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Figure 1 Schematic diagram of the main structure of

the Beishan Underground Laboratory'*"
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Figure 2 Layout diagram of the TBM cutterhead

vibration monitoring system
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Figure 3 TBM cutterhead vibration monitoring

system layout
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Figure 4 Complete tunneling cycle segmentation
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Figure 5 Radial vibration frequency domain before and

after filtering
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Figure 6 Workflow of establishing a rock mass sensing

database based on TBM cutterhead vibration
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Figure 7 Framework of the rock mass sensing model
based on vibration of TBM cutterhead
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Figure 8 Comparison of characteristic differences
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Figure 9 Typical radial time-domain vibration signals

in different surrounding rock mass classes
He ity A ) U0 1] B = AR SR A S e
U N @ i s K R R (1
O, /N EO AR TR 10 IR
]
|

2.00
1.75

1.50

Yl
AU IR
o L
W WARGUPRIARY
Ul

e

75

e

50

0.25

I ey

I M2 5

Figure 10 Typical three-directional wavelet scattering coefficient heatmaps in different surrounding rock mass classes
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Surrounding Rock Mass Sensing Model Based on TBM Cutterhead Vibration
Using WSN-LSTM

GONG Qiuming', LI Shunwen', HUANG Liu', WANG Ju®’, CAO Zixiang' , MA Hongsu®”’

(1. Key Laboratory of Urban Security and Disaster Engineering of Ministry of Education, Beijing University of Technology, Beijing
100124, Chinaj 2. Beijing Research Institute of Uranium Geology, Beijing 100029, China; 3. CAEA Innovation Center for Geological
Disposal of High-Level Radioactive Waste, Beijing 100029, China)

Abstract: To address the limitations of existing surrounding rock mass identification methods based on TBM vibra-
tion signals in terms of feature extraction effectiveness and engineering adaptability, a novel surrounding rock mass
perception method was proposed integrating wavelet scattering network ( WSN) and long short-term memory network
(LSTM) using TBM cutterhead vibration data. Firstly, relying on the spiral ramp project of the Beishan Under-
ground Laboratory, a vibration monitoring system was mounted on the TBM cutterhead to acquire vibration signals
during the TBM tunneling process. Then, a rock mass sensing database based on cutterhead vibration was estab-
lished through a series of data preprocessing procedures, including stable tunneling segment extraction, noise re-
duction, and signal segmentation, combined with the matching of geological information along the tunnel alignment.
Secondly, the WSN was employed to perform multi-scale temporal feature extraction from the preprocessed vibration
signals, so as to enhance the feature representation capability and noise robustness. On this basis, a WSN-LSTM
surrounding rock mass perception model was constructed by leveraging the inherent superiority of the LSTM network
in capturing the temporal dependencies. The research results demonstrated that the proposed WSN-LSTM model a-
chieved an accuracy of 93. 7% on the test set, which yielded a 5. 6 percentage points accuracy improvement com-
pared with the wavelet scattering network-based support vector machine (SVM) model, and outperformed shallow
machine learning models (random forest and LightGBM ) based on amplitude-domain statistical feature extraction.
These findings validated the superiority of WSN in feature extraction from TBM cutterhead vibration signals, as well
as the necessity of capturing the temporal dependencies of cutterhead vibration features.

Keywords: TBM; surrounding rock mass sensing; vibration monitoring system; wavelet scattering network;

deep learning
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