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and constructs a convolutional neural network machine learning model to predict the TBM tunnelling response parameters Y
(cutterhead torque and total thrust). According to the different learning objects, the point prediction model that only learns the
response behavior of the stable boring phase and the line prediction model that simultaneously learns the response behavior of
the loading phase and the stable boring phase are constructed, respectively. The improved results show that the point
prediction model cannot describe the influence of control parameters on tunnelling response parameters. Although the line
prediction model can describe the influence of control parameters on tunnelling response parameters, the prediction value of
driving response in the stable boring phase is low. Considering that the low predictive value of the line prediction model in the
stable boring phase is because the number of behavior samples in the stable boring phase only accounts for 9% of the total
number of samples, in this paper, a method of adjusting loss function is proposed to improve the weight of behavior samples
in the stable boring phase, which significantly improves the prediction accuracy of the line prediction model. The results show
that the behavior of the loading boring phase should be studied, and the weight of the behavior of the stable boring phase
should be increased to obtain a high-precision prediction model of tunnelling response parameters. The model obtained in this
paper can provide a basis for further surrounding rock perception and control parameter optimization.

Key words: TBM tunnelling response parameter; convolutional neural network; control parameter; line prediction model;

weight; engineering geology.
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Table 1 Key parameters of TBM rock breaking
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VIR G . J1 8 5% 3 n (x/min) | #fE 3 3 B v (mm/
min) \ JJ A T (kNem) flEHE T F (kKN).

R 1R R, J) B o A B R v 2
Hi TBM w] #L 8 & , J& T i T 45§ 2 % J) &
AR T A0 G 1 F oy 5 2 B0 U R S R,
J& T A 2 e 2 R

A SC DL E AR A (2022) 2 0 BHE T Ab
7wk HE AT BCHE A b B K R8s R 4y Ol s i
B bR B R BT BEBOIX 44 B BE, A5 B
BB B o e AE 1 BT OR

(1) % 4f B« itk B Be w9 T &% 1) /1 4E 5 JF 8
T i 7 NS T R 5 8 N2 R 7 2= R S 3 4
B B E R R BAR

(2) b TFBe: J1 8T hi $2 i 1 AT 5 A AOF
SHA , TBM wl LA W 8252 JF I B 42 il S 80, 78
1 B B, wI AL 2 8 T 4 DR D A B A R B A
EHRE A B I, B A B T (S R U £ A R A
T HR XA B By it T8 3F %

(3) 2 E Bt : TBM Jifi T 43 #F 2 ¥, 4 i 3
JE DA TR RSB T RE,
TE 0 i AR b, A BL 2 AR 2 0 R R i R S 5



%5

B A BT TBM B B 0 R A B 2 ) R Iy i 1911

(4)7F B B« 763X AN B B, 706 B0 4 28 35 2104 325
AT RE , WA AL | DL B B 4 L 0 S
R RE ] B AR b 2R T R B E

7 R 2 B Be b, b T B B0 T DL e R
J, 6F R g B i E 2 gm0 2L A A S, AR
SCR b T B R B B s R T R AR
1.2 BET AL I8

Sl A T# v TBM 9 Jiti T4 72 %) 7 4 13 884
AP E 96 A B X BB AR AR B, i TN TERAE
Bl 4% 1 98 7 i 18 4 il P 55 LI, A R R
BOUn AR B R S R L O T B B R
HE R IR 22, A SCR 30 ofE ) X 1 T BE Y S
HE AT UM A BR L OF B RN T 2 KB
A BE KT 15 0 508 50 B 5 b T AR e BB % B
AN BE/NT 2 R BT N BE R T 18 1 £ 45 5 Bk

HEAT bR B AL B S L AE 51 R TR R 1
13 884 ™1 ¥4 B v, LA b F+ BE B K K F 50 s K
P, L TR HL 10 815 4116 ¥R BEAE by 58 3% K 4is 4

2 T EFR A R 2% (CNN)AY A 1R 4
TEER B 22 2] 2R

2.1 HREHMEWL(CNN)E T

M op 2 W 4 (Convolutional Neural Net-
works,, CNN) 2R E = AN RBFEZ — it
AL B AR A A AR TE F b B AR O BB
Iz N (R R A, 2016 5 45 22 W FI sk % 1,
2016 ; 5K T % , 2019) . 76 B HLH A 0 & R I
b, M E T 34 W0 LeNet | AlexNet , Googl.eNet
S 2 WP 28 I (™ A B R E B, 2021) .

CNN WA R AR BH)ZE k).
EEEE KB ERR, mE 2R, K EER
SREM N ER)Z A E M e EEE  WKER
wETLEGRZMMALZE SRR E, I — 2%
MEESE -EMARE k2 E LikE - Z2E8]M
ORI KR ERESMAENASG ENZ
A5 A Ok % 2 2 BURRAE , e 2 o A T A&
ek S el A = BN = S I DN e L
2019) .CNN Jir 5% HI (% Ja) 5 3% 42 0 AL fH 3L =2, —
5 T 3 U0 B Y B R R AR R AL Y 5 e R
I, T A5 I 2% 5 LAt A% 48 1Y d 22 W 2% 8 5 T
Y5, 00— 5 T FEAR T kLG 0 R A R

CNN 7 B S AR T B R i sy, iz ™
28 1 B0 LA B 8 2 A 38 0 A R AN T 52 3

=

A

LN B T SR
B2 B 9 25 45 R
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Fig. 3 Deep learning representation of rock mass characteristics and construction of prediction model of tunnelling response be-

havior based on CNN
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Fig. 5 Prediction results of the point prediction model
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Fig. 6 Prediction results of the line prediction model
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Fig. 7 Prediction results of the point prediction model on verification set A
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Fig. 8 Prediction results of the line prediction model on verification set A
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Fig. 12 Evaluation results of the improved line prediction
model on verification sets A and B under different

balance factors

x99 EHIERIEEAB ENTNLERTM
Table 9 Evaluation of prediction results of each model on

verification sets A and B

PR 4G b
LAY ‘ ~ T_MAP F_MAP
T R* F_R?
E E

L T AT 7R 0.589 0.823 13.48% 7.09%
&5 T AT 0.562 0.852 13.64% 7.52%
e ELRTRIAL A 0.799  0.893 9.06%  6.14%

EE A

T A Y 0.927 0932  5.54% 4.85%
2 T AL Y 0.600 0.865 13.34% 7.41%
MEPELTMAER  0.862 0.912  7.47%  5.60%

BIESE B

FHAE(EL, 0 ELF R 1 0000 {35 3 IR T OSSR AY I 00

b — 2 B T B g AR T A Y (0=0.85) , NI
UESE B ARl AL Bk 2 8 o0 i 2 0 B B AT A [ 4 4
SR B 2 e 2 B 45 SR an 18] 15 By
7, AT DL G 98 Y 5% ek RO, AL RE 5
) PR E i ok B A9 A7 i 5T UXHIRBEA R T
£ 2 0 8L A7 S A8 T, B B8 1 3 4 T 2 B0k i
R AT A R S 3K B 2 R SR B AR SR Y Y
T A R AR A A A ) O VR AT R L Y

6 e

AR SCHCHE 35 AR 51 AS TR B T B o B 40 A it
T S8 @S T 3T B R R 2 (CNN) [ i
W S 2 BT A Y AR A5 2 2T X R A AN TR b
T 270 TBM $i 2 A 57 2 B0 AL A, ]2 5] B B



w5 5 1] Wh S LT TBM B BUE 1 A AR % PR R B 24 2] R AF D v 1919
4000 20 000 ——
(a)J] #4158 o Tl ()i HtE T o Wi
- PA% . —— B% N
2 3000 T > LN 16000 . ,sl.“:f'*.
Z g A IR < Y. I
& O < 5 SR
o - AN m LT .
= 2000} N 5 = 12000} o o K20 .
= Y i = RS AT
= . . 7 e
;é c,/.’ @ :l’é ' oo,
% "._/. . ﬂ@ . ¢
= 1000} s . 8000 | .-./‘./
‘ R*=0.799 55, R*=0.893
MAPE=9. 06% ° MAPE=6.14%
0 1 1 1 4000 1 Il 1
0 1 000 2000 3000 4000 4000 8000 12 000 16 000 20 000
JIAEANSE FULE T(KN - m) SHE S ELEF(KN)
(c) Tt & % &
4 000
g 5 o000t
£
= oF
=
2 2 000
R — WME — ESE — R
-4 000 L 1 L 1 1 1 1 1 1 1
0 20 40 60 80 100 120 140 160 180
20 000
Z 10 000
2
il oF
— W — EHsl —RE
210 000 L | | | . | . ) L 1
0 20 40 60 80 100 120 140 160 180
BEAR LS

P13 P A 1 o H00.85 M e st £k Tl I A2 Y B R4 AL 1 Tt ) 45

Fig. 13 The prediction results in the verification set A of the improved line prediction model when the balance factor a is 0.85
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Fig. 14 The prediction results in the verification set B of the improved line prediction model when the balance factor a is 0.85
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Fig.15 Prediction results of "stepped" tunnelling response behavior under improved line prediction model
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