgently with intelligent and automated systems that can identify risks.

In these years, the application in industrial safety of artificial intelligence (AI) tech-
nology has been a hot focus, and gradually the artificial intelligence method has been
introduced to coal mine safety management. As one of the deep learning models de-
signed to handle non-Euclidean data, Graph Neural Networks (GNNs) have provided
powerful modeling capabilities for complex structured data [3].

Coal mining is a type of mining characterized by numerous safety hazards, in which
mine workers, equipment, ventilation systems, and geological conditions have complex
interactions, which can be represented through a graph structure. Traditional machine
learning methods hardly reflect the intricate dependencies among the different data en-
tities and their relationships in the coal mine environment, whereas GNNs can signifi-
cantly capture such types of dependencies and thus achieve more precise hazard detec-
tion and risk identification abilities [4].

2 Related Work

Ali et al. [5] proposed an Internet of Things-based dynamic sensor information control
system (IoT-DSICS) that focuses on solving the problems of high temperature and
high humidity and harmful gas emission in coal mines. The system integrates IIoT sen-
sor networks, and control systems to monitor and control prototypes using Wi-Fi mi-
crocontroller system, activate ventilation equipment, and ground alert in case of dan-
ger. Dey et al. [6] proposed a hybrid CNN-LSTM based monitoring and prediction sys-
tem to monitor and predict coal mine disasters for preventive detection based on IoT.

You et al. [7] By using artificial intelligence technology, people can make the risk
of coal mine gas known and controllable, which is conducive to the prevention and
control of coal mine gas accidents. Yang et al. [8] estimated that the goal of coal mine
safe production management is to reduce accidents and enhance the secure production
of coal mines. As a result, with a large market demand for coal, long and harsh envi-
ronmental conditions in the underground coal mine, the phenomenon of safety acci-
dents in the process of coal mining around the world sometimes occurred.

Shu et al. [9] sifting micro-seismic data and devise a classifying process for the sig-
nal, of great reference offer for early warning of coal and gas outbursts. Kong et al.
analyzed the coal mine safety situation in Guizhou Province and concluded that even
though the safety situation of coal mines in Guizhou Province has improved during
many years, but coal mine accidents still happen from time to time. Jiskani et al. [10]
Based on the integration of entropy weight and grey clustering method, Yang et al.
[11] proposed to improve mine safety. In this approach, various risk factors are in-
volved, the weight of each factor is identified by the entropy weight method.
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3 Methodologies

3.1 Multi-Layer Aggregator with Dynamic Temporal Convolution

On the basis of the existing GNN framework, this paper first proposes a multi-layer
aggregator for multi-source perception data (including gas concentration, temperature,
geological structure, etc.) in coal mines, so as to extract more comprehensive represen-
tations from neighborhood nodes in the spatial dimension. Let H® € RN*% be the [-
layer node, indicating that A € R¥*" is the adjacency matrix and D is the degree ma-
trix. A multi-layer aggregator consists of three parallel aggregation methods: Mean,
Max, and Att, as shown in Equation 1:

l
H(HD =0 (@pe{Mean,Max,Att}rp (H(l)’ A)) VVfglz'lon' (1)

where @ is the vector splicing operation, @(-) It can be a nonlinear function such as
ReLU. The aggregators are as follows. Mean aggregator as shown in Equation 2:

Twean(H®, 4) = (D AHOW,D,.,). ©)

Its function is to obtain the average information of neighborhood nodes, smoothing
and highlighting the overall trend. Max aggregator as shown in Equation 3:

e (H©,4), = o (| max (HO) W2, ). ©

Capture the local maximum response with neighborhood extremums to identify po-
tentially risky "spike" features (e.g., sudden spikes in gas concentrations). Attention
aggregators such as Equations 4 and 5:
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This self-attention method dynamically measures the importance of neighborhood
nodes, and is especially suitable for highlighting the most valuable information when
multi-source monitoring data is cluttered. By splicing the three aggregation results and

then fusing them with ngglon, the spatial correlation features of the coal mine can be

learned from multiple perspectives.
In the time dimension, Dynamic Temporal Convolution (DTC) is combined with
historical observations. Let the node feature at time t be H® (t), and define a variable

convolutional kernel {WT(Z) Y1 of length K with the attenuation function p(t) to adapt
the timing characteristics of different sensors, as shown in Equation 6:
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If the gas concentration changes drastically, p(7) can be set to a more gradual atten-
uation to increase the weight of short-term information. If the temperature change is
relatively stable, p(7) can decay more rapidly and reduce the interference of long-term
history. In this way, the spatial aggregation of the graph structure can be supplemented
with temporal dynamics, forming a stronger ability to capture spatiotemporal risks.

3.2 Cross-Graph Attention Mechanism

Since there are often multiple channels in the coal mine environment, it can be ab-
stracted into M correlation diagrams{A(™3} _. Tn order to allow nodes to intersect the
representations learned on different channels, this paper introduces the Cross-Graph
Attention mechanism. Let hﬁim) represent the [-layer representation of node v in the m
graph. Aligning the information of different graphs m, n yields Equations 7 and 8§:
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where W,,..ss and g are the learnable parameters. This attention fuses the weights of the
features of the same node on different modal graphs to avoid information fragmentation
and improve the comprehensive expression ability of multi-source data.

After the above aggregation, time series convolution and cross-graph attention, the
higher-order feature H®) of the node can be obtained. In order to implement coal mine
safety early warning, this paper uses the readout function & to give the risk score 7, for
h,(,“ , such as Equations 9 and 10:

r, = #(h), ©)
Rglobal = Agg({rv}g=1)» (10)

where Ry;opq; represents the global risk level, Agg(-) It can be a maximum or average
operation. As a result, a multi-level visual risk map is formed: on the one hand, the node
risk r;, can be marked on the underground roadway topology or geological distribution
map to help identify local high-risk points; On the other hand, the overall alarm rating
is carried out by Ryjopa;-
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4 Experiments

4.1 Experimental Setup

The experiment used the IJCRS'15 World Coal Mine Safety Monitoring Dataset, which
included multi-dimensional time series data collected by gas sensors and wind speed
sensors in the coal mine environment, covering the changes of gas concentration and
mine ventilation in different time periods. The characteristics of the data set is high
frequency sampling and multivariate recording, gas sensor is used to detect the concen-
tration of the combustible gas in the coal mine environment, and wind speed sensor is
used to assess the mine ventilation system operation status within the safe range. The
data is available at https://gitcode.com/open-source-toolkit/90e34.

4.2  Experimental Analysis

We combine GNN models with four Al-based approaches, including Long Short-Term
Memory Network (LSTM) an enhanced RNN model, Least Squares Support Vector
Machine (LSSVM), Convolutional Neural Network (CNN), and Hybrid Model (CNN-
LSTM). In Figure 1, we can observe that as the total number of learnable parameters
of the model increases, the accuracy of each method shows an increasing trend, but
differences in improvement amplitude and stability. At the lower parameter scales, the
traditional LSTM and LSSVM are weaker, and although the parameter parameters are
increased, the accuracy is improved, but the increase is limited. CNN and CNN-LSTM
have achieved relatively stable performance improvement at medium parameter scales.
On the contrary, our method is more accurate across the parameter space.
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Fig. 1. Accuracy Comparison Result.
As can be seen from the results of Figure 2, as the number of sensors increases, the

early warning response time of each method increases Show more upward to varying
degrees, and a significant difference in upward trend of response time and amplitude.
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Fig. 2. Warning Response Time Comparison.

It can be seen from the comparison that with the number of sensors small, the tradi-
tional LSTM and LSSVM methods perform well, but when it reaches 200 sensors, the
response time takes on a sharp increase. The response time of NN and CNN-LSTM
methods decreases only slightly with more sensors, and still remain longer than ours.

On the Raspberry Pi, the inference time of the model is about 3.5 seconds/time, while
the traditional CNN model takes about 6 seconds/time on the same hardware. The GNN
model achieves obvious advantages in computational efficiency through simplified ag-
gregation and convolution operations. The memory footprint of the GNN model is
50MB, while the memory footprint of the CNN model is 80MB. By reducing the num-
ber of network layers and the number of parameters, the GNN model optimizes memory
usage.

The average response time of the GNN model is 5 seconds, which is faster than that
of CNN (8 seconds) and LSTM (10 seconds). Although the response time of CNN-
LSTM is 7 seconds, it still cannot catch up with GNN.

5 Conclusion

In conclusion, our method outperforms existing warning methods with respect to ac-
curacy and warning time, based on the results of the experiment. Using complex GNN
framework which have multi-level aggregators, dynamic temporal convolution and
cross-graph attention mechanism, effectively fuses spatial, temporal and multi-modal
data, extracting characteristics accurately and responding promptly in dynamic coal
mine environment. Future research can further optimize the computational efficiency
of the model and explore more low-power and efficient deployment options.
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