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Abstract: [ Objective | Accurate prediction of Tunnel Boring Machine ( TBM ) cutterhead thrust is crucial for ensuring

construction safety and improving excavation efficiency in long-distance water tunnel projects. However, traditional deep learning

models such as LSTM, GRU, and Transformer, while capable of achieving high prediction accuracy, generally suffer from large

parameter sizes, long training times, and poor adaptability to on-site data, making them unsuitable for real-time updates in

practical engineering scenarios. [ Methods] A rapid prediction and excavation safety early warning framework for TBM cutterhead

thrust in long-distance water conveyance tunnels is proposed, based on the coupling of clustering, transfer learning, and

ensemble learning. First, clustering algorithms are applied to classify the ascending phase data of cutterhead thrust into different

variation forms, constructing sub-databases. Then, transfer learning is used to train variation form classification models,

enhancing the adaptability to new data. Finally, an ensemble learning method is employed to achieve high-precision regression

prediction of cutterhead thrust within each variation form sub-database, incorporating the Leading Averaged Force-Penetration

Index ( LAFPI) as a sensitive feature for identifying surrounding rock transitions, thus providing effective early warning.

[ Results ] The result show that the cutterhead thrust prediction framework, with only 0.015 billion parameters and just two

minutes of training time, can achieve high-precision prediction (R*> 0.85) for cutterhead thrust data containing over 1, 000

time points.

[ Conclusion ] Compared with traditional large neural network models, the training time is reduced by 86. 9%, and

the model size is reduced by 97.4%. The proposed framework, by integrating clustering analysis, transfer learning, and

ensemble learning techniques, significantly improves real-time training and application efficiency. It possesses strong real-time

prediction capabilities, effectively addressing the complex geological conditions in long-distance tunnel construction, and holds

significant engineering application prospects, particularly in enhancing construction safety and excavation efficiency.

Keywords: tunnel boring machine; cutterhead thrust; clustering algorithm; transfer learning; ensemble learning; safety

warning; influence factors; TBM

0 5 &

gy g T A v A N R ANk an s, ans Rk

L EAGK TSN BBIESEIEAL(TBM ) 7E BT
%K%ﬂi&¢kﬁ%77iﬁm¢m,ﬂﬁéﬁ\
I W PE RN ATSE X TARRAS | i MR oA S
e, PST I S B T e v B 4 T S O Mg T TR b
T H % 4 A AT R R ki, BT IR
NG R E OB NGTE <3 S N K = s o N D & S B
B, A TBM it T agt & v SR 3 07 S B0 A4S
T PR SRR, TBM DABTE AN R
it T [F0) 107 X A2 2% 1 i 5 R 85101 i, AR 3R R
A2 S W Z iy 288 MR X3, 5 o 1Y) J)
Uk BT Be BT B TR RAE , Wi T K IE Bk
BBl I T B U PT R | & 28 R MEBH 0 A8 4k, i —20Tm
IS B ERE > S PR VR AR R, T AR

KFKEBEAR(PHRL) E57%5 2026 FE 8 H

LA A A Bl A 1Y ) B | ik R S A S
JERIT iR, (H MR SRR S 2R A 2 AR Pk
ATSSRAEAT TBM 7 T Fr) 2 K508 i U0 K% 28 254
AR AR DU S i 22 O S BE H i T AR
SE PERIRCR A AZ O BRI A SR s T G B £
WSROI AT . JT R A B Aﬁd%%%I
S RO PR R LA SR I O Y BF 5T A %
FENRE fildn, %T%ﬁﬂﬁf A 5 R Bl 1 IR
eSS AS R, Al 22 RO AR SR A3 T]
ELATTT HURFRIE S T FOR A AR R SC R [,
BERSAN IR L b 2 22 AL O S RO E SR, RERS
T REARB A 2B, A S BRI Ty i
P 4% A SR 4 T i 1l JE A T U ) A 5 AR
AT SN T 5 e B R T 2 B 2 TR
A5 Ve 5 2B AR br

261



FEE, F//RE TBFEIERMFIBERVRKERE TBM 7] TN & Rt &2

TBM Jife T3 i v = A 1 i it odls , S e e
THE7 50 B R A e LA R0 AT 4 0 2 B0 s B
HE LTS R R I L R AR G E R Y fldn,
FERE e i kb ) B AR 5 0 A ] Al R AR L
B, VAS B o8 120 ki) s ks, 1k
S ABGE IR H 3 A 5l A BRIEBIRL A T RE ), PRI,
BT HLas ) SIREE S ) i N LR R RE R 2 L
o TBM T ARGUR M EEHE I, X ek AR
i H SRR O S 2R, AR T T
B I 2803 ——106 20 22 I 2 ( RNIN) A i 412 B[]
FPHNZH S A5 T A8 KL, T4 ARl 28 9 2% (CNN)
R\ 22 It 2 ) A b PR3 b B Sy X, Ay S
ZRCHI AN RE DAL SR AL TR AR TR T 5%

F 2022 £ LIk, 28R EC LR —1
CNN. RNN FI Transformer *ﬁﬂﬂj,ﬁ\:ﬁﬁﬁg, it
il X SE LRI A0 5 SeEHOR IR G RCRL, SR )7
LU I AT 55, MeAh, BSRERLN A H 453
i, JOFE R TR) 40 ) @ b i ) CNN, R Z IR, i
T BB (1) RS MRS N, BEXT TBM (%
L) PRI R 2K, hT FERE
TLIR 35, (1) S5 . 2 m 7] 4
. 1A . AESESE, U R bR
REAE S B R BT AR A, FBER A
RNN . Transformer &ﬁﬁﬁﬁi*ﬁﬂm_mo TE X — 40,
FAATTICH I I A A S LA P 51 Y
I RHOC R, IF45 G T T 57T (GRU ) 22 i 16
JEVE S IR) @, HAh, BT T PR 5 B R R R YRR
R, RIS R B T2 SR 45 R RS A )N
WA R IR R I A TRAL R OR B T T
(2) B A RIS 8O a ik RS, £
K CNN K H A Ab AR E S50, 5k R
¥k Z2 3 3 PR AR 2, 19 A it ) 77 1) 5 A Sl 4
I P AR B 25 [RURRALE 5 FE AR I RS, 5
BZRAGAGAGI | TEA M 15 5745 FiAb B AR
R A SCHERRIE, IR AR E TR ImageNet il
VIARRAR T NEAR G 5T I 2R 2 #84y
TAERTIAE BN, ShaSRG 248 R8s
M R SCEE . (3) TBM 2358, ld = Hig it
Bk ARG M W22 (STM) |, SR Z MR 3
B4 2 B A S IR A A e i AL I E S T o
B TR, BESRE E BT R I

BEERTSETRA , ORI 2 A58 38 b 1) T 42
SRR 2 MO AR B, AN s X B s R AT
2, FHEA O IR S R0 [l S A A 2

262

XA iR BTk BRI T 2R
iz L e A 2o R AN 7] 2 20 40 O g 57 =S
], 3G 7 B — Y T S 2 AR LS R I ) i UL
AL, Behh, ERSEG BRI, Ak KR
M5 S HUTF 9 G BN GE— iR A 25 (8] AT I
AL, A Z Sk R AL S S B b, (AR
AR, NI TRESER R TR, HFFEE IR
IR AR HOR (UNRIRZR AR | AL BT R SEL
SIMEDRMY S A7, 6 DR UENS 32 B9 (7] Aok e 94 25k 12 2 7
3~5 4%, XXORFE TBM 1558 A H 5728 Ak Hh A 22 4 3
HHAREEE L,

AT T B A ERDIFRE T AR, (H
EATBIIA AR BBk e | YIZRmR 0
BERSIX— I, ARSCER AN 2R ISR Ta]
Ji, TOUIDRS X S S R R R AT HE N, IZAE S
BALE 3 A B, MRS TR 0y
Xy BT, XEEEE U AEES; S, TRk
FEASXE T REAES AT . LA_E A i R i R A T
eim, et MBI B ERAE LN 2, T8
AT EUOR, SEITE SR AR S R A DR AR | M
T

1 HKEER TBM 8 SRR LS LK K

RpUL|

AR 5B 5 K B R TP TBM R HA K8 R 2 e £
NS FEAREE, IFH Tk Lo PEA e A8 1k
TEATRIBLRY A8 5008 PE A 70 384 ) Tt A5 4
PN B FEA 2T ARG T T S A Y
RN GHMERE , $TF T SChr TR 1 B R0R,
IERG R T B SR BRI R B AT
1.1 IR

WFERT G A K BRI TR H , B4R R
KR 4.88 42 m*, FHi/KREE SR 58. 505 km,
RRE SRR LR 12 3 000, /K 4R % Hi b L X i) F ik
Vb, YR HIY M S 5T 2, b T R RS TR R 300 ~
596 m, AHXRIZERK, REBHLIX mREEET 500 m, A
TN G AL, TRESR I JC R BRI E ik X, g
] BAARERIRTE 70~ 120 m 2Z 6],

X S R 2 B B 28 R R AT T
GRER MR VIR AKE S KN 8.8%,
46.9% , 41.6%F1 2. 7% , 1l b )2 UL 55 KUAR 22 30R
fbAa o E, AEEEARERS . A, B, B
AR FBE K 555, oAb i 5 i Lo 29.5%
AR 16.5% . WE5H0 12% | BEIR TR AR 22. 6%

KFKEBER(PHRL) $E57%5 2026 FE 8 H



FiER, &//8% TBFISENFIBANHKER TBM T2 N TN &t 22

BT 14. 8%, BEE B 2 &2 2%, B4 3 )2
WIIEE R, TR F R A TR RE PR TR =
2R,
1.2 TBM RAHIESFRNSEE

TR EAE T, &2 1 200 AR
G, AR EFTE]AL RCHE 4 B R AT 400 MREIES SR, R
ACFRAN SRR H s e RS, BT T R4l
MR Ve SR . TERE AL B, st gty
i il &8 RE s R E M S8, HR T4
220 MICFTERFIE . EFXTHLEL 2R 58 S50 5 i A7 72 1
FAA R, SR EhAS B AR m AT IRk, AIRiE
SEINE] 7 1 P9 O AS (BDBUE L R ) M 90%
G IR EdE, Wb TIOR YR, e, 46
TR NFIRSECT I E T 5 7] 84 A5 Ok
PERY O LHOCHES 5, A 28 SEBREE 3 (+/min) |
WEREE (r/min) . JIEHE (KN - m) . JT&EHES
(kN) . BTAJE (mm/r) | HESHAFE (mm) | SLFREE
(mm/min) FIZERE (%) . BB AFFIER 732K 5
SER R ENE 1 PR,

TR A

1 REWMAFENSXSEETE

Fig. 1 Categorization and structure of input features for the model
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Fig. 2 Truncation length impact on excavation cycle retention and segmentation point coverage
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Fig. 3 Impact of three normalization methods
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