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Abstract: Rockburst monitoring data acquired during underground coal mining are characterized by strong noise,
nonlinearity, and multiscale coupling, which severely limit the predictive performance of existing models. To address
these challenges, an innovative deep learning model was proposed. First, a hybrid denoising strategy combining
Complete Ensemble Empirical Mode Decomposition with Adaptive Noise (CEEMDAN) and wavelet transform
was applied to enhance the quality of microseismic data. Subsequently, a trend-residual decomposition module
was constructed to decouple the complex microseismic data into a trend component, representing long-term stress
accumulation, and a residual component, capturing short-term fracture-induced fluctuations. On this basis, an
improved adaptive multiscale noise-resilient Long Short-Term Memory (LSTM) unit was designed. A dynamic
noise-control mechanism and a multiscale memory strategy were introduced to enable targeted feature extraction
from the trend and residual branches, respectively. Furthermore, a multiscale interactive fusion (MSIF) module
incorporating a channel attention mechanism was employed to dynamically integrate complementary information
from both branches. The proposed framework was validated using field microseismic monitoring data from a
northern coal mine. Experimental results demonstrated that the proposed model consistently outperformed five
benchmark models across multiple evaluation metrics, achieving a recall of 88.37% with a false alarm rate of only
3.88%. These results confirm the effectiveness and robustness of the proposed approach for rockburst microseismic
time-series prediction under noisy and complex conditions.
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1 Introduction

With the progressive increase in mining depth, underground coal extraction has gradually shifted from shallow
to deep levels. As mining depth increases, in-situ stress acting on roadway surrounding rock intensifies, leading to
increasingly complex geomechanical conditions and frequent occurrences of rockburst. Owing to the highly complex
physical mechanisms underlying rockburst and the inherent difficulties associated with monitoring, prediction, and
early warning, rockburst has become one of the primary factors constraining the safe production of deep underground
coal mines.

At present, rockburst prediction approaches can be broadly classified into physics-driven methods and data-driven
methods. In the physics-driven domain, multiple theoretical frameworks have been established. Jiang et al. [1]
developed a dynamic assessment method by integrating microseismic, acoustic emission, and stress monitoring
systems, thereby overcoming the limitations of conventional static evaluation approaches. Lei [2] constructed a
rockburst hazard evaluation model through the comprehensive consideration of geological conditions and mining
technological factors.

In recent years, with the rapid development of artificial intelligence techniques, data-driven approaches have
attracted increasing attention. Wojtecki et al. [3] combined the rock mass bursting tendency index (WTG) with
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machine learning algorithms and achieved satisfactory prediction performance under hard roof conditions. Guo and
Yang [4] and Shi et al. [5] employed Random Forest (RF) and Generalized Regression Neural Network (GRNN)
models, respectively, for rockburst risk prediction. Jiang et al. [6], taking the excavation of roadways in steeply
inclined and ultra-thick coal seams at the Wudong Coal Mine in Xinjiang as a case study, analyzed rockburst
precursory characteristics using microseismic data and multiphysical indicators, and subsequently constructed four
machine learning prediction models, providing effective tools for rockburst prediction in steeply inclined coal seam
roadways. For time-series data, LSTM networks have been widely adopted due to their strong capability in capturing
long-range temporal dependencies [7-10]. Ding et al. [8] proposed a multi-source signal integrated early warning
method based on LSTM-Recurrent Neural Networks (RNNs) and Convolutional Neural Networks (CNNs). Cao et
al. [11] investigated the fusion of explicit physical indicators and implicit deep learning features, while Liu et al. [12]
developed a CNN-LSTM hybrid model for rockburst-related prediction tasks.

Despite the substantial progress achieved by the aforementioned studies from both physics-driven and data-driven
perspectives, rockburst prediction remains a highly challenging task. The primary difficulty arises from the intrinsic
characteristics of microseismic signals, which are typically dominated by strong nonlinearity and low signal-to-noise
ratios. When confronted with such complex data, existing prediction models often struggle to effectively distinguish
long-term evolutionary trends from short-term abrupt disturbances embedded in the effective signal. Moreover,
conventional prediction models are generally highly sensitive to noise.

To address these challenges, an innovative deep learning framework, termed Trend—Residual Synergistic Network
with Multiscale Collaborative Attention (TRSNet), was proposed. The core concept of TRSNet is inspired by
decomposition—reconstruction paradigms in signal processing, in which the original information is decomposed to
facilitate multidimensional and multiscale information mining, followed by reconstruction to achieve synergistic
fusion across heterogeneous scales, enabling robust modeling.

2 Data Source and Data Preprocessing

The microseismic monitoring data employed in this study were acquired from a longwall mining face in a
northern underground coal mine and were primarily associated with microseismic activity generated during face
advancement. The mining face is located within a deep mining district, with an average burial depth exceeding 600
m. A segment of continuous microseismic monitoring data collected during the extraction period was selected as
the experimental dataset. The dataset spans three months and contains 3,035 recorded effective microseismic events.

Figure 1 illustrates the temporal evolution of daily microseismic event frequency and daily cumulative released
energy during the monitoring period. The overall pattern exhibits a typical alternation between stress accumulation
and stress release. The maximum daily released energy reached 4.46 x 10* J. Although no strong rockburst events
were observed during the study period, low-energy microseismic events occurred frequently. Such non-stationary
time-series fluctuations further increase the difficulty of reliable rockburst hazard prediction.

Figure 2 presents the three-dimensional spatial distribution of microseismic events. The events are shown to
be non-uniformly distributed in space, displaying a pronounced clustered aggregation pattern along the roadway
direction. In addition, the majority of high-energy microseismic events are concentrated within a depth range of
approximately 650 m.
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Figure 1. Temporal evolution of microseismic activity
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Figure 2. Spatial distribution of microseismic events
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Figure 3. Comparative spectral analysis of microseismic energy series before and after denoising

2.1 Data Noise Analysis and Stationarity Assessment

In the complex operational environment of underground coal mines, data acquisition is inevitably affected by
various sources of noise. For prediction models, such noise can obscure latent patterns embedded in the data,
thereby impairing model convergence and leading to degraded prediction accuracy. To enhance data quality, a hybrid
denoising strategy combining CEEMDAN [13] and the wavelet transform [14] was employed to suppress noise
components in the data.

To evaluate the effectiveness of the denoising procedure, Fast Fourier Transform (FFT)-based spectral analysis
was conducted on the data before and after denoising, as illustrated in Figure 3. Prior to denoising, the effective
dominant frequency components were found to be severely masked by noise. After denoising, noise components
in the frequency spectrum were significantly attenuated. To avoid over-denoising—induced signal distortion, a small
amount of residual noise was intentionally retained in the processed data. Consequently, no further aggressive
denoising was applied; instead, subsequent improvements in prediction performance were pursued through enhanced
noise robustness of the proposed prediction model.

2.2 Selection of Prediction Indicators

Feature selection constitutes a critical step in improving model learning efficiency and predictive performance,
as feature quality directly determines whether effective information can be learned from the data. In this study, a
set of statistical features was derived from microseismic monitoring data and employed as input variables for the
rockburst prediction model. These features were computed within an 8-hour time window, enabling a comprehensive
characterization of energy fluctuation and accumulation processes from both local and global perspectives. The
selected prediction indicators are defined as follows:

* Rolling mean: The rolling mean characterizes the average level of microseismic energy within the region and
reflects the energy release behavior associated with each coal-cutting cycle during face advancement.



* Local energy range: The local energy range captures the amplitude of local energy fluctuations, facilitating the
identification of advancement segments exhibiting abnormally intense energy release.

* Local cumulative energy: Local cumulative energy reveals the influence of local energy accumulation on
system stability.

* Local average energy: Local average energy mitigates the influence of extreme values on local feature repre-
sentation, thereby enhancing the stability of the energy distribution.

* Rolling standard deviation: The rolling standard deviation identifies high-variability regions, serving as an
indicator of potential anomalies in energy release behavior.

* Global cumulative energy: Global cumulative energy describes the long-term energy accumulation trend
throughout the face advancement process from a global perspective, revealing the overall dynamics of energy release
in the system.

2.3 Rockburst Risk Classification Thresholds

To rationally define microseismic energy intervals corresponding to different levels of rockburst risk, the classi-
fication strategy was established based on the Gutenberg—Richter (G—R) relationship [15] and the method proposed
by Xie et al. [16]. According to the G-R relationship, an energy—frequency curve of microseismic events can be
constructed for the mine. This curve is typically divided into three distinct segments: an exponential distribu-
tion segment, a linear distribution segment, and a discrete distribution segment. The transition point between the
exponential and linear segments was identified as the early warning threshold for low rockburst risk. By further
analyzing the two transition points between the linear distribution segment and the discrete distribution segment,
the corresponding energy levels were determined as the early warning thresholds for medium and high rockburst
risk, respectively. Figure 4 presents the energy—frequency curve with the three key transition energy levels clearly
marked. The resulting classification of rockburst risk levels based on microseismic energy thresholds is summarized
in Table 1.
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Figure 4. Energy-frequency curve

Table 1. Classification of rockburst risk levels based on energy thresholds

Energy Level (J)  Risk Level
< 5605.29 No risk

5605.29-5956.62 Low risk

5956.62-6776.42  Medium risk
> 6776.42 High risk

3 TRSNet Model Construction

The TRSNet model is formulated as an end-to-end deep learning framework, and its overall architecture is
illustrated in Figure 5. The model architecture is designed in a clear and modular manner and consists of three
principal stages: decomposition, dual-branch modeling with interaction, and reconstruction.
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Figure 6. Architecture of the trend—residual decomposition module

3.1 Trend-Residual Decomposition Module

Microseismic signals, as highly nonlinear data, typically comprise patterns at multiple scales, including a long-
term low-frequency trend associated with gradual stress accumulation and short-term high-frequency fluctuations
induced by localized rock fracturing events [17]. In terms of data characteristics, the long-term stress accumulation
stage is reflected by slowly varying sequences with pronounced trends, whereas the short-term stress release stage
is characterized by intense fluctuations without a clearly defined trend [18]. Owing to the coexistence of these
fundamentally different dynamics, direct modeling of the original microseismic sequence often prevents learning
models from effectively capturing both patterns simultaneously, thereby resulting in degraded predictive performance.

To address this challenge, a trend-residual decomposition module was introduced, drawing inspiration from
decomposition—reconstruction paradigms in signal processing. The module is designed to decouple the complex input
sequence into two complementary components: A trend component, representing long-term and smooth temporal
evolution, and a residual component, capturing short-term and highly fluctuating dynamics [19]. Subsequent model
components were then equipped with independent parameter sets to model these two components separately, thereby
implementing a divide-and-conquer modeling strategy. The overall architecture of the trend—-residual decomposition
module is illustrated in Figure 6.

3.2 Improved Adaptive Multiscale Noise-Resilient LSTM

Although LSTM networks [20] have demonstrated strong performance in modeling time-series data, explicit
mechanisms for noise suppression are generally absent [21], and a single memory unit is often insufficient to
accommodate multiscale dynamic data [22].

To overcome these limitations, an Adaptive Multiscale Noise-Resilient LSTM cell (AMSNRLSTMCell) was
developed. The proposed AMSNRLSTMCell was constructed upon the standard LSTM gating architecture and was



further extended through targeted structural enhancements. The core design principle of the AMSNRLSTMCell is
twofold. First, dynamic noise suppression is introduced prior to memory-state updates, enabling the noise level of
the input signal to be actively assessed and attenuated. Second, multiple memory units with distinct temporal decay
scales are maintained in parallel to dynamically fuse multiscale memory representations. The overall architecture of
the AMSNRLSTMCell is illustrated in Figure 7.

To mitigate the pronounced noise sensitivity of standard LSTM architectures, the AMSNRLSTMCell maintains
a dynamically updated noise coefficient, denoted as o, which is adaptively learned in a data-driven manner. This
coefficient is computed by the model based on the correlation between the historical hidden state (query) and the
current input representation (key). When the current input contains a substantial amount of information that is
weakly correlated with the historical state, the value of o, approaches zero, ensuring that ineffective or noisy inputs
do not affect the memory units.

To capture dependencies at multiple scales, the AMSNRLSTMCell maintains N independent memory states in
parallel. Each memory state is equipped with an independent forget gate, denoted as f/, thereby enabling distinct
memory decay rates across different states. After memory updates at all scales are completed, the multiscale memory
representations are integrated through fusion to produce a unified final cell state, denoted as th inal

3.3 MSIF Module

Following the dual-branch processing, the extracted trend features and residual features require effective inte-
gration. Simple operations such as feature concatenation or element-wise summation fail to adequately capture
the nonlinear interactions between these two feature spaces [23]. To address this limitation, an MSIF module was
designed, as illustrated in Figure 8, adopting the strategies below.

First, a 1 x 1 convolution was applied to project the trend and residual branches into a unified feature dimen-
sionality. Subsequently, multiple groups of parallel convolutions with different sizes were employed to extract
deep features, after which the representations from both branches were aggregated to form a joint feature set. To
emphasize key features, two fully independent channel attention mechanisms were introduced, enabling the adaptive
reweighting of feature channels for the trend and residual branches, respectively.

Finally, the attention-enhanced trend and residual features were combined via element-wise summation, followed
by a 1 x 1 convolution to further compress and reduce the fused feature dimensionality, restoring it to the original
feature shape. This operation facilitates residual connections and supports the generation of the final prediction
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4 Experimental Design and Hyperparameter Optimization
4.1 Experimental Design

The experimental investigation is designed to comprehensively evaluate the performance and effectiveness of the
proposed TRSNet framework in practical rockburst prediction tasks. Accordingly, three categories of experiments
were conducted: comparative experiments, rockburst risk classification experiments, and ablation studies. These
experiments are designed to assess the proposed model from complementary perspectives, thereby verifying both its
predictive capability and its applicability to real engineering scenarios.

The primary objective of the comparative experiments is to benchmark the proposed model against five repre-
sentative deep learning models that are widely adopted in the field of rockburst prediction. These baseline models
include CNN-LSTM [12], LSTM [24], Deep Neural Network (DNN) [25], CNN-Bidirectional Long Short-Term
Memory (BiLSTM)—Attention [26], and CNN-Bidirectional Gated Recurrent Unit (BiGRU)-Attention [27]. Perfor-
mance comparisons were conducted under identical datasets and evaluation metrics to assess model effectiveness.
To guarantee evaluation objectivity, the dataset was strictly partitioned into training, validation, and testing subsets
according to a 7:1:2 ratio. All input data were processed using min—max normalization, facilitating faster model
convergence.

To ensure experimental rigor, a unified training strategy was adopted for all models. During training, the
Adam optimizer and the mean squared error (MSE) loss function were employed, while ReLU was used as the
activation function. The batch size was fixed at 32 for all experiments. In addition, an early-stopping mechanism
was introduced to mitigate overfitting, whereby training was terminated if the validation loss did not improve for 10
consecutive epochs. Hyperparameters for all models were automatically optimized using a Bayesian algorithm, with
the maximum number of trials set to 50.



4.2 Evaluation Metrics

To evaluate model performance, four quantitative evaluation metrics were selected to assess both regression
prediction accuracy and classification performance, namely, the Mean Absolute Error (MAE), MSE, recall, and
the False Positive Rate (FPR). In general, lower values of MAE and MSE indicate superior regression prediction
accuracy, whereas higher recall coupled with lower FPR reflects better classification performance.

4.3 Comparative Analysis of Model Performance

The quantitative performance of all models is summarized in Table 2 and visually illustrated in Figure 9.

Based on the above experimental results, it is evident that the TRSNet model outperforms all other models across
all evaluation metrics. TRSNet achieves the lowest MAE and MSE, while also attaining a recall of 88.37% and an
FPR of 3.88%. This ensures a high recall while significantly reducing the FPR.

At the same time, the five baseline models exhibit a trend where simpler models outperform more complex
models. Both the DNN and LSTM models show significantly better performance compared to the three more
complex baseline models. This is likely due to the larger number of parameters in the complex models, which makes
them more prone to overfitting when trained on noisy data.

4.4 Risk Level Classification Performance Evaluation

To visually assess the ability of each model to identify different risk levels, Figure 10 presents the confusion
matrices for all models.

The confusion matrix of TRSNet exhibits the most pronounced diagonal dominance. Overall, TRSNet demon-
strates a clear and significant advantage over the other baseline models. Misclassifications produced by TRSNet
are primarily concentrated between adjacent risk categories. Consequently, if the task is simplified to a binary
classification problem distinguishing between risk and no risk, the performance advantage of TRSNet would become
even more pronounced.

By contrast, several baseline models exhibit potentially hazardous prediction behaviors when handling high-risk
samples. In particular, the CNN-BiGRU-Attention model fails to accurately identify high-risk events and further
displays overly conservative prediction tendencies across other risk levels. As aresult, events associated with elevated
risk are frequently misclassified as no-risk cases.

Table 2. Performance comparison of different models

Model MAE MSE Recall FPR
LSTM 0.083380  0.009895 79.07%  6.98%
DNN 0.084041 0.011477 81.40% 6.20%
CNN-LSTM 0.161116  0.037055 76.74% 7.75%

CNN-BiLSTM-Attention  0.153319  0.033328 74.42%  8.53%
CNN-BiGRU-Attention ~ 0.172084  0.044407 72.09%  9.30%

TRSNet 0.049231 0.003459 88.37% 3.88%
(a) Regression Performance (Lower is Better) (b) Risk Warning Capabilities
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Figure 9. Quantitative performance evaluation of different prediction models
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4.5 Ablation Study Analysis

To quantify the contribution of each functional module within the proposed framework, a series of ablation
experiments was conducted. The following ablation settings were designed:
* M1: The decomposition module is removed, and a single-branch input structure is adopted.
* M2: The AMSNRLSTM is replaced with a standard LSTM model.
* M3: The MSIF module is removed and replaced with simple element-wise summation.
The experimental results of the ablation studies are presented in Figure 11.
Based on the ablation results, when the core AMSNRLSTM unit is replaced with a standard LSTM unit, the MAE
increases by 70.86%, while the MSE rises sharply by 168.03%, providing strong evidence that the AMSNRLSTM
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module constitutes the foundational component enabling the superior performance of TRSNet.

When the MSIF module is removed (M3) and the two branches are fused using simple element-wise summation,
noticeable increases in both MAE and MSE are also observed. This outcome indicates that the relationship between
the trend branch and the residual branch is not a simple linear superposition. Element-wise addition alone is
insufficient to effectively integrate the information from the two branches. For M1, in which the decomposition
module is removed, the resulting performance degradation is smaller than that observed in M2 and M3. Nevertheless,
the performance decline remains evident, thereby confirming the effectiveness of the divide-and-conquer modeling
strategy.

5 Conclusions

To address the core challenges in rockburst prediction—namely the low signal-to-noise ratio and strong non-
stationarity of microseismic data—an integrated TRSNet framework was developed by combining physics-inspired
decomposition principles with deep learning techniques. Through comprehensive analysis and experimental valida-
tion using field microseismic data from a northern coal mine, the following main conclusions were drawn:

* Experimental results demonstrate that independent modeling of long-term trends and short-term residuals sig-
nificantly reduces learning difficulty for predictive models. Ablation studies confirm that removal of the trend-residual
decomposition module leads to a clear degradation in prediction performance.

* The proposed AMSNRLSTM cell, by introducing a dynamic noise coefficient and multiscale memory states,
effectively addresses the limitations of standard LSTM architectures, including noise sensitivity and single-scale
representation. This component is identified as a key contributor to performance improvement, as its removal results
in a sharp 168.03% increase in MSE.

* In comparative evaluations against baseline models, TRSNet consistently achieves superior performance in
both regression accuracy and classification effectiveness. In particular, for engineering-critical rockburst risk level
assessment, a high recall of 88.37% is achieved alongside a low FPR of 3.88%.

* Despite the superior performance demonstrated by TRSNet in the conducted experiments, several limitations
remain and should be addressed in future research.

* The dataset utilized in this study is derived from a single longwall mining face in a northern coal mine. Given the
substantial variability in geological structures and mining depths across different mining regions, the generalization
capability of the proposed model requires further validation. Future studies should therefore investigate validation
and transfer learning strategies using microseismic data collected under diverse geological conditions.

* At present, the proposed framework primarily relies on time-series data derived from microseismic energy
and event frequency. However, the occurrence of rockburst is also closely associated with acoustic emission,
electromagnetic radiation, in-situ stress monitoring, and coal seam geological structures. The incorporation of
multimodal data fusion techniques is therefore recommended in future work to further enhance the robustness of
rockburst prediction.
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