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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

TBM i #t 2 $fe E Be BAT Jodls B o A e |l &
P B0, RERS VE B Sz i ) % 55 [ 2 8] 9 5 2k
WEREAVE T R AR BRI BE D 1 PR AE I ZREE A 19 A5 1
5 AR SCIUEE B TBM A2 BE 1 % 2 K040 ok 4
2.2 REBIEIETALE

o TR 2 I R g TAE SR BG4, HAFTEHR
KRR % 3 KO 5 BEAT — RO PUAL B 43 4% )
REIR 3l I ik W I R R B I 1R D 120 s fH il TR 3h



20 IR PN s 3 - S QRIS )

2026 4F

IR TE ST A5 I ZER BB AN AR | 23 BR IR 3h B s
HREA 10 s BEE, RAEE I 100 s B, MR
B K T ) S — JE A B 1) 5, 4% 3l 8 45 T4 AE
AR TR . SRS RS 2 0B, ) 855
PEATGET o T R R, ) B R AR AL 3 5/ min, 7E
JIEEHG K N 3 ¥ /min BF T 58 B — JE A B R
20 s, T REA A A O B SO R —
P, K 100 s IR 3l BB 4% B] 20 s 1Y 7 1 E
Ty E AP HE HES 10 s, 8 — S8R L 0# R 9
%% 20 s IR EHE

T BRI BN AL AR AR SR R 2 A R A
i TR B B A 0 B, TR AT 0. 05% 1Y £
W 3K A B R SR R O EE AT R, X
AT DA SE 4 2 B D e 5l b 0 Sk Y e B, ELAR D
(8 H5CHTE St 2R AN 2 I 25 T B T AR a3 A A
FE AR S 0D G A Y R A A A X [ A
FERCR Y B 43 6, Al e 30 08 O O 2 R S 50 )5
BIE R E A 1 Haz, 3 B 58 0% W 4 25 B 400 35 F 19 B
gyi WA S R, 4ol R WAL B Fe 9K 45 T R
SE AR Y R 3 BdE

5

2
<

~— BN

4
3
2
1
0

200 400 600 800 1000 1200 1400 1600
Mz

0 (a) BEBLRT
0.8
0.7
0.6

200.5

0.4
0.3
0.2
0.1

200 400 600 800 1000 1200 1400 1600
fHz
(b) S5

5 IRIKAE R B iR 30 5
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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based on vibration of TBM cutterhead
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Figure 11 Confusion matrix of the WSN-LSTM model
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Outage Analysis and Optimization of ARIS-aided Multi-antenna RSMA Systems

LI Suyue, LI Juan, ZHANG Yabin, WANG Anhong

(School of Electronic and Information Engineering, Taiyuan University of Science and Technology, Taiyuan 030024, China)

Abstract; An active reconfigurable intelligent surface ( ARIS) -aided rate-splitting multiple access ( RSMA) system
in a multi-antenna multi-user scenario was investigated, and a transmission framework that integrated base station
antenna selection with user side combining techniques was proposed. The statistical characteristics of cascaded user
channels were derived based on selection combining ( SC) and maximal ratio combining ( MRC) , then an outage
probability analysis model was established, yielding analytical expressions for the outage probability in multi-anten-
na multi-user scenarios. Furthermore, to minimize the system outage probability, for both combining schemes,
power allocation optimization problems were formulated and solved via a differential evolution ( DE) algorithm.
Simulation results demonstrated that deploying multiple antennas at the user side and adopting appropriate antenna
selection strategies could significantly reduce the outage probability, thereby confirm the scalability and robustness
of the proposed ARIS-RSMA framework in complex communication environments.

Keywords: antenna selection; active reconfigurable intelligent surface; rate-splitting multiple access; selection

combining; maximal ratio combining
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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, China; 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 by integrating wavelet scattering network ( WSN) and long short-term memory net-
work (LSTM) using TBM cutterhead vibration data. Firstly, relying on the spiral ramp project of the Beishan Un-
derground Laboratory, a vibration monitoring system was mounted on the TBM cutterhead to acquire vibration sig-
nals during the TBM tunneling process. Then, a rock mass sensing database based on cutterhead vibration was es-
tablished 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 results demonstrated that the proposed WSN-LSTM model achieved an
accuracy of 93. 7% on the test set, which yielded a 5. 6 percentage points accuracy improvement compared with the
wavelet scattering network-based support vector machine (SVM) model, and outperformed shallow machine learn-
ing 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 necessi-
ty of capturing the temporal dependencies of cutterhead vibration features.

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

deep learning



