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Abstract: Artificial intelligence (AI) has demonstrated remarkable potential in processing complex data and
identifying convoluted patterns, and has thus emerged as a key driver of systems used to monitor landslides and
provide early warning of their occurrence. By building upon previous research, this study uses the tools VOSviewer
and CiteSpace to perform a visualization-based analysis of 953 relevant articles from the literature (Web of Science
database) from 2015 to 2024. The authors explored the application of Al to early warning systems for landslides that
are supported by ground monitoring equipment, and integrated insights from prevalent research. The findings reveal
that Al technologies primarily focus on detecting anomalies in sensor data, multi-source correlation analysis,
optimization of model parameters, predictions of displacement, and the construction of early warning models. This has
gradually formed a technical chain encompassing “anomaly detection—data correlation—parameter optimization—
displacement prediction-dynamic early warning,” and has significantly improve the accuracy of monitoring and early
warning. However, bottlenecks persist in research in the field, including the scarcity of anomalous samples, types of
complex anomalies, weak capabilities for the spatio-temporal coupling of multi-source data, and the lack of critical
geological information in inputs to the models. These limitations have yielded early warning models that are not
sufficiently robustness, interpretable, and environmentally adaptable. Future research on the use of Al for monitoring
landslides and providing early warning of their occurrence needs to pursue the integration of data-driven approaches
with physical mechanisms, explore synergistic applications of multi-model integration and generative Al, and
establish a trustworthy early warning system for landslides with mechanistic constraints and the capabilities of
dynamic adjustment. This will further enhance the capability of the relevant models for cross-scenario generalization
and, thus, their practical value.
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Fig. 1 Application of artificial intelligence to monitor landslides and provide early warning of their occurrence
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Fig.5 The path used to identify anomalies
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Fig. 6 The path used to mine correlations within the data



% 6 4

BRE, F ATHRERHENTEFRARARK, xBEAE RKREEZ

+ 1043 -

TG, 202105 53— FEWF ST T T B o K5 AR R
T ke 1 BT 43 AT, 38 S R U B S & A o R
e d5e KA R85 S 5 T A5 48 b 2 B I i 3 AR TR 1Y
FFHEER, BT HIEIE A RS R = (]
B ) P — BOME (R0 25, 20210 o T 2 18 155 25 ( 2022)
U2 1N T e o T S NG |61 i P SR 587 T
TRR T W BN [ A B S R RS, s T
IK A5 P TR 76 AN [R) 3B A 5 | & 3 4 BIL Y 25 5, 58
W TG G AR SCBE A T  JR PR . RIS AE
R CREERT BT TR L, o A
RGP R 5 5 25 W) 22 S5 1k 8 Ty Tl AT
THE,

24 WEBESHMRL

T B U R v, N TR RE AR A (1 B

PO R B W 45 R B e S R4
et . ANTHEESHINNE XA Tk
b B 70 2 5, il L AR 0 AT 55 bk B I R R,
AT 488 o A R ) 3 P L O R R (S
¥y, 2022; Abbasetal.,2023) . AL SBAAEN B
o B THBLRL I 00N A B AN oy SRR R T
N R 2 0 BB M, (AR O R ) R
SIS R B 2% (Bergstra et al., 2012; Li and Adballah,
20200 BLAh, S B0 Ak 1G5 TR R 7R OR [R) B
LRI T WA e M, WD T I A B )R AA B
TR TR 9% ol 75 25, 2024), W R Y 7 5 A0 45 0 A%

3 45 5 B AL M PR 2 S B0A )R VT Al RN B A A
SBA A CE T AR, 2021; 20 & 5%, 2024),
{3 26 7 B TE 4 Jm Joe PG A PR IE L BRI AR L ISk
B Ab P A J N 0 A D T A A AR AN [ AR E Y sk
Moo MHZTE, BRI T N T Re A A
A& IZ W, BN 35 1L S A S 22 4 AR AR B
X AR R o AR B UK S B 4 R AR 4k (Slowik
and Kwasnicka, 2020), i ¥ & 38 b 2% > W] 4K 58 3R
W 1 28 55 (B I 4% 76 52 2% (1 2 85028 ) i O v 44
PRFE, DLk s H AR S 10 1922 > 5 YR ik 5 v
G 4 W R 7B, 2023) . XSk 7E N T8 B
RSB IR TERNE ), AT
BREAMHTE - RERREMA TR NN ZEYS
ZREMBAR T B, & S8R5k Bas AR 2,

TE 8 3 A6 7% T 5 9 A, B Re LA
RO BRI EE TR, EF
K, ZAHEFEGIRY], R e TGN 515
B A% 2% ) BT R 45 6, RE 08 A %80 50 IR 2 500Uk
P T ORG R U 3l 4 ] R R S AL 20235 AR
VL 2023) 0l 6 B 2R G AE (2018) Fi gk B A
(2021)2 T5UEE XF 11 7K I T 3 467 B 10300 119 AF 9% 3%
T, O B8 A 4 T A5E AR 000 A B Oy T EL AT W
2.5 BIEA BT

Bl HLES 2= > SRS 09 iz N, W

R BEPLIE R A DU 3 0 40 55 I 28 07 1 0l i

T 1 72 2 oh 22 0 R 1) R0 9% Bl R Y,

x2 EESYIMFENTERAMERFILL
Table 2 Comparison of key features and applicable scenarios for methods to optimize model parameters
Ty PR RS FERF 5
. , AR A0 SR i e o R LS TR R AT S, RO L P I A
AL i 2w TR {1t
© 1y A S BB M M A AT, W 2 Afiite . B, &
Zn ab /) 3
PR IESt X WRILRIE b e 0 4 R O A s
TR AL B AR R AR B A8 AT o, B R BREUIE AL L LA 2 S HOR
. AR T SR 430 5 H A AR HE AT 07 B TR . TRk
- e sy W RO G A B AR, S
L RIEHAEET g 17 R R A 10 i
T (VAT 7/ B R I 1 B < SN A | N i W L 11 A & RV &
= s AR AR B A (R 1L S8 ft
s \ ZUWERE . FELMME . T
o Ja) 25 07 R S AR . o "
A gpprgy LRI WFBETHL g e 5 2
LA TR A2 5 o
et 5
RO AL WA PR S AR B L ok R T ES A B AR AR

23 ]

Pl > S HOR L4




© 1044 - RAMETRFFHROE R ZF RO

% 50 %

FAETE T UE B B 5 e R R, SR T AL gE it
LA FIEEREZENRRREES, 201D, 4
BCTAG ML AR 2 2] Jr i, IR 2 2] 7E A AR LR 1k
K F 5 KA TS AR GBS 2019
1 RNN ¢ FH T 1 3 A0 7% 45 B[] ) 1) 330 000 £ 55
EAE YN S ik A e T I A0 B2 1 2K BIHR A A% ) R
CX) 3 5 R0 R A B, 2022) . KM e b 3R A B
LSTM i &2 51 A TTH#E ML 3G 58 1 X K BE 25 400 11
HALRE Ty, O T YA R I b A4S B )Tz A
(Hochreiter and Schmidhuber, 1997; Yu et al., 2019;
Yang et al., 2019; Liu et al., 2025¢) , #& F LSTM HJ
W 25 K ——GRU #5585 o 5] 1k 1] 45 25 4 32 T
TIFEACE, 78 KT 2 BB Al 21 o 3 5 1 h
F I R A TR M BB 5 72 K ) (Zhang et al.,
2022) . UBLAh, BF5E 4 8K CNN 5 RNN M 45 4,
7643 F I CNN (19 25 8] 7 1iE £2 BURE J1 5 RNN (1% i}
AR B (B B D04, 2022; Xietal., 2023)

MR 2 2 3 X TR B 2 > A5 R A W B A 8 1 T
W PERE BEAT 1 VAL . BFST & B, LSTM 7 ¥ 3 i
7850 o b v B R v I S R i, L
7 i R = AR T8 B B ) 300 v A S RE ) AL (1
515 4, 2018) . Nava et al.(2023) %} 25 Fh I B 2
> R R AE O [R) b 5T S I b 00 TR0 1 BE AT
T iFAE, & B LSTM., GRU il £ )2 J& A1 HL (MLP)
LA R 038 R, #RERS T BAF 45 L, Conv
(CBRZOBBITE A5 00T #0741 B 22 T
W o 48 LSTM A A H& T 17 % 4 31 4t iy A
fig 77, H 7 &b B8 K i 18] 77 5 ), 75 A] RE A AE 15
B4 SO B RS HR I . Mtk SIAERE
1ML AT 2 — A 1 A R X K 8] Hh 6 g s )
55 RRAE B 46 42 B
26 BHEMEREGE

e )R 0 R AT U S 0 R A T
B H RN P WUE NG P A R R, RN
e T Ty 1 H AR U B AR T A E AT 43 B
BrwiuvE , ani/r o AR A o7 (2009 #E S T ST
HOEE O A AR R A A A Il T BUE k. B
H T 9 3 A7 7 5 B 055 2% 10 AN ), A6 A4S B 2
AR Ak 3 B R A R B R Y 25 5, R OR A Y
ARG W IR TE 2CRAR AT, PR I T 4 A5 A BF 5% 3% 387 )
li) 35 T 22 Wa 0 2 500 2 A5 Re T 1) & R XS
AL 2023) o N T fig AT L4 A R DT s R
S B W R A, 2R G B 18 2 A e TR (L R T

0L RS b AR D) SR AT A T PR AN, 25 G 0 E
A o L, LA I 4R v AR

N T BE AR A W e 9 (R0 Y
M R 3 L, A AR T T 0 3 T 4 1
Wt o — 7 I, GO A 22 4 5 P 5B B 1 P
) A, AT LA A 50U 3 A o 7 e TR R AR
i) 7 X [, DT P £k 22 DR 3R R A 45 1 T 1Y) 07 159
B C 5 4 445 2023)5 55— J5 1, F) F CNN 3% 3
22 5 W IR i ) A AR R AE AT 3 R TR R
4 25 1 Y 1) BB 0 R AR T A Ay 2 I
B (Liuetal, 2025a) . H G 71 R AE 4 B 5 40 28 2
7 e A 5 | A T AR AR g A A v e o A
TE S5 o 000 B A0 7 V- 35 8 R A o 22 i AT 40 T, AT
XU WA HEAT R 40 28, O B B R R R 3
W BRI HR R, TR BB A B v by
HE P 8 Il TS HE B (Wang, 2021) o Rl 7 B8 Bz 3
(DBA) 5 R B 2% 2] (IR A 7 15 30 3 47 4% W il 4k
T ot 50 (B 0L 5 9 B ) 2R B RO AT S B IE,
HE AR B 28 91 B30 (8 ASE 4004 i L BT R A T
{H, 2 B8 P AL 3 A T 3 B 4% (Dai et al., 2022) 4

22 5 W) 38 b R R ASE A T S T b i .
W73 2 VR AL o A 22 U5 00 DG 106 43 B R
2 > {7 TN A9 A b 1 b A A R R, i
i T 9 A b 220 1 R RN TS T B AR A g i AL
AR A i B (144 37, 2023) 0 [Al i, 3 F 45
B 22 a5 W DB Al ) A R A O it B AR A (E B
i HIL AR PR B 9 1 B0 33t 1) S R AR T A5 8L, ) T
] [ BR U AR T A7 A Y TR HE SR, B2 TR R E &
Z7 T By B T R B RE O O 2 5 2023)  EB 4
2 5N AN R IR BT 7 5 U B BOU A R A OG
/LGNS R NEN N RIVN O =S
P B, A A LR L RREE L AL BE
R AL 0 4 2 2D N4, RE 8 A W LR [ 1
Yo AR T By By, DA 8 25 £ TR 1432 £k fig T R AR
FE M (Liu et al., 2024a) o SR, 12 A B X H#AIE T
TR R BEAR O, EREAR B RN 0T, ok R
TEBCHE o A 1 Z REME, PTRES] R LA AR . Uk
Hb, FE T K T S 80k B 1 3K 43 3K 2 7Y i
SR BE S AT RUR W R K B ) AR R AR, O
BT T DY 1] A5 AR VT HE TR T 9 A
B CEE RN JE 25, 2025), Ay T 3 004 A AT 4R 4G TR
f14) JEL 6 0 T



% 6

BRZ, F ATHREREENFTEF AR, XBFEAE K KRE

+ 1045 -

3 itit

3 AITEENARRIETHENMERE
3 3 R A N TR RE R T Y B )
rh N BOIR BEAT BLEE 3 BT, R B R Y 2B K
Z 5K RA R S I BB R R (E D AT
R AR FEAELUT LA & 5 OGS T
R E SR o (1) 7R AR IR B S (B A I
T, i id Autoencoder( IR J¥ H 4n i £5 ) . LSTM 4§
A Bl 2 > W DA A Y 1E R AR, A RO AR
R W R AR A RN A TR, B v T D Al T
FEME S 0] H M (Liu et al, 2025b) 5 (2) 78 2 IR B ¥
ORERAE 43 B 5 T, N TR e 3E A X e 4 R Y 3R
Z, R T EE R IR 0 TE W 5 A RS O O R S
FIL0) 75 4 AL 5 0 Ab i A, B S O I R 0] 42
B 19 7 B P RN A AR OB 55, 20195 Li et al,
2023)5 (DTER B 4k 0 |, N TR Re s Ay
WMEHFERZHSHRE, TEESHRINE L
A SE LB S0 F B LA S Bl A R R B R A

S

1
1
1
1
1
1
:
1
i &— BT :
L fm i
:

1

1

1

1

1

1

1

1

|
J@’%iiﬁg;ﬁmsiwm

B7 AL®E

)
s
£
x €
5
=4
=

Ig
I
e
Iﬁ?F
=
=
ar
42
B
S
IH}

I & B2 M ( Zhang et al., 2024b) ;3 (4) 1 3% 137 7% 15
W77 T, 3TN T B 04 s [R] 7 51 150 00 A5 Y mT LA
52 B RS B 1 A E 5 AN B R X
I A7 7% B A 52, S 30T 0 RN Hh R B AR R /Y
K Y TF I ( Ma and Mei, 2025)

N LR BEAE 3R 4 A5 T Ay i 33 70028 A2 A4 1y
PR T R G S . S A S (R R T S
o S BSCHE DA DR B AR 40 o A5 B S R 22 U A A
DRI 43 BT i WS 7 e T e ) OB X 5 1 A
FE UL SE Al b, R 7 RS TR A L 22 R W
BRI T R Sk — B I 8] P B 28 e #e, 5ok
B AR R FOIR S AR 2 o TS SRR A R
I B F o 4t AR AR B, 8 B4 7R 175 IR % i
I v Ak B R DA 4 T 0 A5 R 0% R M
Bl b TS . B2, R G A PUE R TR
45 5 20 25 B AE 0 2 A Rl S 30 10 SR G Ay
2R 4. BN Zeng et al.(2023) % A KA A AL &
PR AR ) LSTM L 7Y 151 I 457 B8 , 3 5 #4 101 0 45 2R
SW A A A, L T DRI IUE R

______________________________________

_____________________________________

——————————————————————————————————————

_____________________________________

_________________________

REMMFEL R

Fig. 7 Monitoring and early warning system for landslides based on artificial intelligence
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