Fa2EHE 2 = + 71 & Vol.42 No.2
202142 H Rock and Soil Mechanics Feb. 2021

DOI: 10.16285/j.rsm.2020.0164

FIF PLSR-DNN A& E&IF0N TBM /SRR E

AR L GEMAE Y Mpurdel, 4R, RAAEE S, L’

(1. FBIMREE HARTRESABE, TR KB, 4500015 2. BB SO CBEA IR AR, R M 450003;
3. kBRI A T S BEROR [E 5K SRR S, TS M 450001)

OB RIEENREERIENL (TBMD MRS, SFRE G TREEM TRk, TR bl R i A E
TE . % T TBM i LidfE BAG & ARt . BOMIPEAN S R SRR AE, D99 TBM 1453 1t 1 2 ) FROMDRG FE AN B0,
K s/ 3 [E1)3 (PLSR) $R BV S 8 A 43, TR IR FE A4 45 (DNND AT YIZRTRI, $2HH T —Fi%:F PLSR-DNN
A JTVEN TBM PR3 R A . JEF 22 K PR b B TRE /K BEIA & TBM it TSI sds, G Pes A s ihbis
TREE. ERBURIAREE . JIRAET . JIRERE . B AEEEE REUN A AT B EAR L 3k 6 ANEMSAL, R T AR TR &
P, RIS B SR 7 3k (0 F00 A K R R TR FE AT T . WA SRR (1) (/N 3R AT 5 BOw R B AR B 2 1A
12 EALLR M R, KSR = A A TR BE A A N E AT ISR, TG T P48 4545 (2) PLSR-DNN #5-& TR
AL G | LA SIEASE 8, BATIRSCR R, KRR & M E RS M SRR 5 (3) PLSR-DNN & TR 2L T340
SFPLA R ZE 2.96%, “T-HIARXS TR 2 3.27%, FCAULA G BEFN TN AS B2 32 PR 5 7o 1 (i B/ 2[RI VB8 . BP 14 X £ AR 2 D)
K FrRREFET (SVR) A,

*OB A BEIREL PR, D R EE; IREME MY A TR R

RESEKE: TU9, TV 554 CERIRAIRS: A XEHS: 1000—7598 (2021) 02—0519—10

Predicting TBM penetration rate with the coupled model
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Abstract: The scientific prediction of the TBM penetration rate is of great significance to the selection of hydraulic tunnel
construction methods, construction schedule and cost estimation. In view of the high nonlinearity, fuzziness and complexity of TBM
excavation process, and in order to improve the prediction accuracy and computational efficiency, the partial least squares regression
(PLSR) has been applied to extract the principal components of the influencing parameters. Then the deep neural network (DNN) is
employed to train and forecast the TBM penetration rate. A prediction model of TBM penetration rate based on the coupled method of
PLSR and DNN is proposed. Based on the measured data of the double-shield TBM construction of a water conveyance tunnel in the
Lanzhou water source construction project, six impact parameters including the rock uniaxial compressive strength, rock uniaxial
tensile strength, cutter head thrust, cutter head speed, rock mass integrity coefficient and rock Cerchar abrasiveness index are selected
to verify the prediction reasonability of the model. The fitting and prediction accuracy of the different prediction methods are
compared and analyzed. The research results show that the PLSR can effectively overcome the problem of multiple collinearity
between the independent variables. The extracted principal components are trained as the input layer of the DNN, which simplifies
the structure of the neural network. The PLSR-DNN coupled model effectively avoids the over-fitting and inadequate fitting problems.
It has the characteristics of fast convergence, stable solution and high fitting accuracy. The average relative fitting error of the
PLSR-DNN prediction model is 2.96%, and the average relative prediction error is 3.27%. The fitting accuracy and prediction
accuracy of the PLSR-DNN prediction model is significantly higher than those of PLSR model alone, BP neural network model and
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Fig.1 Flowchart of partial least squares regression
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Fig.2 Typical deep neural network model structure
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Table 2 Descriptive statistics of the database variables

o UCS  BTS TF RPM PR
R /MPa /MPa /(10°kN) /(r/min) /(mm * min")
W2 50.000 9.000 6550  3.400 0.400 2350  31.840
B/ME 20.000  1.000 3200  4.200 0.450 0.750  38.500
BORE 70.000  10.000  9.750  7.600 0.850 3.100  70.340
SEHME 50700 5320 6.010  6.020 0.630 2.020  55.480
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42 SEMRES T

WA R VAR AR, W
R 3. MR, BREZ AR H AR KE.
BN, E PRSI S TS TIRE
(A PRI AR SR A 20 e » 25 A BRI T 9 E 5 T ) B HE T
TR 2 R AR R AR SR . X R RN T) 4
S TIE R S i S S b AR LA b
BB, s, BAREMRE, T
HE R FOBOR, BT LLEA 1 18 A7 77 B 2 AR SR 1
1M L2 s B 2 8] A R APEAEAE X TBM. {08
T AR R T I AR o

HACE Al 22 LA I, 2 SR
BT EM . A& G110 2 TOL P m] U7 e A 22 19 2% 55
JNETCEH BRI 2 ARG W, W T R T 5
T3 [BIH S 3B B A A B /s —3fem] A SR
TRy NS 78 53 25 FE PRI T 1l o3 5 [N A2 B Th)
MK HR, FETNREEERAR. B2 85 A
A R B ORNE (A B o 22 EAR GRS, &
BUERI R RREE ROR BRI, BRI S8 B AT TN 2
RWAHPFEK. FT U, A LZRM i — 3
VSRV B AL B 1A] ) 22 E LA RS o

K3 ZREMMRRABIER

Table 3 Correlation coefficient matrix between variables

HA& PR UCS BTS TF RPM K, CAI

PR 1 -0858 0840 -0.862 -0.847 -0.726 -0.724
ucs 1 0868  0.862  0.856  0.645 0.854
BTS 1 0904  0.729  0.671 0.874

TF 1 0.770 ~ 0.656  0.845
RPM 1 0.635 0.675
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