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Abstract: The variation process of anchor bolt (cable) stress exhibits distinct short-term fluctuations and
long-term temporal dependencies. However, traditional single prediction models have limited capability in

modeling long-term trends and insufficient sensitivity to local fluctuations, often making it difficult to fully
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capture these complex features. To address this problem, an anchor bolt (cable) stress prediction model based on
an Improved Slime Mould Algorithm (ISMA) optimized Temporal Convolutional Network (TCN)-Long Short-
Term Memory (LSTM)-Multi-Head Self-Attention (MHSA) architecture is proposed. In the problem of anchor
bolt (cable) stress prediction in coal mine roadways, model training often involves complex optimization tasks
such as hyperparameter tuning and learning rate selection. To improve the training efficiency and prediction
accuracy of the model, ISMA was proposed, which enhanced local search capability by introducing neighborhood
search and a dynamic step-size factor. Global search efficiency was improved through integrating an Artificial
Bee Colony (ABC) search mechanism, thereby effectively improving the model's ability to escape from local
optima. The TCN-LSTM-MHSA model was constructed by using TCN to extract local temporal features,
employing LSTM to learn long-term dependencies in the data, and strengthening global temporal modeling
through MHSA, thereby enhancing the prediction capability for anchor bolt (cable) stress. During training, ISMA
was used to iteratively optimize the learning rate of the TCN-LSTM-MHSA model to improve prediction accuracy
and speed. Experimental results showed that: (D Compared with the Slime Mould Algorithm (SMA), Genetic
Algorithm (GA), Particle Swarm Optimization (PSO), and Sparrow Search Algorithm (SSA), the ISMA
optimization strategy demonstrated better convergence speed and optimization ability in multiple benchmark
function tests. (2 In the stress prediction experiment, ablation experiments verified the necessity of TCN, LSTM,
and MHSA modules. 3 The ISMA-optimized TCN-LSTM-MHSA model outperformed mainstream prediction
models such as BP and GRU in MAE, RMSE, and R* metrics, showing higher prediction accuracy and stability.
Key words: anchor bolt (cable) support; anchor bolt (cable) stress prediction; slime mould algorithm;

temporal convolutional network; long short-term memory network; multi-head self-attention mechanism
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Table 3 Partial stress data of anchor bolts (cables)
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Fig. 11 Stress data of anchor bolts (cables) in different tunnels
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Table 4 Parameters of different models

[T Ri1) 23/ ¢ £FK ZHUE
Lo NN 3
TCNJZ FR2EHR 3
2 W E R E T 2
LSTMJZ S LW 128
E=WIPS 4
MHSAJZ
ey 32

5 FREBEAHNZSEL
Table 5 Parameters of SMA
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Table 6 Ablation experiment results

i TEHIZER MAE RMSE R?
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Table 7 Performance evaluation of each model

W T MAE RMSE RZ

BP 0.565 0.744 0.993

iZfii451800-B1 GRU 0.867 1.108 0.985
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ISMA-TCN-LSTM-MHSA 1.521 2.608 0.967

BP 2.035 3.311 0.932

EP A e ) GRU 2.143 3.557 0.928
ISMA-TCN-LSTM-MHSA 1.530 2.616 0.961
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