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Abstract: Coseismic landslide mapping plays a crucial role in emergency response and disaster assessment. To
improve landslide identification, this paper proposes a novel and enhanced model, MultiU-EGANet. The model is
built upon the U-Net architecture as the baseline, with the introduction of the MultiRes module to extract feature
information across multiple scales. Additionally, the Edge-Guided Attention (EGA) module is incorporated to
enhance the delineation of landslide boundaries using the Laplace operator, thereby improving the segmentation
accuracy at the boundaries. A composite loss function, combining Dice loss and Focal loss, is designed to further
enhance the model's robustness. Using landslide data from the Jiuzhaigou area, experimental results demonstrate
that the proposed model significantly improves landslide identification accuracy compared to the baseline model.
Furthermore, comparative experiments conducted with landslide data from Hokkaido show that the proposed method
outperforms existing models in landslide identification tasks, with F1 scores increasing by 33.31%, 5.45%, 2.31%,
and 2.18%, respectively. These results validate the effectiveness of the proposed method for coseismic landslide

identification.
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Fig.1 Study area in Jiuzhaigou(A is the landslide occurrence area,B is the local map before the
earthquake,and B1 is the local map after the earthquake.)
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Fig.2 Study area in Hokkaido(A is the landslide occurrence area,B is the local map before the
earthquake,and B1 is the local map after the earthquake.)
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Fig.3 Flow chart of intelligent identification of coseismic landslides
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Fig.7 MultiU-EGANet Model
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PR BB A 2B o KA IR B 12400 % R HBURE B 2 ) X 45 3R ) A1 4 1 ) AL

Focal loss J&7EAC X ff§ (Cross-Entropy, CE) 514 s Al b odb A3 201, o H 1 RFE 2
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Table2 Confusion matrix

R I |8
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T B TN AT 3 115 R BE , FN(False Negative)$a SZBr o i S E 4% 0N A A 18 3 1% 2
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BT 4R VA P An e A 1 B 4T VP45 (Li et al., 2024), Bl Precision. Recall. Intersection
over Union(IoU). Fl-score. 43 Jll%E A :

TP

Precision = (6)
TP+FP
Recall = i (7)
TP+FN
TP
8)

" TP+FPLFN



F1— score = 2 Prec.ls.lon x Recall ©)
Precision + Recall

3. sLigak

3.1 XERE

AT T, LI E N AFRES Intel(R) Core(TM) i5-14600KF, izfTHN1E 64GB,
2K NVIDIA GeForce RTX 4090, %%~ >JHE42 N PyTorch3.8, {4 FH 14w FE1E = A Python.
] Adam TLA6EE, WA HN 0.005, FEE T 5 ) RFRRNS, ERAER 1 (8% 4
5 > epoch AEAZ B E L — % LU FF (R 2] 28, batch-size N 64, num_workers 4 2.
3.2 BHIRAIER

AHR TS LL A BT T S0 S AR Y 5 B 2R A A S SRV X IR A R, R 3 R 4
Fr B3, ¥ T EGA B MultiRes B b 1 REAL T JL 258, F1 {60 0.8334,
AR T IR LGB = 1 2.31%, recall {H$2 1 1.03%, precision {E$2 | 3.37%, IoU fH#E
T 3.34%. 1X L8 W PERESRTHIRAE T T AR SOt SRS AE T SRR 55 T A R

R 3 LI X IR S

Table3 Identification results in Jiuzhaigou

B precision recall F1 score IoU
U-Net 0.7717 0.8530 0.8103 0.6801
MultiU-EGANet 0.8054 0.8633 0.8334 0.7135

8 NWIHE U-Net HEAYRN i B 7R L Z8 A 1 X TR SR 25 SR . e 5 R EAE X
LT, 146 U-Net KLY REAS BCAT At 22 3 X 3, (LR RELE DS 1 3802 57 0 BIAF AE AN HE
RIS, BRI AR ISR . AT U-Net #5524, MultiU-EGANet #5278 G 55 #Eff (12
BN AR TR R B, Ha o S HEm . W&l 8 hEs—4T R, Sud R
A R SO HERS, HOG R B S ke RS AT, BORSGHERIRER U-Net £
B — AP — E R L AR A, (AW AT 2 BINIRAE A7 1, Db R B SE A A 2%
B RSB = BIUATH, SRR T U-Net FRIH B pg kP4, 191 2 21 HE 7 18] e 6 4
DSCHER R RE NS SRR AR . BEAh, FEEE =AT R, ZDHERS VU F AN N R,
PSCHEREY AE AR IR A B TR SR A B, RSO MOE D TR R . X — S5 R S5iTid
SE T recall {H A H&THH—H.
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Fig.8 Landslide identification results in Jiuzhaigou

3.3 HRBUSTEE SEI8

DR A T M A0 UE AR SR B SO R TR PR A 8, AR ST DA TE 9 7 X3, o ek A2
58 F 48 #7325 4 FCN(Shelhamer et al., 2017) SegNet(Badrinarayanan et al., 2017)%
BEAT X EESEEG,  DASR WY ot A 1Y A [R) R T BOR ) A5 R BRI S HEE . 4 A BN 4% (Fully
Convolutional Networks,FCN), HAFHHMZEE#H 7 R IGGEIRME ML R &R 2, Bk
AT DAIE AT 8 RT3 N 5 I A2 BSrE NRUE AR 21 2R 0 A7 2% (Shelhamer et al., 2017). 5 FCN
ANTF) SegNet 42 4B - AR 4 S2A0 , FLoR — A 383 RO VR B2 2% S0 SRR, L BoRFE
P I gmfid I 2% i 401 MaxPool Abbz, AN T MR EIEI & 0 EAR AL B, AR pr
BAWMBN 0, ERXR—BARITHES, BESE~E, AN AET K (Badrinarayanan et
al., 2017). BRIt #MEH U-Net BRI )45 4& Res-UNet(Zhang et al., 2018), ResU-SENet(Yang
et al., 2024). Res-UNet 454 | U-Net )2t 85 - g & 4500 SR Z M 25 105, BEREA 242
W2 RBERRAE,  SCREME S2 AR IR J2 X 2% r RO BE Y 2R [ L, AT B2 AR PR I 5 8 3 RRG 2
(Zhang et al., 2018). ResU-SENet 7£ Res-UNet &7tk b 5] N SE BBt REAE I 18 34T E 38 SN
BURAL, 456 U-Net 12 RBERHESR IS 5k 22 28 1 s B0 Zhie 11, SR BUTE AL B 5T AT
55 I FL 2% B 5 (R RFAE S 6 58 70 A0 B i R AR RS 2 (Yang et al., 2024).

LRI COARR], JbigE i XA %, AR, B2 N RSE . R 4 &
N 1 AT M DO LG S0 1) 58 B A Al R o i ef EER B, MultiU-EGANet & TP e A5
PIEUAS T et 45 3, precision i %1 0.8787, recall 4 0.8945, F1_score /4 0.8865, IoU 4 0.7960.
HIRF#LT Res-UNet Fll ResU-SENet #E8Y, SUt R S8 8A7 g in, (2% BPFM fa s
B BTt IXUE BRI R 2] S HOCR St i v TR R, A RO T 4 B R 45
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Table4 Results of comparative tests in Hokkaido

R precision recall F1 score IoU Params

FCN 0.5444 0.7552 0.6327 0.4629 7916316
Segnet 0.8510 0.8527 0.8518 0.7415 7369441
Res-UNet 0.8678 0.8762 0.8720 0.7729 3269217
ResU-SENet 0.8547 0.8933 0.8736 0.7742 3271905
MultiU-EGANet 0.8787 0.8945 0.8865 0.7960 4718235

B LR E RTINSO AT 1 BT, RS A RN 2 BB R o AHIE ST AN T
VU7 BIRBEAT 73 T, RIS R AT 9 Pl o AEIEECAI DY ARl b, BT AR 572
REEHHG BE— D RBlhiiors £, 58 =DM N Rm T 2 0 KRB @il
AR ) 7 T 45 R 5 R FAEX BRI AR IR B R, (H R A ST i A7 5 1 IR R AT
X RS EE TP A 5 R i, X5 4 ThASSOITR J7 15 recall B S A XV . FON R
FURETRIA R ST I R ) R 38 11 e B DX A BEAR B 1) 23 3 /N R T 8, IX B 53R 4
HATPF Fabn S RAHXT R o Segnet BEAUAIEL T FON AR GE 7 H1 AR EIAR AT 38, {2
et Z, Hoo IR al S8 . ANHERf . Res-UNet BIRUFIE T A pI MR A R4
T RERR L (b, o /N BT S R BBURR AT — S R E Bt vy, (HL N T 2B X AN TE 2
RT3 DXIAR I 9T 55 . ResU-SENet 3 8 Il E i & LIS s 1 B AR RO RIRG B, H
FERS T T8 73 EWAHER, FR T 3G0 FEER K « MultiU-EGANet A RYANUR AN [A] RO 1 3
REAR S IR T EL T3 5 i 7 B SE g, o BIRBCR 9 B A0 T HoAd 7 BB

Pre-event Post-event Ground truth FCN Segnet Res-UNet ResU-SENet  MultiU-EGANet

Bl 9 b i3 b X T8 3R il 45
Fig.9 Landslide identification results in Hokkaido
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4.1 ZREHRIHERI M RER SN0

AHE TR T — P ORI EAELL, T U-Net SMAIEE. ZHERSCE T U-
Net [JFAAERYE, FRIRIN T 1AZ5] FHER I, 3-FF T M4 1 RHE SRR 77 LA A BT 43
FOREIE . N7 LRI B B TR, AT T — e s, 7ESEIG R Z L T U
REZERT . 5 2R U-Net 2849 B U-Net 5B B oA MultiRes BRI 284 . 7F
U-Net 8] (1 BEER 22 A 7R N EGA B 2L RN U-Net HR A EE #e v MultiRes B 7E Bk
BRERACTNIN EGA SRIZEM . SLIR4E AR 5 Fin. Gl Xt b R BUA ST H 05 V3808
AP, F1 3508 0.8334, FHECT LA U-Net BiBRE T 2.31%, recall {H#5E T 1.03%,
precision 1HIEE T 3.37%, IoU {HIESE T 3.34%. i HEAME ] MultiRes ARHeF1 &5 A
EGA BEHURE T AR 245 A — 2 9t &

RS LI IR0 45 R

Table 5 Experimental results in Jiuzhaigou

it precision recall F1 score IoU
U-Net 0.7717 0.8530 0.8103 0.6801
MultiU-Net 0.7767 0.8628 0.8175 0.6907
U-EGANet 0.7837 0.8548 0.8177 0.6875
MultiU-EGANet 0.8054 0.8633 0.8334 0.7135

B g A T ANEREAT T Ve i, Wl 10, JEOR TEJUEA Ko o A R .l
o SR AN b, BT8R U-Net B8 AT DUETLT (IR BT X I, (EAESCLEXIR, AN REVHER 1
SrEIHESOA S, LT ISR AR IR o W 10 AT, HHECT U-Net #22,
AINT MultiRes BB (RN AL TRERNIEAY, RO WERRE A — e R P, U — 24
TIAGHRALRN RS, (B A AE XA AR AN HER B R, 7NN T EGA B 7R 10
FARALTT A AL TR YA — 8 itk . A RV, Pt FE TR AR 0 B2
XA A RUBE R SR 7 T TR . X2 R0 MultiRes BEHUG & 17 R0 A A
FUEEBMOGER, EGA BERIE R 1B A MOGER, #Eim B A = iE SR s .
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Fig.10 Segmentation results of landslides in Jiuzhaigou

4.2 B REX 5y SR BSHBR 24

T EA BTG K RIEA . TRARZREERFAL, A% Gt ARG R 3o X AT 280t
XL RUEHRAE  ASHIT SR XS JLIE M3 DX S RS AT 1 Geit- S0, IR RS Rl
Wkl =28 ANREEW I (S<10*'m?) P REH I (10'm*<S<10°m?) . KR
(S>10°m*)o EABFTEH, b e A AEA R REEBORAUESS P FLEREAT T 480t
HARGE RN 11 Pros. WEERATIL,  Bodt e R 25 RS SR AL 55 TR 2 R DL H B
M F1AE. EAFREERSARA T, KRB SRR BCR I TN RS, St i ik
REAE /N R R DU I IZEER DA T LU R E5G, ADRERIEE AT R R M
WEET SFrh, A 5 2 2 B AR T, TGN T RO R, HETTRZ R T
BERIEIRARE L . AP, KRR T B 9 130 A0 8 2 T 384k, RERS Juit
RIFEOLE IR A S, ISR R TIRBIRCR . HR, AWFFOCRAII 10 K8 A
FERCL PR/ RBEE W A — € R IRYE, PO/ REER S RO BV, S BUEIZ 0 915 T ok
RO RIANTE R, BE— DI T XL . Dy e ROX — R, AR SCHR H A B
RGER MultiRes BEHAEZ A R FREATRAESEH FE0T I 2 REZRHESEAT Bilve, AT
AR RO S AR REZERUE R, B95R 704 1, IR R 52T 7 R i #EAf
Mo Bl Bl 5 RIBRE A HE 2 R BORAME S, e RS0 Bk Bk, JUHAEN
BT3B IR AL 55 AR B SR 25 L3
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Fig.11 Statistical of landslide size and F1 value of each scale.
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Fig.12 Recognition results for different sizes
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N T REBUAREN AR a. b BUEXN B PERERISZ N, ASCRE T — RIISLIAIH a
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Table6 Weight selection of loss function in Jiuzhaigou

a b precision recall F1 _score IoU

1 0 0.7871 0.8745 0.8285 0.7048
09 0.1 0.7905 0.8659 0.8265 0.7016
08 02 0.7837 0.8590 0.8196 0.6903
07 03 0.8054 0.8633 0.8334 0.7135
06 04 0.7928 0.8519 0.8213 0.6945
0.5 05 0.7790 0.8903 0.8309 0.7103
04 0.6 0.7674 0.8926 0.8253 0.7019
03 07 0.7834 0.8517 0.8161 0.6853
02 038 0.7846 0.8642 0.8225 0.6975
0.1 0.9 0.7605 0.8616 0.8079 0.6737
0 1 0.8032 0.8208 0.8119 0.6800

M 6 ] LU AR LA I IX A BT RS Dice loss & L, 4 Dice loss AL H 4 0.7,
Focal loss B E )y 0.3 I}, F1 {E#E5E 0.49%, precision {f$2E 1.83%, IoU fHiE%E 1 0.87%.
R 7 GBS K R A i
Table7 Weight selection of loss function in Hokkaido

a b precision recall F1 score IoU

1 0 0.8631 0.9083 0.8851 0.7937
09 0.1 0.8787 0.8945 0.8865 0.7960
08 02 0.8576 0.9054 0.8809 0.7866
07 03 0.8668 0.9022 0.8842 0.7920
06 04 0.8590 0.9035 0.8807 0.7865
05 05 0.8601 0.9092 0.8840 0.7918
04 0.6 0.8552 0.9088 0.8812 0.7872
03 07 0.8593 0.9150 0.8863 0.7956

02 038 0.8643 0.9004 0.8820 0.7888



0.1 0.9 0.8729 0.8951 0.8839 0.7916

0 1 0.8785 0.8815 0.8800 0.7857

FEACHFIE I DOEE R LU R 7 P & WHEAR T &, AHECT AME Dice loss MA{E M Focal
loss & HL T, 24 Dice loss £L#E 4 0.9, Focal loss #H 4 0.1 B,  Huidh AR Y B i 4745

Bl 13 45 H 7 L2 I ORI T8 3 [X A8 Dice loss A VR & 353 % oA 2D I 252 2K
ek, b5 R B AARIbEERX, 78 TGI8 X . AT DUE AR I ZR0T R 451 2K il
LRI R o EH LRV 1 DX 451 R AR A 2 R e VR A 4 K ek 5 i 2 S SR bR .l R e
A 2 R AL T8 S X R AR A 25, KR 2 78 0 72 K4 50epochs Ja RIJT AR, WS 0.1,
T HA €8 12675 K20 T0epochs Jo A FFUAW SR, Zoad FIR XS L BHVR A 401 2% sR B RE B e i i
R SIOH
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Fig.13 The effects of different loss function

4.4 REGZLMERE

N T AR iz AV RE R EIRALHEE . LA S8 I SRR AL - T R 0 [X 42k
— WA IR S S BB JE P R S IR B By, AE 2018 4F 9 A 28 HRA
Mw7.5 KAUHRZ o BEOHBRR XS I o b DI ™ AR, JE e AT, KEERMELR, K
R B ARIR, X A R R AR RO SE

M 8 ATLUE i, Toil 2 DAJUIEVA TR A R 2 DAL TE P i Y, it A Y
FEMA 7= 3 X T SR T 45 R0 T Rt 7, H DL g [X g sl AR F) e SRR ) 4 2R
DL AL 3 X Ok AR (R0 45 R o 6T ALHEE L IX 1) MultiU-EGANet ££ i /3t
XA RN F1AEN 0.6813. EAHERNRE, AL#EEX 5005 X 5= AL TR X
sk, HLPBE MR AR AL, AR A SRR SR R AT S, SR KONEONE, —F A



AR RO ER IR ST 5 il R AL o D l, AT T AL 0 03 A 2 e JE R T IE— R R E
#5 (Maximum Mean Discrpansy, MMD), SR &Ik Al H bxisk 2 [8] 1) 434 25 57 (Borgwardt
et al., 2006).

MMD % AR 8 I B P A AN 7] 3 A 8 s 4R R AE =5 1) CRPAE A 2R RS 2 )
RKHS) H A IR AR EAL AT 2 57 o BRBCA PR B AR 0 A0 IFEAEE X={x1, X2, ..., Xn}
FY={y1, y2 ..., ym}> MMD i-HARN:

10 1nm
o= | =3 f (x)-— 3. f(y)) (10)
Ni=1 m j=1 y

Hrf, HARHKS, f()NBHRE, KA xi fly; B 5] RHKS. ASC AL AdbifEiE
VEUEIE, WA ARy B bR AN 0 X SR B E N NE, #1477 MMD At 5. Ky
FEU 5 WA 7 Z 18] ) MMD {H 4 2.4164, JbifE 505 2 (8] MMD {84 1.2408. dtifEiE 5 i
7 18] () MMD {8 B AT /L3898 500 7 2 (8] 1) MMD {B, MMD {Ei#/), 289 & 7 Ak
DAL, SRR A 77 5 AL HEIE B0 7 [A) 0 AT BE O, SRR U AR 1 AL 1 X A R Y AE
F IR SR 45 SR T U0 1 X R AR A 7 W SR 45 S o TR E IE B, MMID {8,
VSIS H AR A AL, XL VR LE H AR A BT 1z A RE

HEELEME, LRSI MMD EH 5B (R 2 FAHKIX 45185 Yang et
al.(2024)—%(, JFH T MultiRes BEEA EGA BEEL 5] N, A CHTHE MultiU-EGANet (1) F1
H%L SE 1ER /ML 55 ResU-Net 4% AHZE 5 ) ResU-SENet 1] F1 fH#2 T+ T 0.433.

8 N [FYEAR R AL TR AE M P b X R

Table8 Landslide identification results of models with different source domains in Palu

e Z A it precision recall F1_score IoU
JLFE U-Net 0.1061 0.0205 0.0320 0.0167
JLEE MultiU-EGANet  0.1594 0.1608 0.1529 0.0839
At E e U-Net 0.9660 0.2464 0.3761 0.2417
JbitgiE MultiU-EGANet  0.9312 0.5432 0.6813 0.5222

45 P EeE5RE

B SO R RAE BT Wt 72 X WIS T80 AT ROV ORI S SR, (BT AE — € (1 R PR
(GICE Bens

(1) ASCHTEAT I X TR A TR X, 3O R SR R R A A B W]
o BRI, X TAAERRM X, B 5 R AR o BRI AR Sk T o PR A A 2R 45 4 5 R AR
SEWO I, PLE— AR TR X I SR 3 (R HE R

(2) Pt AR B ARAE RIS BT TR AR I 7, (H NGRS BB BOR A7 o5 T8
Fe s IXAE SRR LR TR ) SR A S N o BERTZ R, RO AT SR R 24 8
BB, FERIEBAL UM HER R AR RIATIR T, RE RS HE, Wi s 155
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AHEFE LA Sentinel-2 F244H1 DEM ## 9 F B HGRIR, 7 il UL 8 . JhifgiE i XA
NRRSEIX IR, M T ARRER G, JRARH T — M S T R AR A MultiU-EGANet. Jiid
BERLSEE b, FEARHURER: (1D EIUEAHIX, SO A0 [ 5 M 3 iR ) 45 S
EE]T 0.8054 MIUERGZ. 0.8633 (A FIZ, 0.8334 ] F1 {E A1 0.7135 1) ToU {8, M THI
SRR AY PR 2.31%  1.03%- 3.37%- 3.34%. (2) fEJLIGIEHIX, 520 oy E R %
blS a5 AR B, CACE R R R 5 A At 40 1 [R] RR i M 1 S, A ROHS I [+) 7% e 3 R Aot
B, AT 7RSI HER R AT S (3D SV Al SEIGUE A T AT IR E 0 A, TR
I MultiRes B, TR AIHERZRIER T 0.5%, F1EIEE T 0.72%, %01 EGA BHLE,
WEHERBIMERRRIER T 1.2%, FIAERE T 0.74%. (4) @ BANIX 355k R B ik #%
SEIR P LAR I,  Dice loss fl Focal loss 1% — & L7 4> Bo AL E VR A I, 5 R A# A Dice loss
LG, AMUARETR i BRI AER S, HAST B SR B k.
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