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Abstract: The integration of artificial intelligence (AI) with deep excavation engineering represents a key path for the in-
telligent development of underground space. This paper provides a state-of-the-art review of the research status and devel-
opment trends of Al applications in the full lifecycle of deep excavation engineering. First, based on the key stages of
deep excavation, the applications of traditional Al algorithms, deep learning methods, and generative Al models are
briefly summarized. Subsequently, it systematically summarizes and compares the fundamental principles, applicability,
and limitations of Al in deep excavation engineering from three perspectives: intelligent geological investigation, intelli-
gent design, and intelligent monitoring. For intelligent investigation, Al algorithms have enabled high-precision classifica-
tion of rock and soil masses and the reconstruction of 3D geological models. For intelligent design, Al methods have en-
hanced the efficiency and creativity of design schemes through parameter inversion, optimization, and generation. Further-
more, Al is closely integrated with deep excavation monitoring, enabling single-point time-series prediction and multi-
point spatiotemporal correlation prediction of deformation, as well as the establishment of a digital twin enhanced by
multi-source data fusion. Finally, four directions for the integration of Al and deep excavation engineering are proposed:

establishing comprehensive multi-source databases, developing universal intelligent algorithms for deep excavations, con-
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structing models driven by data-theory-experience fused mechanism, and improving the user ecosystem for Al in deep ex-

cavations.
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HWRERBANE, KIS TS M T 2 4
PSR GH N @RT A4l T8RRI
A R T AR R Ik 7 R S PR B 2 B,
FEAT BN TR 82256, ARWEAS R ih
A, U EEG” HAE RGOS, NI AR
BT, BRI A
3.1 HEEBERE

NTE S HE AN H SR BN, N
By TR A LSRR M T g, X

SeTT VAR S RS H G AR 2 AT AR 2 P s
KEZ, SKER AR TR AE bR E . L), JE
GUTAZIREE B, HEOUE B A B S . AR ARy
BT B, RO R s S EEC>, B,
FAHF AL EERH GA. PSO A BPNN 25 £ 45 a7 1 A
TRREEIEN A S HOAT B e R 2,

HE PRI T P & GA FIBPNN A
TRRETTIE, USRS 805 3P S5 f K-
B8 Z A BRI OC &, AT ST 4K ) 52 5
o ZIr s 5 NSRRI R R, R
BPNN A a6 2 1) 48 A B R o e s Do il ) 4 %
RN BCE S, $25 7 BPNN HiERN. H
FoIRRE ). 20d GA AL S I BPNN WU FH - 4%
HENL AR ) B R0 B SR S KRR )
KFRo ZHEFX —ADTFHZIRE N 11 m bR bt
[ R BT 2R, W A B RS NI
JE. R, BRI M. GIRERW], 2T
AT DL G 42 1) e 15 2 v A 380 1 A A AH 0 %
72, BARHERA R 95%.

205 B PO W T — B ST L R
(mind evolutionary computation, MEC) {4t BPNN
I UG AUE AN R E i MEC-BP 5k, B i & /K7
MR R R L SR L4 NN ES . Hd,
MEC H§ 0 1 B A\ K B E 55 S iR 5 Al s,
AL Gt 4% Bk B s & R R Be )y,
BPNN [Al #f ] - 37 W 2 2 8 v 2 5 4 5 K- AL e
ZIA) BRI 5 F2 o X [F) — N2 IR 9 13 m ) 5
U AT, SRR, %7V RO A M L
BPNN Al GA-BPNN $2 & 1 25%, A AEfPEREL 1
90%.

% GA F1BPNN #F, PSO J H #41 ef ik 5t
W F R RE 35 Xiao %P PSO,
BT =R B N S - RAR 2, IR R
B E AL R B 5 DN RS A RN R A
ARFRI . BN W R AR B 225 B 26 W)
FEo SRR, LN - AR 20 R S HUR
BREREIE 91%, X — MNITFFZIRELN 14 m [ SEPREEST
TAEBEAT I, WERITEIS 93%. He 2RI T 22
2 HIE N R TR AL (multi-level learning adap-
tive particle swarm optimization, MLAPSO) %%,
RAEEGUTZB B, 3has i + 2 S HOF Bl &
M B GUAR TE . MLAPSO BiEZE A T R I RUAEV]
A SR RBOLE] L 2 2757 > SRR AR S Bk
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TN B, MLAPSO 535 RN 742
Pl it BUBME S (1 5 AL LB SRR . BFAT
RW, BHEFEYUE TIRT, ZJ5RI SRR R
SptE, IR ERENURH. RN 16 mi,
ZHOH AT I HERR T T 99% .

SR, BEEIEYT TRE MR K. BRUERE,
TR T R A AR (R AR 7038 B T R B 2 ST B,
CNN A1 LSTM, LR R B 3 5 + 2 300U 3 1
HE ljjji[y’sg-()o] 3

BB PR I T T ONN IR K £ 2+
KB RE AR, Wik 4 FR. iR CNRRAR
JES AR, R AR S Hdh 5 oy — 4
Fipf, JFFIH CNN )28 45 AESE L RE 77, #ESTH
RERCBFEF L. B3 2 12003
AL B S H S R RS A 2 R e . 7R K S
FEMY R REA S () 3Rt b, 25 R 5 I B
BT BR G RSB, A 215 30 A B 144
SR BERE R AE IR 29 30 m () BRI ST R
AR, FIFHZT75 IS 30 1) AR S E 0
FEIT YA T v 1 R 5 90%
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Liu 25 7l 2 00 4K J 3 12 1 4%
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W2 S HOR e R E A . T YU TR BB
I ) 72 AR AR, 1A 0 R] H BILSTM A 4 it 2 4k
FREEGUAE 50t TR B AR T R [FIB, K A e
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R LR SEIEEN SN BnS . ZH LR
R T T ARTE YU T Ik R Hp D B TR AR A A AE 4T
T ES R A B R, fE— DN IFZIRE N30 m
PR TAE B, 45 5RRE, FIHHLRESH
THEAS 2 B AR T e 1t i 85% .

i LTk, WE3, HESEEGIRETIEE
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UTAE, FrlRENAE LSHEAR, HFRERE
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PA CNN A1 LSTM J9 AR IR B 5 =)

T

TH T B2 TR IR KBS 240 S RE T -

®3 BOEESBREREAXLL
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JN . b et o v

[N ATS FEYUIRE P 0 1 VA [T VARt
GA-BP* I1m 4 — — 95%
MEC-BPP" 13m 4 — — 90%
psot! 14m 5 — — 93%
MLAPSOP? 16m 5 J — 99%
CNNE® 30m 12 — J 90%
BiLSTM-ResNet™ 30 m 15 v v 85%

3.2 HeEMigt

YA E R 2 SR AL I, K
RS RE R BT ERELR, RS BN
AR S, Rk, B #E 20K GAL. PSO
BPNN Z:4£ 40 N\ T8 fig S0 TR AL = 80 S 9 it
2%%&[20,22,61—72] 3

TER LA L et & i, anlEl s B
e MBS IR GA,  DUSRAL K AT RS
VARG AL B br R B, @R XA . IR
FAZFAR S R RIEAR, PR AT IE . AT
BAAMILE . AT KCF AR B 8 PR 6 Nt S
o BN IEF 2R N 7.5 m BB GTRETEEAT
Ak, PRAGSE ST EAN FEAR T £140%. X5 HH I ]
B, IEPHR I T AT BPNN B 4T 4 g

1. BRI G AT IR

AT . i Fid i 4 57 BPNN, g7 14T
IR PR Rl gE . KA S 4N 2
S LETHEZ BB R, FEAHMIE 5T
o Lk LREMAY, FEHUIFZIREN S5 m,
i _FIA BPNN SCH RGBT 7S 20wt 77 %
FHEC I BT 20 25% [ 4T

Br_LIR 754, Khajehzadeh%ms]’@,ﬂ)ﬂ et}
P BE AL (modified particle swarm optimization,
MPSO) S8 R AT LAk vt o xR T
PSO Sk, BINAE B SR AL A0 8] 22 3y £y R 1] ]
T, IEEEEN SR RNET RS, kR
FVEMBN R S fE . B — DI IZR B N 3 m.
W AR B R RS SC EA], MPSO Sk
PR L RERR A AL . BRRETERL . BRI B S
HE BN AR 35 B A AR A 8 M S8
AT, FETTE L) 13% KRS .

RIRAR T H B S B AR s T
G TTIET ERE R ] 3, 133 1 iz 4>
PERIZ BRSSP T T 5. (B2, R
TR RRAL TR E T T 20 REM KRR, (H
VAR BT S AIE T T 2 SR gt N TR e ik
R S S R TT, T AER F IR IR R 2 )
BEBA BGRAN TR Re L

FERITIIE T, Taiyari & %F L T FH 4 R4
NLEREHE, BGA. PSO. #HigEHE (bee algo-
rithm, BA) FAEYH IR =L E % (biogeography-

> 2. B NG

o o -~ I | LA L RETRE
® 7S 7 ST T T
® o L BE Ll B!
6. AL 5
3. i ELE N E ®
®
7. AR Mk ——— F (N, d, D, S, L, @) < TR ) ° O
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D: +4THL2 4. P R
S, FETKTEE o
Li %l HATHK B () i ()
o ® o
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based optimization, BBO) #EATIHEGTLAL B i1 RE
Ho ZWTTECASCI G Ay B AR R EL, X IHZ
BRI 22 m PR FE ST SO AT AR AL BT . T
SCHUR FHHERE I — B A SCHE, DA AR . AR
TR SCEEAL BANSCE A R 55 9 M it 24
Kashani "B 70 7 4 Fifk Gi 2 H b N T8 G5
1% ——NSGA- I (non-dominated sorting genetic algo-
rithm II ). MOPSO (multi-objective particle swarm
optimization). SPEA2 (strength pareto evolutionary al-
gorithm I ) FIMVO (multi-objective multi-verse op-
timization) —— £ & A4 AL B T R
ROR o B FT DAY 55 ) AR v B2 . R AR R
JE L SRR OR A b AN A A 12 A B i
SO R, DR A . 58 A
B DUER MR AR 2 R EBOVIL B, Xt
—ANIHZIRE N A5 m RS #AT RO 2 B £ B
FRAAL . Hong 2571454 BPNN MINSGA-1I, TR
T AT RGN YU SO RE,
T = MNIFFZERE N 17 m I EESTEAT AL . o,
BPNN ] T3} SCHP RS HEAT AT SR04, B AN
Bl A0 FE U A T R M KK 3 N2 L MIEE 4L,
i Oy B R ST T A S 45 B R FE DU A SRR R AR
NSGA- I i Tt i it 28 2 Hinfite, itk
SO T ELREIRE . MRS R KIE+
PP IE S5 R0 BE AN A SCHE T E I 424

JEBA TS E iR g N T8 ReSIE 535
T T BB AT S e, EHARME
BTH A AR R AR A AR A AT FATI A AE DA
TRIRME.

(1D BTN A MRTHEE = . AN
TiE R B — R R GIMSIOT RS H AL, RN
FHA e Sk MK B Py 52 AR R 4R s S 9P veit1
Hd R, SRR R AR ST, LU AL
AT H R RE T AR R &R

(2) S HAHN o B FE TR B 1Y
IV S EAE X A TR AN E S € R
1, (LG SEAAE m Y A T R AR T HA S
BN R BB B, DA B2 2% 3P R G A4 1
ThfiR.

(3) WAt AR B RERIEIREA . AT
7022 RAE H AR R BP9 AP, (UL
I AT e S MR 3 A R T SRR, BB AR
RZIRT AR E 5@ M. N TR EEMEN

ZHFMTE, KL AR R R N E
Bl XA “AXIE AL BIEURR
WAL G T HESE, X 5 2 vt 7a SR SR AR B 3 L
REJJH PR
33 EEEMIIT

HAT, B ReEEAE RGBS N H A4
A EZDIRE, TR DL AR & SChh 454
TEAAE T H b bR BRI 29 A 5% A R B OB T 24K
MENMEFIL, IFAEZ A LR R TR S 4 th 56k
THARTPRO AR PRI TR A R E W T .
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HH R SR AR OB I AN BRI e A, B T
NETRINM S, dort it IF s o f— H Fr il
T R IR, T A K 5 AR A A A R
B, e THRBER R, IITEER, PR R GIA T
BAWFEE ARt a R, gt sl
FERET AT ER N AT SH TN, B
AR B AR, EHE DL BRSNS TR
CEERR IR 0EE ). BRI R AR
RoG Z IR %M, RIGBHRKE LERAIHR
ERE P IRE: STV Y IF =R 2 IR aa Al B (o
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Mt TR RE.
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Liao %Mty 7 45 %2 89 J3 8% B 3 ¥t 5094 Struct-
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fiE 7 SEILBY 8 1A BB B A . A
200 X 2 501 11 - B g 51 1 A B R kAT 2R
25, StructGAN A il s A2 B BT 55 i AR L
NEBTE, R RS 6%, (HBTT &
2018, SERCAEREUE B R H 10 f5 . £E I AR
b, ZhouZER T — R JE T Diffusion B8 A i
AT D 2 AR RGBT BRI AT B R AR
% 38 TF v StructDiffusion. 1% 57K Diffusion
BRI Ry UG AR B B8, J it CLIP (con-
trastive language-image pre-training) 4b % 1+ 2%+
HSCARAS BB, ControlNet U] FH T4k 22
S N £ S0P L, ) Diffusion 1889 1) 25 B
e & R o X IR B, AH LL Struct-
GAN, StructDiffusion 7£4E it G 5 &2 A EY 7 3% )
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B, EHTEZ N E R TR AR G LR
Rl 5 S L], HVE R IR R B 4R, @
T TR ITEAT IR A A

(3) MR “RA” RS REEA L. B
R R R R R HANEY], SRz et ik
CASI A PSS A IISENYYSG TR i i s any
UK AT RE 2 U 2 R B AR B D i ik
TR E IS R i S8

(4 XmlE. 2GR R R . 4
A FEIN G OB BRI 28, (B33
TRERIESERD HREA—, FILBA A%
HARAEAE R IR T W TR HES I e, B0
RZACRE IR, e LANIXS 5B % 22 48 (1 S b A%

Tk
4 EGTEREE

B 50 I I PR I TR 22 A UM BE AT [ < B 3
o WM ARAE. LIRS A T R ) R 2
PE, AEATRTCR A AR RE S 250, 3T RERRB™
HZ AN R, JFRE™E RS I 2 G
o RGN F TR ARt T LB e
I K A 4B s TREAS R RN B A 1) 2 4R A
FEXS IR A MBS R AT B VERR TN, 92k
B0 T A 35 v 1) S SR B A VG ) DR 3 i (i
s -

SRTIT, Al G RS0 0 VR T W 2

(D PG WA T KFA R . ZHEESUR
T A AT 4 B A T B Rt R AR S IR IR A B
FERARACEE . H B L5 F AR SRR TR = i %
THE, e DAAE I WORD TR 2 AR

() HGULANEFHE T AR i
I 2 (s RIS, X LARIAE SERIEE 2~ 5
BRI, AR AR Gl HI W T AR .

(3) 2 Y M I K b 5 LR R o 35 B
2. SRIARIR PABE I 55 22 N 14 R SR 2L
LG, 2T SO S T T A S B AR XU ) 5
A VEAL AT e

NI REBOR A R B e L3k R SRR gt 1 4
WTRe. B RESIRAENS UL B R M H U, A
HETRUA BT RV 7 RS IR 2 I A R %y, T
R N HrRE T R BR o 381 B S AN TR B
ANE IS G 2 YR HE B B SR TR Hd 5 2
Gregz aoRAS IR T 28 M S 2R, 1T S BLRT R Bp 22

RSN RGENHE SIS PUE . 7 AR -,
FEGTE PR AR S B AL . g st TRR R A
LRER, ERBEENWEIT, 1] Lsh SRt
G A A ARSI FE ,  SEIIN S S5 R 5 R
RS AEAR R R B A VAl SRS #ETds . il 7 P
N, YU REM AR T3 N KEMTEL, MR
DN RS SN 281 22 0 AR - R BRI, B TR
BT A 2 DR A AN B s AL ) B AR A
B,

4.1 BN B P FIUM

FEYUSC SRR T 2 R R OB ST AR
fiE, HARZEMBEFSEME. BT &R s At
TS IR KOS A 2 RS E R
HARTE L REAR GBS HAFAE 25 () e Bt o B X IX—
Rk, BEFE K BPNN. [T 7E¥ ¥t (gated
recurrent unit, GRU) FI LSTM & N\ T & ge 57k,
XoF 4 W N AR T A A ek N R B[] 4 o A
HYROSISO] b 4 A 508 3o Y PR 2 I o M K o
AR PR, REOEAE HER PR T BE T2 B I I
e, FHSZIN T —it LR BEE TR E R 32
TR -

FE21 28I, PRI £ b TR B
WT5i%, AR BPNN SEHL T 35748 2 1 3h 25 il
Mo ZWF T e 25— B ] i 28 T8 S B8
ABPNN, Z57 5 2R — B [A] () F e AR T 2 1]
IR oG Zs FLUR, 08 AR I SISt I N1 2
S rh Bl B SR, OB TR I B AR
WA, ks 47 T~ — 30 miml W ikes Rk
B, IR e RN AR SRR 7 RAEGTAR T PN (14
JEi5 5] 90%, Kuang S IR H T —FEET LR
B #E AL (multi-kernel-function relevance vector
machine, MRVM) 1) 235 8 68 W0 7532 %W 5%
BARGEE 1 BB n B B BT AR T S A f N
MRVM LTI 25 n+1 B B AR T o dl 7245 B
NN R O M B R SL A B A5 R, % T
%) FUI T 2 AN W =, IR B B B AR e i i
95%-.

A2, Bl N Ao E Pl R U AR T N A7
FEAHART PP AR O R PR A [ BB . Bl
HEN LR AR D, O EE DX
GRU FI LSTM %5 % [ T4 5% B 137 208 A0 A i o 5 2
SIEE, I BE RS Mgl 4 AR T A0 B o6 B it T
MAEZR AR . IR SRR I ST T ST ]
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R
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Li 2520 T 2 0 K A I T A2 R 4%
(bidirectional long short-term memory with attention
mechanism, Att-BiLSTM) [1J3& 5048 2 T 7R A VR
JBE2E IR, ok, BIiLSTM AJ LA ST
D ES P o 25 AR SR I R RIS P45 B o v L
(attention mechanism) |38 i T 8045 AN B ) 20 v
RBUE, 5 3 I R R R S KU G K
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FHEE,  Att-BiLSTM [ F0IAS FE 48 T 17 29 10%, 10
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70%. Gao %M T —Fh4i & CNN. GRU MIZE
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Z ) FR) 23 TR o0 R AN AR T () B A AR . 2 X
T AT U T B TR 540 Ik ) 5 4 2 1] £ AH A
£ 53 BAH B B RCEE , AT 4 2 ) 2 5 [ FR A
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FEGUE T4 AR i S PR PR RS . AR
MRS B RS EE YU T2 B0 B 2 5
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