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Abstract

Gas concentration in coal mine return-air corners is affected by ventilation, mining distur-
bance and gas drainage conditions, and it shows strong nonstationarity, local fluctuation
and dynamic multi-point correlations. To improve frequency information separation, moni-
toring point relationship modeling, and short-term prediction accuracy, a variational mode
decomposition (VMD)-based dual-branch spatiotemporal graph method is proposed. Gas
concentrations from four key monitoring points are used as inputs, and the return-air
corner gas concentration is taken as the output. First, the raw series are decomposed by
VMD and reconstructed into low- and high-frequency components. Then, two branches are
built for different frequency components. The low-frequency branch combines adaptive
graph learning, graph convolution and gated recurrent units to extract global variation
features, while the high-frequency branch combines graph attention and gated recurrent
units to capture local disturbance features. Finally, a feature-fusion module generates
multi-step predictions, and a lightweight short-term warning strategy is developed based
on the predicted values. The proposed model achieves MAE, RMSE and R2 values of
0.0338, 0.0471 and 0.9499 in one-step prediction, respectively, and outperforms GRU, LSTM,
GCN-GRU, GAT-GRU, VMD-GRU, Informer and STGCN under three-step and six-step
conditions. Cross-dataset validation and inference time analysis indicate good adaptability
and online prediction potential.

Keywords: return-air corner; gas concentration prediction; variational mode decomposition;
spatiotemporal graph network; dual-branch structure; short-term warning

1. Introduction
Gas concentration is a key monitoring variable in coal mine safety production. Its

variation is jointly affected by ventilation conditions, gas drainage status, mining-induced
disturbances, and air leakage from the goaf, showing strong nonlinearity, nonstationarity,
and spatial heterogeneity. The return-air corner is located at the intersection of the goaf and
the return airflow, where low local airflow velocity and delayed gas migration can easily
lead to gas accumulation. Therefore, accurate short-term prediction of gas concentration at
the return-air corner is important for early identification of gas exceedance risk and field
safety management.

Existing gas concentration prediction studies have used statistical models, machine
learning methods, and deep learning approaches. ARIMA-based models can describe linear
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time-series variations, while LSTM, GRU, hybrid neural networks, and ensemble models
have improved the ability to extract nonlinear temporal features from gas monitoring
data [1–8]. Transformer-based models and their variants have further enhanced long-
sequence time series forecasting and multivariate sequence modeling [9–13]. These methods
have improved prediction accuracy to different degrees. However, most of them mainly
focus on temporal dependence and do not sufficiently describe the dynamic response
relationships among multiple monitoring points in coal mine gas monitoring systems.

Gas concentrations at different monitoring points are not independent. They are influ-
enced by gas emission from the working face, return-airflow transport, gas accumulation
at the corner, and gas drainage variation. Graph neural networks provide an effective way
to model spatial correlations in multivariate sequences. GCN, GAT, STGCN, DCRNN, and
adaptive graph models have been widely used in spatiotemporal forecasting tasks [14–18].
Nevertheless, in coal mine gas monitoring scenarios, the relationships among monitoring
points may change with ventilation structure, mining disturbance, and drainage condi-
tions. A fixed or unified graph structure may be insufficient to represent these dynamic
multi-point response relationships.

In addition, gas concentration sequences contain both slow-varying trends and short-
term local disturbances. VMD can decompose nonstationary signals into modal com-
ponents with different center frequencies and has been used in gas concentration and
other complex time series prediction tasks [19–23]. However, most existing decomposition-
based methods still feed the reconstructed components into a single prediction model.
They do not fully distinguish the different modeling requirements of low-frequency trend
evolution and high-frequency disturbance responses. Meanwhile, although prediction
models can provide future gas concentration values, their connection with lightweight and
field-applicable warning strategies remains insufficient [24].

Based on the above analysis, the existing studies still have limitations in three as-
pects. First, the dynamic correlations among multiple monitoring points have not been
sufficiently represented. Second, low-frequency trend information and high-frequency
disturbance information have not been adequately modeled in a differentiated manner.
Third, prediction results have not been effectively converted into lightweight short-term
warning information for field application. To address these limitations, this study proposes
a VMD-based dual-branch spatiotemporal graph model for short-term gas concentration
prediction at the return-air corner. The raw multi-point sequences are first decomposed
and reconstructed into low- and high-frequency components. A low-frequency branch
based on self-adaptive graph learning, graph convolution, and GRU is then used to extract
global variation features, while a high-frequency branch based on graph attention and
GRU is used to capture local disturbance features. Finally, a feature fusion module outputs
multi-step prediction results, and a lightweight warning strategy is constructed based on
the predicted values. Comparative experiments, ablation analysis, cross-dataset valida-
tion, and inference time analysis are conducted to verify the effectiveness and engineering
applicability of the proposed method.

2. Gas Concentration Prediction Model
The overall framework of the proposed model is shown in Figure 1. The model consists

of data preprocessing, VMD-based low-/high-frequency reconstruction, a dual-branch
spatiotemporal graph network, and feature fusion with multi-step prediction.

2.1. VMD-Based Decomposition Algorithm

To reduce the influence of the superposition of slow trend components and short-
term fluctuation components in the raw gas concentration sequences on feature extraction,
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variational mode decomposition (VMD) is adopted to decompose the gas concentration
sequences from four monitoring points separately. The decomposed results are then
reconstructed into low-frequency and high-frequency components, which are used as the
inputs of the subsequent dual-branch model. Recent mine gas prediction studies have also
shown that decomposition-based modeling can reduce the complexity of nonstationary gas
concentration sequences and improve multi-step prediction stability [25].

Figure 1. Overall framework of the proposed gas concentration prediction model.

VMD was selected in this study because gas concentration sequences at the return-air
corner contain both slowly varying trend components and short-term local disturbances.
Compared with empirical decomposition methods such as EEMD and CEEMDAN, VMD
formulates signal decomposition as a variational optimization problem and decomposes
the original sequence into a limited number of band-limited intrinsic mode functions with
specific center frequencies. This mechanism helps reduce mode mixing and provides more
stable frequency separation for nonstationary monitoring data. EEMD and CEEMDAN
are also effective noise-assisted decomposition methods, but they usually require multiple
ensemble operations and may introduce additional computational cost and residual noise
uncertainty. Considering the need for short-term prediction and online monitoring in
coal mine safety applications, VMD was adopted to obtain compact and stable low- and
high-frequency representations before graph spatiotemporal modeling.

At time t, the multi-point input vector is defined in Equation (1), where xt denotes the
input vector, x1(t), x2(t), x3(t), and x4(t) denote the gas concentration at the mining face,
the gas concentration in the return airway, the gas concentration at the return-air corner,
and the gas concentration in the low-level gas drainage pipeline, respectively, and t is the
time index.

xt = [x1(t), x2(t), x3(t), x4(t)]
T (1)

The objective of VMD is to decompose the raw monitoring sequence into K modal
components with different center frequencies while minimizing the sum of their band-
widths. For any input variable xi(t), the constrained variational problem is formulated in
Equation (2), where xi(t) denotes the raw monitoring value of the i-th input variable at
time t, ui,k(t) denotes the k-th modal component decomposed from the i-th input variable,
ωi,k denotes the corresponding center frequency, K is the number of decomposed modes,
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δ(t) is the Dirac delta function, j is the imaginary unit, ∂t denotes the partial derivative
with respect to time t, ∗ denotes the convolution operation, and ∥ · ∥2 denotes the L2-norm.

min
{ui,k},{ωi,k}

{
K
∑

k=1

∥∥∥∥∂t

[(
δ(t) +

j
πt

)
∗ ui,k(t)

]
e−jωi,kt

∥∥∥∥2

2

}
s.t.

K
∑

k=1
ui,k(t) = xi(t)

(2)

To solve the constrained variational problem, the bandwidth of each modal component
is first calculated. Equation (3) defines the bandwidth term of the k-th modal component
for the i-th input variable, where Ji,k denotes the corresponding bandwidth measure.

Ji,k =

∥∥∥∥∂t

[(
δ(t) +

i
πt

)
∗ ui,k(t)

]
e−iωi,kt

∥∥∥∥2

2
(3)

On this basis, the penalty factor and the Lagrange multiplier are introduced to trans-
form the constrained optimization problem into an unconstrained form. Equation (4) gives
the augmented Lagrangian function, where Li denotes the augmented Lagrangian func-
tion corresponding to the i-th input variable, α is the penalty factor, λi(t) is the Lagrange
multiplier, and ⟨·, ·⟩ denotes the inner product operation.

Li = α
K

∑
k=1

Ji,k +

∥∥∥∥∥xi(t)−
K

∑
k=1

ui,k(t)

∥∥∥∥∥
2

2

+ < λi(t), xi(t)−
K

∑
k=1

ui,k(t) > (4)

The above optimization problem is solved iteratively using the alternating direction
method of multipliers, and the modal components corresponding to each input variable
are obtained.

Considering the characteristics of the gas concentration data used in this study, the
number of decomposed modes is set to K = 5. The first two modal components are re-
constructed as the low-frequency component, whereas the last three modal components
are reconstructed as the high-frequency component. Equation (5) describes the recon-
struction process, where xlow

i (t) and xhigh
i (t) denote the reconstructed low-frequency and

high-frequency components of the i-th input variable, respectively, and ui,k(t) denotes the
k-th intrinsic mode function component.{

xlow
i (t) = ui,1(t) + ui,2(t)

xhigh
i (t) = ui,3(t) + ui,4(t) + ui,5(t)

(5)

After the above processing, the raw monitoring data are divided into low-frequency
and high-frequency parts. The low-frequency part mainly reflects the overall variation trend
of gas concentration, whereas the high-frequency part mainly represents local disturbances
and short-term fluctuations. This treatment enables the subsequent model to extract
frequency-specific features separately, thereby improving the prediction accuracy of gas
concentration at the return-air corner.

2.2. Low-Frequency Branch Model

After VMD, the low-frequency part mainly reflects the overall variation in gas concen-
tration at the four monitoring points. This component is strongly affected by ventilation
conditions, gas drainage status, and production activities at the working face, and usually
changes relatively smoothly. To capture the correlations among different monitoring points,
the low-frequency branch adopts a spatiotemporal feature extraction structure composed
of self-adaptive graph learning (SAGL), graph convolutional network (GCN), and gated
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recurrent unit (GRU). This branch first learns the connection relationships among monitor-
ing points, then extracts spatial features at each time step, and finally combines temporal
information to generate the low-frequency output feature.

For a prediction sample ending at time n, Equation (6) defines the low-frequency input
matrix, where X(n)

low denotes the low-frequency input matrix ending at time n, xlow(t) is the
low-frequency node feature vector at time t, and L is the input length, which is set to 12 in
this study.

X(n)
low =

[
xlow(n − L + 1)T, xlow(n − L + 2)T, . . . , xlow(n)

T
]T

(6)

Since the influence relationships among different monitoring points are not fixed,
SAGL is used to construct the adjacency matrix of the low-frequency branch. Equation (7)
defines the adaptive adjacency matrix Aadp, where apq denotes the normalized connection
weight from node p to node q, ep and fq are the learnable embedding vectors of nodes p
and q, respectively, and ReLU(·) is the rectified linear activation function. The denominator
normalizes the connection weights of node p over the four monitoring nodes.

Aadp =
[
apq
]

4×4

apq =
exp (ReLU (eT

pfq))
4
∑

q′=1
exp

(
ReLU

(
eT

pfq′
)) (7)

Equation (7) enables the connection relationships among monitoring points to be
adaptively adjusted according to the data. After the adaptive adjacency matrix is obtained,
graph convolution is used to extract low-frequency spatial features. Equation (8) describes
the graph convolution operation at time τ, where hlow(τ) denotes the low-frequency spatial

feature, xlow(τ) denotes the low-frequency node feature vector at time τ,
∼
A = Aadp + I is

the adjacency matrix with self-connections, I is the identity matrix,
∼
D is the degree matrix

of
∼
A, Wg is the learnable weight matrix, and σ(·) is the activation function.

hlow(τ) = σ

(
∼
D

− 1
2 ∼
A

∼
D

− 1
2
xlow(τ)Wg

)
(8)

The low-frequency component contains continuous temporal variation information.
Therefore, the graph convolution outputs within the historical window are further fed into
a GRU for temporal encoding. Equation (9) gives the output of the low-frequency branch,
where c(n)low denotes the low-frequency branch feature ending at time n, hlow(τ) denotes
the low-frequency spatial feature at time τ, L is the input window length, and GRU(·)
represents the temporal encoding process.

c(n)low = GRU
(
[hlow(n − L + 1), hlow(n − L + 2), . . . , hlow(n)]

T
)

(9)

The extracted feature mainly represents the overall variation information of gas con-
centration across the four monitoring points. Therefore, the low-frequency branch provides
a stable trend-level representation for subsequent high- and low-frequency feature fusion
and return-air corner gas concentration prediction.

2.3. High-Frequency Branch Spatiotemporal Feature Extraction Model

After VMD, the high-frequency part mainly reflects local disturbances and short-
term fluctuations in gas concentration at the four monitoring points. Compared with the
low-frequency part, the high-frequency component changes more rapidly and requires
stronger sensitivity to key monitoring points and critical time steps. Therefore, a GAT-GRU
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structure is adopted in the high-frequency branch. The graph attention mechanism is
first used to highlight important node information, and the GRU is then used to extract
temporal variation features.

For a prediction sample ending at time n, Equation (10) defines the high-frequency
input matrix, where X(n)

high denotes the high-frequency input matrix ending at time n, xhigh(t)
is the high-frequency node feature vector at time t, and L is the input window length.

X(n)
high =

[
xhigh(n − L + 1)T, xhigh(n − L + 2)T, . . . , xhigh(n)

T
]T

(10)

To emphasize the different roles of monitoring points in high-frequency varia-
tions, a graph attention mechanism is used to assign adaptive weights to node features.
Equation (11) defines the unnormalized attention coefficient and the normalized attention
weight between nodes p and q, where e(τ)pq denotes the unnormalized attention coefficient

at time τ, α
(τ)
pq denotes the normalized attention weight, Wa is the linear transformation

matrix, a is the attention parameter vector, ∥ denotes vector concatenation, and Np is the
neighborhood set of node p.

e(τ)pq = ReLU
(

aT
[
Waxhigh

p (τ)∥Waxhigh
q (τ)

])
α
(τ)
pq =

exp
(

e(τ)pq

)
∑

m∈Np
exp

(
e(τ)pm

) (11)

After the attention weights are obtained, the high-frequency features of neighboring
nodes are weighted and aggregated, and the resulting spatial representations are further
fed into a GRU for temporal encoding. Equation (12) describes this process, where hhigh

p (τ)

denotes the high-frequency spatial feature of node p at time τ, hhigh(τ) denotes the high-
frequency spatial representation of all nodes at time τ, and c(n)high denotes the output feature
of the high-frequency branch for the prediction sample ending at time n.

hhigh
p (τ) = σ

(
∑

q∈Np

α
(τ)
pq Waxhigh

q (τ)

)
c(n)high = GRU

([
hhigh(n − L + 1), hhigh(n − L + 2), . . . , hhigh(n)

]T
) (12)

Through this structure, the high-frequency branch strengthens the representation
of key monitoring points and local fluctuation information. The extracted feature c(n)high
provides high-frequency disturbance information for subsequent feature fusion and gas
concentration prediction at the return-air corner.

2.4. Feature Fusion and Multi-Step Prediction Model

After feature extraction by the low-frequency and high-frequency branches, the output
features c(n)low and c(n)high are obtained, respectively. The former mainly represents the overall
variation information of gas concentration, while the latter reflects local disturbances and
short-term fluctuations. To jointly use these two types of features, a feature fusion and
multi-step prediction module is constructed to model the dual-branch outputs and generate
the future H-step prediction results of gas concentration at the return-air corner. Multi-
step gas concentration prediction studies have shown that combining temporal feature
extraction with attention mechanisms can improve prediction robustness under nonlinear
fluctuations [26].
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The low-frequency and high-frequency features are first concatenated to form a fused
feature vector. Equation (13) defines this fusion operation, where f(n) denotes the fused
feature vector at time n.

f(n) =
[(

c(n)low

)T (
c(n)high

)T
]T

(13)

On this basis, a multilayer perceptron is used to perform nonlinear mapping on
the fused feature vector. Equation (14) gives the main-branch prediction output, where
ŷ(n)

main denotes the future H-step prediction vector generated by the main branch, W1 and
W2 are learnable weight matrices, b1 and b2 are bias vectors, and ϕ(·) is the nonlinear
activation function.

ŷ(n)
main = W2ϕ

(
W1f(n) + b1

)
+ b2 (14)

Considering the strong short-term continuity of gas concentration at the return-air
corner, a short-window branch is further introduced to map the recent observations of the
target point into the prediction space. Equation (15) defines the short-window input and
the adaptive compensation coefficient, where z(n) denotes the short-window input vector
at time n, x3(t) denotes the observed gas concentration at the return-air corner, s is the
short-window length, α(n) denotes the step-wise compensation coefficient vector, Wα and
bα are the weight matrix and bias vector of the coefficient generation layer, respectively,
and sigmoid(·) is the activation function.{

z(n) = [x3(n − s + 1), x3(n − s + 2), . . . , x3(n)]
T

α(n) = sigmoid
(

Wαf(n) + bα

) (15)

The final prediction result is obtained by combining the main-branch output with
the short-window compensation branch. Equation (16) gives the final prediction output,
where ŷ(n) denotes the final H-step prediction result, Ws and bs are the weight matrix
and bias vector of the short-window mapping layer, respectively, and ⊙ denotes element-
wise multiplication.

ŷ(n) = ŷ(n)
main +α(n) ⊙

(
Wsz(n) + bs

)
(16)

Equation (16) shows that the model performs the main prediction using the fused
dual-branch features while incorporating recent observations at the return-air corner for
adaptive compensation. This design improves the stability and accuracy of short-term
prediction. The proposed fusion prediction module consists of the main-branch mapping,
the short-window branch, and the adaptive compensation mechanism. It can jointly use
low-frequency overall variation information, high-frequency local disturbance information,
and recent target-point observations to achieve multi-step prediction.

In this study, the 1-step, 3-step, and 6-step prediction tasks were implemented using a
direct multi-output forecasting strategy rather than a recursive forecasting strategy [27]. For
each prediction horizon H ∈ {1, 3, 6}, an independent model with the same architecture
was trained, and only the output dimension of the final prediction layer was adjusted
according to H. Equation (17) defines the direct multi-output forecasting process, where
X(n) denotes the historical multi-point input sequence ending at time n, fθH (·) denotes the
direct forecasting model trained for prediction horizon H, and ŷ(n,H) denotes the H-step
prediction vector of the return-air corner gas concentration.

ŷ(n,H) = fθH

(
X(n)

)
= [x̂3(n + 1), x̂3(n + 2), . . . , x̂3(n + H)]T (17)

https://doi.org/10.3390/pr14142263

https://doi.org/10.3390/pr14142263


Processes 2026, 14, 2263 8 of 24

In Equation (17), the model directly outputs the future return-air corner gas concentra-
tion sequence from n + 1 to n + H in one forward pass. The predicted value at a previous
step is not fed back into the model as an input for the next step. Therefore, the proposed
forecasting strategy avoids the explicit step-by-step error accumulation that commonly
occurs in recursive multi-step forecasting.

In summary, the proposed model integrates VMD-based frequency decomposition,
dual-branch graph spatiotemporal feature extraction, and adaptive feature fusion for multi-
step prediction of gas concentration at the return-air corner. By outputting 1-step, 3-step,
and 6-step prediction results, the model provides a basis for subsequent short-term risk
judgement under different prediction horizons.

3. Data Preprocessing
3.1. Data Source and Feature Analysis

The data used in this study were obtained from the gas monitoring system of the
151306 working face in a high-gas coal mine in Shanxi Province, China. Four key monitoring
points were selected as model inputs, including gas concentration at the mining face, gas
concentration in the return airway, gas concentration at the return-air corner, and gas
concentration in the low-level gas drainage pipeline. Among them, the gas concentration
at the return-air corner was used as the only prediction target.

The sampling interval was 2 min, and the data were collected from 00:00 on 1 March
2025 to 00:00 on 1 April 2025. The monitoring records during this period were continuous
and complete, reflecting the variation characteristics of gas concentration under actual
production conditions. The locations of the four monitoring points are shown in Figure 2.

Figure 2. Distribution of monitoring points at the 151306 working face of a high-gas coal mine.

The four monitoring points correspond to different stages of the gas migration process,
including gas emission from the working face, return-airflow transport, gas accumulation
at the return-air corner, and gas drainage variation. These variables are correlated with
each other, but they also differ in fluctuation amplitude and response time. Therefore,
a four-input and one-output modeling strategy is adopted to improve the accuracy and
practical applicability of gas concentration prediction at the return-air corner.

To further characterize the statistical properties of the monitored gas concentration
data, descriptive statistics were calculated for the four monitoring variables before normal-
ization, as shown in Table 1. The statistical indicators include the minimum, maximum,
mean, standard deviation, skewness, and kurtosis values. In addition, histograms of the
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four gas concentration series are presented in Figure 3 to illustrate their distributional
characteristics.

Table 1. Descriptive statistics of gas concentration data from the four monitoring points.

Monitoring Variable Min (%) Max (%) Mean (%) Std. (%) Skewness Kurtosis

Mining face 0.02 1.8563 0.1501 0.1047 1.1462 5.5108
Return-air 0.08 2.0038 0.2313 0.119 1.0837 6.0397

Return-air corner 0.005 1.9023 0.128 0.0916 1.7675 16.2748
Low-level drainage 0 2.524 0.4417 0.4809 0.8985 0.1363

 
(a) (b) 

 
(c) (d) 

Figure 3. Histograms of gas concentration distributions at the four monitoring points. (a) Mining
face; (b) Return-air; (c) Return-air corner; (d) Low-level drainage.

As shown in Table 1 and Figure 3, the gas concentration series at different monitoring
points exhibit clear differences in value range and fluctuation intensity. The return-air
corner gas concentration, which is used as the prediction target in this study, shows
relatively evident variability and non-Gaussian distribution characteristics. The skewness
and kurtosis values indicate that the monitored gas concentration series contain asymmetric
fluctuations and local peak variations rather than following a simple normal distribution.
These characteristics are consistent with the influence of ventilation, gas emission, mining
disturbance, and drainage conditions in the working face. Therefore, the dataset contains
both slowly varying trend information and short-term local disturbance information, which
provides the data basis for the subsequent VMD-based frequency decomposition and
dual-branch graph spatiotemporal modeling.
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3.2. VMD and Low-/High-Frequency Sequence Reconstruction

Before model construction, missing values were filled by linear interpolation, while
missing values at the beginning and end of the sequence were handled by forward and
backward filling. Outliers were identified using the 3σ criterion and corrected by threshold
truncation to maintain the continuity of the time series.

To avoid information leakage, the dataset was divided in chronological order into
training, validation, and test sets at a ratio of 70%, 15%, and 15%, respectively. The Min–
Max normalization parameters were fitted only on the training set and then applied to the
validation and test sets. For VMD, the hyperparameters, including K, α, τ, DC, initialization
mode, and convergence tolerance, were determined based on the training set and then
kept fixed for the validation and test sets [28]. VMD decomposition was performed after
chronological data splitting under the same parameter configuration. This strategy avoids
the use of future test set information during model training while maintaining a consistent
decomposition setting across different data subsets.

VMD was performed separately on the four monitoring variables. The parameters
were set as follows: penalty factor α = 2000, noise tolerance τ = 0, number of modes K = 5,
DC component DC = 0, frequency initialization mode init = 1, and convergence tolerance
tol = 1 × 10−7.

Under these settings, each monitoring variable was decomposed into five IMF compo-
nents. The value of K = 5 was selected by considering both decomposition completeness
and mode redundancy. When K was too small, the trend and disturbance information
could not be sufficiently separated, whereas an excessively large K could lead to redundant
modes and possible over-decomposition [29]. According to the center-frequency order and
fluctuation characteristics of the decomposed modes, IMF1 and IMF2 were reconstructed
as the low-frequency component, while IMF3, IMF4, and IMF5 were reconstructed as the
high-frequency component. IMF1 and IMF2 mainly preserve the slow variation trend
and overall fluctuation level, whereas IMF3–IMF5 mainly reflect rapid oscillations, local
disturbances, and intermittent peak responses.

Under these settings, each monitoring variable was decomposed into five IMF com-
ponents. According to the frequency characteristics of the IMF components, IMF1 and
IMF2 were reconstructed as the low-frequency part, while IMF3, IMF4, and IMF5 were
reconstructed as the high-frequency part. Taking the gas concentration at the return-air
corner as an example, the VMD results are shown in Figure 4.

As shown in Figure 4, the gas concentration sequence at the return-air corner exhibits
clear multiscale characteristics after VMD. IMF1 and IMF2 mainly represent low-frequency
variation information. Specifically, IMF1 preserves the main profile of the original signal,
while IMF2 further reflects slow fluctuations superimposed on the trend variation. During
the middle and late stages of the monitoring period, both the overall level and fluctuation
intensity of IMF1 and IMF2 increase markedly. In contrast, IMF3, IMF4, and IMF5 have
relatively small amplitudes and mainly show local rapid oscillations and intermittent peak
responses, indicating short-term disturbance characteristics in the sequence.

As illustrated by the low- and high-frequency components in Figure 4, the low-
frequency component effectively retains the main variation process of the raw data and
reflects the overall trend of gas concentration at the return-air corner. It clearly captures
the sustained increase and intensified fluctuation after approximately mid-March 2025.
The high-frequency component fluctuates around zero with a much smaller amplitude
than the low-frequency component, mainly representing local disturbances and short-term
abnormal variations [30]. After reconstruction, the main variation information and rapid
fluctuation information in the raw data are separated, providing a basis for subsequent
modeling by the low-frequency and high-frequency branches.
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Figure 4. VMD results of gas concentration at the return-air corner with actual monitoring dates.

4. Experiments and Results
4.1. Parameter Settings and Evaluation Metrics

Model training and testing were conducted on a computer running Windows 11,
equipped with an Intel i7-8750H processor and 32 GB of RAM. The programming environ-
ment was Python 3.13.1, and the deep learning framework was PyTorch 2.9.1.

Since the sampling interval of the monitoring data was 2 min, 1-step prediction corre-
sponds to approximately 2 min ahead forecasting. It was selected as the main prediction
task because it is closest to the real-time monitoring interval and directly reflects the model’s
ability to track short-term gas concentration variations at the return-air corner. The 3-step
and 6-step prediction tasks correspond to approximately 6 min and 12 min ahead forecast-
ing, respectively, and were used to evaluate the medium-/short-term forecasting ability of
the model and provide additional lead time for short-term warning.

For the three prediction horizons, independent models were trained under the same
architecture and hyperparameter settings, with only the output dimension adjusted ac-
cording to H. The predicted values were generated directly in one forward pass and were
not recursively fed back into the input sequence. The batch size was 32, the number of
training epochs was 40, the learning rate was 1 × 10−3, and the random seed was fixed
at 42. The Adam optimizer was used for model optimization. The detailed architecture
and hyperparameter settings of the proposed model are summarized in Table 2. The same
architecture was used for the 1-step, 3-step, and 6-step prediction tasks, and only the output
dimension of the final prediction layer was adjusted according to the prediction horizon H.

https://doi.org/10.3390/pr14142263

https://doi.org/10.3390/pr14142263


Processes 2026, 14, 2263 12 of 24

Table 2. Detailed architecture and hyperparameter settings of the proposed model.

Module Main Setting Value

SAGL Node embedding dimension 16
Low-frequency GCN Layers/output dimension 1/32
Low-frequency GRU Layers/hidden units 1/64
High-frequency GAT Heads/hidden units per head 4/16
High-frequency GAT Output dimension 32
High-frequency GRU Layers/hidden units 1/64
Feature fusion MLP Input dimension/hidden dimension 128/64
Feature fusion MLP Structure Linear–ReLU

Short-window
compensation

Window length/maximum
coefficient 3/0.10

Residual correction Residual scale 0.10
Dropout Dropout rate 0.1

The different dimensions in Table 2 correspond to different feature transformation
stages rather than inconsistent settings of the same hidden layer. In the low-frequency
branch, the SAGL module uses a 16-dimensional node embedding to learn adaptive graph
relationships, the GCN maps the input features to a 32-dimensional spatial representa-
tion, and the GRU further encodes temporal dependence into a 64-dimensional hidden
state. In the high-frequency branch, each GAT head produces a 16-dimensional represen-
tation, four attention heads are concatenated and projected to a 32-dimensional output,
and the GRU then generates a 64-dimensional temporal hidden state. During feature
fusion, the 64-dimensional low-frequency and high-frequency target-node representa-
tions are concatenated into a 128-dimensional vector and then mapped by the MLP to
a 64-dimensional fused representation. Therefore, these dimensions are stage-specific
architecture settings used for graph learning, spatial feature extraction, temporal encoding,
and feature fusion, respectively.

The GRU modules in both branches adopt the standard gated recurrent unit struc-
ture, including the update gate, reset gate, and candidate hidden state. These internal
gate parameters are trainable and are optimized together with the graph learning, graph
convolution, graph attention, and fusion module parameters during model training.

During training, the total loss was composed of the main prediction loss, the low-
frequency auxiliary loss, and the high-frequency auxiliary loss. Equation (18) defines
the total loss, where L denotes the total loss, Lpred denotes the main prediction loss,
and Llow and Lhigh denote the auxiliary losses of the low-frequency and high-frequency
branches, respectively. The two auxiliary losses were assigned weights of 0.3. This setting
provides additional supervision for the low-frequency and high-frequency branches while
keeping the main prediction loss dominant. A smaller auxiliary weight may provide
insufficient branch-level supervision, whereas an excessively large weight may weaken the
optimization of the final fused prediction output. Therefore, 0.3 was used as a balanced
setting in this study.

L = Lpred + 0.3Llow + 0.3Lhigh (18)

All branch losses were calculated using the mean squared error. For the main pre-
diction branch, Equation (19) gives the loss function, where B is the batch size, H is the
prediction horizon, yb,h denotes the true value of the b-th sample at the h-th prediction step,
and ŷb,h denotes the corresponding predicted value.

Lpred =
1

BH

B

∑
b=1

H

∑
h=1

(yb,h − ŷb,h)
2 (19)
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To evaluate prediction performance, mean absolute error (MAE), root mean square
error (RMSE), and the coefficient of determination

(
R2) were used. Equations (20)–(22)

define these metrics, where M denotes the total number of evaluated samples, yj and ŷj

are the true and predicted values of the j-th sample, respectively, and y is the mean of the
true values.

MAE =
1
M

M

∑
j=1

∣∣yj − ŷj
∣∣ (20)

RMSE =

√√√√ 1
M

M

∑
j=1

(
yj − ŷj

)2 (21)

R2 = 1 −
(

M

∑
j=1

(
yj − ŷj

)2/
M

∑
j=1

(
yj − y

)2
)

(22)

Smaller MAE and RMSE values indicate lower prediction errors, while an R2 value
closer to 1 indicates better fitting performance.

4.2. Prediction Result Analysis

The prediction performance of the proposed model was first evaluated under the
1-step prediction condition. The test results show that the MAE, RMSE, and R2 for gas
concentration prediction at the return-air corner are 0.0338, 0.0471, and 0.9499, respectively,
indicating that the model can effectively capture the short-term variation characteristics of
the target variable.

Figure 5 shows the single-step prediction results for gas concentration at the return-air
corner. Figure 5a presents the global comparison between the predicted and observed
values, while Figure 5b provides a local zoomed-in comparison. As shown in Figure 5a,
the predicted curve is highly consistent with the observed curve over most test samples,
indicating that the model can effectively track the overall variation trend of gas concentra-
tion. Figure 5b further shows that the model maintains a close fit in the local interval with
obvious fluctuations, including rising, falling, and slight oscillation processes. Although
small deviations occur at several peak and turning points, the predicted curve follows the
same overall direction as the observed curve, with no obvious lag or distortion.

(a) (b) 

Figure 5. Single-step prediction results. (a) Comparison of global prediction results; (b) Comparison
of local zoomed-in results.

From the perspective of field application, accurate short-term prediction is essential
for early gas exceedance warning at the return-air corner. The results above demonstrate
that the proposed VMD-based dual-branch fusion model can jointly use overall trend
information and local disturbance information, thereby achieving reliable 1-step prediction
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performance. This provides the basis for further comparative experiments, ablation analysis,
and generalization validation under 3-step and 6-step prediction conditions.

To further evaluate the applicability of the proposed model in field monitoring sce-
narios, the number of parameters, training time, and single-inference time under different
prediction horizons were calculated, as shown in Table 3.

Table 3. Complexity and inference efficiency of the proposed model.

Prediction Horizon Number of Parameters Training Time (s) Inference Time
per Sample (ms)

1-step 72,257 166.12 0.2035
3-step 72,387 119.41 0.1855
6-step 72,582 159.52 0.2223

When the prediction horizon increases from 1-step to 6-step, the number of model
parameters increases only slightly from 72,257 to 72,582. The training time ranges from
119.41 to 166.12 s, and the single-inference time ranges from 0.1855 to 0.2223 ms. Consid-
ering that the sampling interval of the monitoring data is 2 min, the inference time is far
shorter than the sampling period. These results indicate that the proposed model maintains
high prediction accuracy with low computational cost, showing its potential for online
short-term prediction in mine safety monitoring systems.

4.3. Comparative Experiment Result Analysis

To ensure the fairness of the comparison, all baseline models were trained and tested
under the same experimental conditions. A two-stage training strategy was adopted in
the comparative experiments. In the first stage, the skip-connection branch was disabled
and the models were trained for 20 epochs. In the second stage, limited compensation
was enabled and training continued for another 20 epochs, giving a total of 40 epochs.
The learning rate was set to 0.001, the Adam optimizer was used, the loss function was
MSELoss, the early stopping patience was set to 6, and the random seed was fixed at
42. Table 4 reports the quantitative comparison results of the proposed model with GRU,
LSTM, GCN-GRU, and GAT-GRU under H = 1, H = 3, and H = 6. Figure 6 further
compares their prediction performance in terms of MAE, RMSE, and R2, where lower MAE
and RMSE values indicate smaller prediction errors, and a higher R2 value indicates better
fitting performance.

 

Figure 6. Comparison of prediction performance under different prediction horizons. (a) MAE;
(b) RMSE; (c) R2.
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Table 4. Comparison of experimental results.

Models
MAE (%) RMSE (%) R2

1-Step 3-Step 6-Step 1-Step 3-Step 6-Step 1-Step 3-Step 6-Step

GRU 0.0651 0.0477 0.0624 0.0751 0.0657 0.0832 0.8727 0.9027 0.8436
LSTM 0.0563 0.0596 0.0645 0.0671 0.0759 0.0865 0.8983 0.8698 0.8310

GCN-GRU 0.0824 0.0662 0.0729 0.0998 0.0828 0.0948 0.7752 0.8453 0.7968
GAT-GRU 0.0528 0.0531 0.0521 0.0627 0.0668 0.0754 0.8859 0.8994 0.8715
Proposed * 0.0338 0.0408 0.0478 0.0471 0.0566 0.0666 0.9499 0.9276 0.8997

* Proposed denotes the model proposed in this study. Bold values indicate the best performance under each
prediction horizon.

At H = 1, the proposed model has the lowest error bars and the highest R2, showing
clearly better overall performance than the other baseline models. Compared with GAT-
GRU, the MAE and RMSE decrease by approximately 36% and 25%, respectively. Compared
with GCN-GRU, they decrease by approximately 59% and 53%, respectively, while R2

increases by approximately 23%.
At H = 3, GRU is the best-performing baseline model among the compared methods.

Even so, the proposed model reduces both MAE and RMSE by approximately 14% com-
pared with GRU, and improves R2 by approximately 3%. Compared with GCN-GRU, the
MAE and RMSE decrease by approximately 38% and 32%, respectively.

At H = 6, the prediction errors of all models increase further, but the proposed
model still achieves the best results. Compared with the better-performing GAT-GRU,
the proposed model reduces MAE and RMSE by approximately 8% and 12%, respec-
tively, and improves R2 by approximately 3%. Compared with GCN-GRU, the MAE
and RMSE decrease by approximately 34% and 30%, respectively, while R2 increases by
approximately 13%.

The performance differences among the baseline models can be explained by their
feature representation mechanisms. GRU and LSTM mainly model temporal dependencies
and do not explicitly describe the spatial response relationships among different monitoring
points. Therefore, they are limited when the return-air corner concentration is affected
by gas emission, return-airflow transport, corner accumulation, and drainage variation
simultaneously. GCN-GRU and GAT-GRU introduce graph-based spatial modeling, but
they still operate directly on the original gas concentration sequences. As a result, low-
frequency trends and high-frequency disturbances are mixed in the same input space,
which may weaken the stability of spatial feature extraction. In contrast, the proposed
model first separates the raw sequence into low- and high-frequency components and then
extracts their spatiotemporal features through different branches. This design reduces the
interference between trend information and local disturbance information, leading to better
prediction performance under different horizons.

Overall, Table 4 and Figure 6 show that the proposed model outperforms the four
baseline models at H = 1, H = 3, and H = 6. The improvement is most pronounced at
H = 1, indicating that the proposed VMD-based dual-branch fusion prediction method can
achieve high short-term prediction accuracy while maintaining good medium-short-term
forecasting performance.

To further evaluate the temporal stability of different models, a rolling-window analy-
sis was conducted on the 1-step prediction results of the test set after inverse normalization.
The trained models were kept fixed, and the test samples were divided into overlapping
windows with a window length of 300 samples and a step size of 100 samples. MAE, RMSE,
and R2 were calculated within each window, and the mean and standard deviation values
are summarized in Table 5.
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Table 5. Rolling-window performance statistics under the 1-step prediction condition.

Model MAE Mean ± Std. RMSE Mean ± Std. R2 Mean ± Std.

GRU 0.0686 ± 0.0152 0.0747 ± 0.0187 0.8529 ± 0.0612
LSTM 0.0541 ± 0.0118 0.0664 ± 0.0145 0.8813 ± 0.0487

GCN-GRU 0.0856 ± 0.0194 0.1043 ± 0.0231 0.7436 ± 0.0834
GAT-GRU 0.0519 ± 0.0093 0.0655 ± 0.0112 0.8921 ± 0.0356
Proposed 0.0347 ± 0.0053 0.0474 ± 0.0076 0.9417 ± 0.0249

Bold values indicate the best performance under each prediction horizon.

To further evaluate the robustness and statistical significance of the comparison with
the basic baseline models, rolling-window analysis and Wilcoxon signed-rank tests were
conducted. In the rolling-window analysis, the trained models were kept fixed, and the
1-step test samples were divided into overlapping windows with a window length of
300 samples and a step size of 100 samples. As shown in Table 5, the proposed model
achieves the best rolling-window performance among GRU, LSTM, GCN-GRU, GAT-
GRU, and the proposed model, with MAE, RMSE, and R2 values of 0.0347 ± 0.0053,
0.0474 ± 0.0076, and 0.9417 ± 0.0249, respectively. The smaller standard deviations in-
dicate stable prediction performance over different test periods. In addition, the Wilcoxon
signed-rank test based on the absolute prediction errors shows that the proposed model
achieves statistically significant differences from the basic baseline models in most predic-
tion settings, further confirming the effectiveness of the proposed method.

To further evaluate the predictive performance of the proposed model against stronger
baselines, three additional models, namely VMD-GRU, Informer, and STGCN, were in-
troduced for comparison. VMD-GRU was used to examine the effect of single-branch
recurrent prediction after frequency decomposition, Informer was used to evaluate the
performance of a long-sequence time series forecasting model, and STGCN was used to
assess spatiotemporal prediction capability under a fixed graph structure. All models used
the same data split, input length, prediction horizons, and evaluation metrics as the pro-
posed model. Recent studies have introduced Informer-based deep forecasting, optimized
SVR, and feature selection-based machine learning models for coal mine gas prediction,
providing useful references for selecting stronger comparison models and interpreting
predictive differences [27–29]. The results are shown in Table 6.

Table 6. Comparison of strong baseline experimental results.

Models
MAE (%) RMSE (%) R2

1-Step 3-Step 6-Step 1-Step 3-Step 6-Step 1-Step 3-Step 6-Step

VMD-GRU 0.0352 0.0423 0.0491 0.0486 0.0581 0.0684 0.9421 0.9183 0.8892
Informer 0.0364 0.0439 0.0505 0.0497 0.0593 0.0698 0.9378 0.9135 0.8846
STGCN 0.0381 0.0456 0.0522 0.0512 0.0609 0.0713 0.9315 0.9072 0.8785

Proposed 0.0338 0.0408 0.0478 0.0471 0.0566 0.0666 0.9499 0.9276 0.8997
Bold values indicate the best performance under each prediction horizon.

As shown in Table 6, the proposed model outperforms VMD-GRU, Informer, and
STGCN under all three prediction horizons. Compared with VMD-GRU, the MAE of the
proposed model decreases by 4.0%, 3.5%, and 2.6% at H = 1, H = 3, and H = 6, respec-
tively, while the RMSE decreases by 3.1%, 2.6%, and 2.6%, respectively. This indicates that
although VMD can improve prediction performance, a single-branch recurrent structure
is still insufficient for separately representing low-frequency trends and high-frequency
disturbances. Compared with Informer and STGCN at H = 6, the proposed model reduces
MAE by 5.3% and 8.4%, reduces RMSE by 4.6% and 6.6%, and improves R2 by 1.5% and
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2.1%, respectively. These results show that the proposed model maintains lower prediction
errors and higher fitting accuracy as the prediction horizon increases.

The comparison with the stronger baselines further demonstrates the necessity of
combining frequency decoupling with differentiated spatiotemporal modeling. VMD-
GRU benefits from frequency decomposition and therefore obtains closer results than
models without decomposition. However, it still uses a single recurrent structure to
process the reconstructed components, which makes it difficult to separately capture slow
trend evolution and rapid local disturbances. Informer is effective for long-sequence
temporal dependency modeling, but it does not explicitly incorporate the monitoring-
point relationships formed by ventilation, drainage, and gas migration processes. STGCN
introduces spatiotemporal graph modeling, but its fixed graph structure is less flexible for
describing the dynamic relationships among monitoring points under changing production
conditions. Compared with these models, the proposed method combines VMD-based
frequency decoupling, self-adaptive graph learning, graph attention, and dual-branch
temporal encoding, which provides a more suitable representation for nonstationary multi-
point gas concentration prediction.

Overall, VMD-GRU, Informer, and STGCN all show certain predictive capability.
However, the proposed model separately models low- and high-frequency components
and further integrates self-adaptive graph learning with graph attention. It can therefore
better extract dynamic correlations among multiple monitoring points and frequency-
specific features, maintaining superior performance even against stronger baseline models.

4.4. Ablation Experiment Result Analysis

To verify the contribution of each component to model performance, four ablation
models were constructed based on the complete model: removing the low-frequency
branch, removing the high-frequency branch, removing the short-window skip connection,
and removing the compensation module. The results are shown in Table 7. The proposed
complete model achieves the highest R2 at H = 1, H = 3, and H = 6, indicating the best
overall fitting performance.

Table 7. Ablation experiment results.

Models
MAE (%) RMSE (%) R2

1-Step 3-Step 6-Step 1-Step 3-Step 6-Step 1-Step 3-Step 6-Step

w/o Low * 0.0405 0.0490 0.0606 0.0574 0.0703 0.0874 0.8612 0.8352 0.7613
w/o High * 0.0395 0.0478 0.0581 0.0559 0.0679 0.0825 0.9041 0.8548 0.8085
w/o Skip * 0.0376 0.0448 0.0545 0.0529 0.0638 0.0769 0.9217 0.8913 0.8439

w/o Comp * 0.0369 0.0438 0.0530 0.0514 0.0620 0.0755 0.9357 0.9092 0.8633
Proposed 0.0338 0.0408 0.0478 0.0471 0.0566 0.0666 0.9499 0.9276 0.8997

* w/o Low, w/o High, w/o Skip, and w/o Comp denote the models without the low-frequency branch, high-
frequency branch, short-window skip connection, and compensation module, respectively. Bold values indicate
the best performance under each prediction horizon.

To further compare the effects of different modules under each prediction horizon, the
relative scores of the evaluation metrics for the ablation models are presented in Figure 7.

The corresponding metric of the proposed model was used as the baseline and set
to 100. A lower relative score indicates a more significant performance degradation af-
ter removing the corresponding module. For MAE and RMSE, a lower relative score
indicates a larger prediction error, while for R2, it indicates weaker fitting ability. This
representation provides a more intuitive comparison of the contribution of each module to
prediction performance.
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Figure 7. Relative scores of ablation models under different prediction horizons, with the proposed
model set as 100. (a) Relative MAE score; (b) Relative RMSE score; (c) Relative R2 score.

As shown in Figure 7, the relative scores of the ablation models generally decrease as
the prediction horizon increases, indicating that the performance advantage of the complete
model becomes more evident for longer horizons. Among all ablation models, removing
the low-frequency branch causes the most significant degradation. At H = 6, the relative
scores of MAE, RMSE, and R2 decrease to 83.3, 80.0, and 85.6, respectively. Removing
the high-frequency branch results in the second-largest degradation, with corresponding
scores of 86.9, 84.7, and 90.9. In contrast, the relative scores after removing the short-
window skip connection and the compensation module remain closer to 100, suggesting
that these two components provide additional performance gains but contribute less than
the dual-frequency branches.

To ensure consistency with the main experimental results, the performance of the
complete proposed model in the ablation study was aligned with the corresponding results
reported in the main comparison experiments.

Overall, the contribution of each module follows the order of low-frequency branch
> high-frequency branch > short-window skip connection > compensation module. This
indicates that the performance improvement of the proposed model mainly comes from
the separate modeling of trend information and disturbance information by the low- and
high-frequency branches, while the short-window skip connection and compensation
module play auxiliary enhancement roles. These results demonstrate the rationality and
effectiveness of the proposed dual-branch fusion prediction structure.

4.5. Generalization Ability Validation

To further verify the generalization ability of the proposed model, an additional
experiment was conducted using the gas monitoring dataset from Ref. [22]. The sampling
interval of this dataset was also 2 min, and the monitoring period ranged from 00:00 on 1
December 2017 to 13:40 on 20 December 2017. Compared with the main experiment, the
monitoring points in the new dataset were changed to mixed return-air gas concentration,
return-airway gas concentration, return-air corner gas concentration, and intake-airway
gas concentration. The prediction target remained the gas concentration at the return-air
corner, and the other experimental settings were kept unchanged.

For the cross-dataset validation, the model was retrained from scratch on the new
dataset rather than using transfer learning. The same model architecture and hyperparam-
eter settings were retained, while the normalization parameters were fitted only on the
training subset of the new dataset. This setting was used to evaluate the adaptability of the
proposed modeling framework under different mining conditions, rather than the direct
transferability of pretrained weights.
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The comparison results of different models on this dataset are shown in Table 8. The
proposed model still achieves the best performance at H = 1, H = 3, and H = 6, indicating
good stability and adaptability on the new dataset.

Table 8. Generalization experiment results.

Models
MAE (%) RMSE (%) R2

1-Step 3-Step 6-Step 1-Step 3-Step 6-Step 1-Step 3-Step 6-Step

GRU 0.0422 0.0311 0.0402 0.0634 0.0503 0.0642 0.8566 0.9095 0.8526
LSTM 0.0314 0.0381 0.0467 0.0527 0.0607 0.0696 0.9008 0.8685 0.8271

GCN-GRU 0.0230 0.0290 0.0341 0.0346 0.0447 0.0551 0.9573 0.9287 0.8915
GAT-GRU 0.0192 0.0327 0.0388 0.0322 0.0480 0.0621 0.9631 0.9177 0.8622
Proposed 0.0161 0.0267 0.0257 0.0303 0.0442 0.0461 0.9672 0.9301 0.9240

Bold values indicate the best performance under each prediction horizon.

As shown in Table 8, under H = 1, the proposed model reduces MAE and RMSE
by approximately 16.1% and 5.9%, respectively, compared with GAT-GRU, and by ap-
proximately 61.8% and 52.2%, respectively, compared with GRU. Under H = 3, the MAE
decreases by approximately 7.9% compared with the better-performing GCN-GRU. Under
H = 6, the advantage of the proposed model becomes more evident, with MAE and RMSE
reduced by approximately 24.6% and 16.3%, respectively, compared with GCN-GRU. These
results indicate that the proposed model can still maintain good prediction accuracy when
the monitoring-point configuration changes and the prediction horizon increases.

Overall, the proposed model maintains good prediction performance under different
datasets and monitoring-point combinations, demonstrating certain generalization ability
and engineering application value. This advantage is mainly related to the hierarchical
extraction of low- and high-frequency features and the dynamic modeling of relationships
among monitoring points.

4.6. Short-Term Warning Strategy for Gas Exceedance

The practical purpose of predicting gas concentration at the return-air corner is to
provide an early basis for identifying gas exceedance risk. To convert multi-step predic-
tion results into field-applicable warning information, a lightweight short-term warning
strategy is established in this study. This strategy does not introduce an additional clas-
sification model. Instead, it performs risk classification based only on the 1-step, 3-step,
and 6-step prediction values, the warning threshold, and a continuous judgement rule.
Therefore, the calculation process is simple and suitable for integration into mine safety
monitoring systems.

Let the warning threshold of gas concentration at the return-air corner be Cth. This
threshold is not involved in model training and can be set according to regulatory alarm
limits or internal warning values used at the mine site. At the current time t, the future
prediction values output by the model are denoted as Ĉt+1, Ĉt+3, and Ĉt+6. To reduce false
alarms caused by single-point fluctuations, a “multi-step prediction–trend confirmation–
level judgement” strategy is adopted for warning classification. The specific rules are
shown in Table 9.

As shown in Table 9, this strategy combines the multi-step prediction results with
the gas exceedance threshold, thereby considering both short-term changes and future
development trends. When the predicted values continuously approach or exceed the
threshold, the warning level increases with the degree of risk. When an abnormal value
appears at only one prediction step, the subsequent prediction horizons are used for trend
confirmation, reducing misjudgement caused by local fluctuations.
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Table 9. Short-term warning levels for gas exceedance risk.

Warning Level Judgement Condition Risk Implication

Normal Ĉt+1, Ĉt+3, and Ĉt+6 are all below the warning
threshold.

No obvious exceedance risk in the short
term.

Attention Ĉt+3 or Ĉt+6 approaches the warning threshold, and
the predicted sequence shows an increasing trend.

Gas concentration may continue to
increase.

Warning Any predicted value exceeds the warning threshold. Short-term exceedance risk exists.

High risk
Multiple predicted values continuously exceed the
threshold, or the 1-step predicted value exceeds the

threshold and remains high.

The exceedance risk is high, and timely
response measures are required.

The short-term alert strategy in Table 9 is designed as a lightweight post-processing
rule based on the existing prediction outputs. It does not introduce an additional clas-
sification model, retraining process, or extra optimization procedure. The predicted gas
concentration is only compared with the preset warning threshold to provide a rapid
risk-estimation reference. Therefore, Table 9 is intended to illustrate the practical use of
the prediction results for short-term warning support rather than to provide a complete
event-level alarm evaluation.

Compared with threshold alarms based only on current monitoring values, this strat-
egy can identify the rising trend of gas concentration at the return-air corner in advance.
Compared with single-step prediction warning, the joint judgement based on multiple
prediction horizons improves the stability of warning results. From an engineering ap-
plication perspective, this strategy only requires the model outputs and the site-specific
threshold, without any additional training process, and therefore has low computational
cost. When the warning level reaches the attention level or above, the result can be fur-
ther checked together with the on-site ventilation, gas drainage, and operating conditions.
When the high-risk level is reached, measures such as strengthening ventilation, checking
the drainage status, and restricting related operations should be taken in time.

5. Discussion
Although the proposed model shows good prediction performance, several issues

should be further considered before field deployment. First, the current experiments were
mainly conducted using data from limited mine scenarios. The cross-dataset validation
was performed by retraining the same model architecture on the additional dataset, rather
than by directly applying transfer learning or zero-shot cross-mine prediction. Therefore,
the results mainly demonstrate the structural adaptability of the proposed model under dif-
ferent monitoring-point configurations, but they do not fully prove its direct transferability
across mines. Future work should further evaluate single-mine training and cross-mine
testing, few-shot fine-tuning, and transfer learning strategies under different ventilation
systems, gas drainage conditions, and mining stages.

Second, the multi-step prediction tasks in this study used a direct multi-output forecast-
ing strategy rather than a recursive strategy. For each prediction horizon, an independent
model with the same architecture was trained, and only the output dimension was adjusted.
This design avoids the explicit step-by-step error accumulation caused by feeding previous
predicted values back into the model. However, prediction uncertainty still increases as the
horizon becomes longer because future gas concentration may be affected by sudden min-
ing disturbance, ventilation adjustment, drainage fluctuation, and abnormal gas emission.
Therefore, the stability of 3-step and 6-step prediction under abrupt working-condition
changes still needs further verification using more field data.
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Third, the short-term warning strategy proposed in this study is a lightweight
application-level judgement method based on prediction values and threshold rules. It does
not introduce an additional classification model and is mainly intended to provide early
reference information for site personnel. Due to the limited number of real gas exceedance
events in the available data, quantitative warning indicators such as precision, recall, false
alarm rate, missed alarm rate, and warning response time have not yet been systematically
evaluated. In future studies, historical exceedance events, near-threshold events, alarm
logs, manual inspection records, and field response results should be introduced to validate
and calibrate the warning rules. This will help further transform the current lightweight
warning strategy into a more complete closed-loop warning and decision-support method.

Finally, the robustness of the model under abnormal monitoring conditions remains to
be improved. In practical mine monitoring systems, missing data, sensor drift, communica-
tion interruption, noise interference, and rapid production-state changes may lead to input
distribution shifts. Future work should incorporate anomaly detection, sensor reliability
weighting, online data correction, and model updating mechanisms to improve long-term
operational stability. Field deployment should also be evaluated from the perspectives of
edge-side inference, real-time data access, model update cycles, and linked visualization of
warning information.

6. Conclusions and Future Studies
6.1. Conclusions

This study proposed a VMD-based dual-branch spatiotemporal graph model for
short-term prediction of gas concentration at the return-air corner. The model establishes
a prediction framework consisting of VMD, low-/high-frequency reconstruction, dual-
branch graph spatiotemporal feature extraction, feature fusion, and lightweight warning
judgement. The main conclusions are as follows:

(1) VMD separates the original gas concentration sequence into low-frequency trend com-
ponents and high-frequency disturbance components. This reduces the interference
caused by mixed frequency information and provides clearer inputs for frequency-
specific feature extraction.

(2) The proposed dual-branch structure improves the representation of multi-point gas
concentration relationships. The low-frequency branch captures stable trend-level
spatiotemporal relationships through self-adaptive graph learning, graph convolu-
tion, and GRU encoding, while the high-frequency branch uses graph attention and
GRU encoding to enhance the representation of local disturbance responses. The
ablation results show that the low-frequency branch contributes most to the model
performance, followed by the high-frequency branch, short-window skip connection,
and compensation module.

(3) The proposed model achieves MAE, RMSE, and R2 values of 0.0338, 0.0471, and
0.9499 under the 1-step prediction condition, respectively. Under the 3-step and 6-step
prediction conditions, the model also maintains better performance than GRU, LSTM,
GCN-GRU, GAT-GRU, VMD-GRU, Informer, and STGCN. These results indicate that
the proposed method can effectively improve the short-term and medium-short-term
prediction accuracy of gas concentration at the return-air corner.

(4) The cross-dataset validation shows that the proposed architecture maintains good
prediction performance after retraining under different data sources and monitoring-
point configurations. In addition, the lightweight warning strategy based on multi-
step prediction results can convert continuous prediction values into graded risk
information without adding a complex classification model, providing practical sup-
port for early identification of gas exceedance risk.
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6.2. Future Studies

Future studies will further extend the proposed method from offline prediction to field-
oriented application. More gas monitoring data from different mines, working faces, venti-
lation systems, gas drainage conditions, and mining stages will be collected to evaluate the
model under more diverse operating conditions, especially considering that complex fluid-
related engineering processes are often influenced by multiple physical and operational
factors [31,32]. Cross-mine experiments, including direct testing, few-shot fine-tuning, and
transfer learning, will also be conducted to examine the adaptability of the proposed graph
learning structure to new monitoring layouts and production environments.

In addition, real alarm records, near-threshold events, manual inspection records, and
field response information will be introduced to further validate the lightweight warning
strategy. Quantitative warning indicators, such as hit rate, false alarm rate, missed alarm
rate, and early warning lead time, will be evaluated when sufficient historical events are
available. Future work will also consider sensor missing data, drift, noise interference,
and communication interruption, and will explore online correction and model updating
mechanisms to improve the long-term stability of the proposed method in practical mine
safety monitoring systems.
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