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Prediction of surrounding rock grades and TBM tunnelling parameters based on
combined model under geological mutation conditions

MAN Ke', CAO Zixiang' , LIU Xiaoli’, SONG Zhifei' , LIU Zongxu' , LIU Ruilin' , WU Liwen'
(1. College of Civil Engineering, North China University of Technology, Beijing 100144 | China;
2. State Key Laboratory of Hydroscience and Hydraulic Engineering, Tsinghua University, Beijing 100084, China)

Abstract: In order to enhance the safety and intelligence in the tunnelling of hard rock tunnel boring machines (TBM), this paper
proposed a prediction model ( BILSTM-SVR model) that combined the bidirectional long short-term memory ( BiLSTM) neural network
with the support vector regression (SVR) algorithm, and the proposed model was capable of concurrently predicting surrounding rock
grades and TBM tunnelling parameters based on the TBM tunnelling data. Example verification results show that the BiLSTM-SVR
model demonstrates high accuracy in predicting surrounding rock grades, with the root mean square error ( RMSE) and the mean
absolute percentage error (MAPE) both being less than 0.0265 and 0.95% , respectively. In the prediction of tunnelling parameters
using the BILSTM-SVR model, the accuracy in predicting thrust and torque is the highest, while the accuracy in predicting net
excavation speed and excavation efficiency is the lowest. The proposed model exhibits significantly improved accuracy in predicting
tunnelling parameters compared to the BiLSTM model and the SVR model individually, thereby combining single model effectively
enhances the accuracy and robustness of model prediction.

Key words:TBM ; geological mutation; surrounding rock grades; tunnelling parameters; BiLSTM-SVR model
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Table 1 Combination form of surrounding rock grades

s L 5 e 5 P
1 I MM-a l-b IV 9 M-all-b T IV 17 M-b IV I M-a
2 I M-aV II-b 10 M-a l-b IV I 18 M-b IV M-a T
3 I M-b MM-a IV 11 M-a Vv I M-b 19 IV II M-a Il-b
4 0 IM-b1IVI-a 12 M-alV b I 20 IV I M-b Il-a
5 0N I-all-b 13 I-b 0 M-a IV 21 IV Il-a I M-b
6 IV I-bIM-a 14 IM-b T IV IM-a 22 IV Il-a Il-b I
7 M-a T M-b IV 15 I-b M-a I vV 23 IV II-b T MM-a
8 M-a I VII-b 16 M-b M-alV I 24 IV I-b Il-a I
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HEATPEA . RMSE \MAPE FIl MAE 8/]N, 12535 W Bt S A ol st A %) 3o 0 et A v

12 2 W1, BILSTM-SVR 5% 78 X6 [l 25 45 % i) 30 000 9 4 2 38 /55, RMSE 21/NF 0. 026 5\ MAPE #J/NF
0.95% ;10 .18 22 24 A IR ZEHEK , MAPE 2K F 0. 79% |, BIVAE i 5t 2878 28 R 1000 11 2 [l o i ofie o )3
BAR, M -b GV e LA B e, #5240 & 28 R0 (1R 22 Y93/, MAPE JEAS /N T 0. 4% , BIFE M BT R A48 4544
TN L -b 2 ANV 9 Fl A i AR BE 4 S . TBM 42 1L A I -a SRR B, BT LA AR e M, B8 3 S 8000 Dk
G RN, TBM ZEFHZ I -b ANV G A BHNAR R, TBM J82F 25500 % sh s ok B e sl 2, dify
T S AS A A2 B B A U EAE LA, (R RS 8 B 15 80 B 52 A e 2 il 0 I 52 1 30 0 245 2R 1) ok BE U5
R0 10 T -a 25 R S5 ), 25 R 2SI 2R B 0 B0 A% BB 0 2% 3 1T BILSTM-SVR A58 A (1% il I 235 SR
FELMERS

%2 BIiLSTM-SVR #E M EIA L RIREN
Table 2 Error analysis of predicting surrounding rock grades with BILSTM-SVR model

HEFS RMSE MAPE/ % MAE HAEFS RMSE MAPE/ % MAE
1 0.0194 0.39 0.0157 13 0.0198 0.33 0.0132
2 0.0170 0.28 0.0084 14 0.0176 0.59 0.0118
3 0.0161 0.17 0.0067 15 0.0150 0.16 0.0065
4 0.0179 0.79 0.0158 16 0.0179 0.63 0.0063
5 0.008 1 0.18 0.0053 17 0.0197 0.69 0.0138
6 0.0217 0.71 0.0142 18 0.0148 0.83 0.0083
7 0.0190 0.34 0.0136 19 0.0127 0.32 0.0097
8 0.0170 0.32 0.0095 20 0.0160 0.43 0.0087
9 0.0194 0.39 0.0157 21 0.0187 0.47 0.0141
10 0.0130 0.89 0.0089 22 0.0261 0.91 0.0091
11 0.0144 0.41 0.0123 23 0.0165 0.68 0.0135
12 0.0158 0.74 0.0074 24 0.0210 0.80 0.0080

BiLSTM-SVR HRI T FEl A AR A 25 S A Dl THAR (3R 2) , EZ R NG %4 A BRI K T BiLSTM
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DA S b S Bty AR ) AR Al 3, (LT R 38 38 B 4 4% (%) ]SS A 475 5 % BiLSTM-SVR A5 78 ) 7 5
Wt —2 T
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XTI R AT 28 SUBGUE TR e B BILSTM-SVR #5 AL (1) 240 (. BILSTM RIS 2 2 U2 ; ek
EACEHI R 1000, 2 2] R BEF WIS 700 14R2% 21 %58 0. 005, 2% 2 E T REE T4 0. 2; BEALR A Adam &
AT R R AR R R A BT 1R 2% . SVR ALEL B S EL ¢ Ay RS I R IEAT O fL b 3, I
IO (279,20 R N 20 Sigmoid PREE A R %R

HRERZEIFNEPR R\ RMSE \MAPE \MAE X BiLSTM-SVR A5 % 0 45 41 i/f 2 450 (14 285 SR 0547 o o B2 7
#ro HHIE 2 AT, BILSTM-SVR BERIXS F 1 T 4 TN R J3E 5o, X w1 E g B TS0 A B e AIX, w0, 1O R
K, RMSE \MAPE MAE FHXFE/IN, B v BTS00 A0 B2 AR X 455057 . BILSTM-SVR AEH T 45 Hit i S 5400 RS-
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Fig.2 Average error of predicting tunnelling parameters for each prediction model
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