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1 Mask R-CNN 158 m4& 454
Fig.1 Architecture of Mask R-CNN

1.2 FEI A MREA K Mask R-CNN
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Fig.2 Landslide detection and segmentation using Mask R-CNN
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Fig.3 Simulated hard samples

WAL PR MERE AR S\ Mask R-CNN #5284 J5, B 5 B ResNet T I 28 4 B B RFAIE (
4), HMZas EEAE 5 MAFRPGIERAR (Convl, Conv2_x. Conv3_x. Conv4_x.
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4 Mask R-CNN B4R 5
Fig.4 Landslide detection using Mask R-CNN
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oKl BB R . BT X/ IMEA T BRI O PR, A P AR BB EAT B 2, AR A B0 4%
JERILT SR —F R R 5 N\ Mask R-CNN AU HEIT I 25 i dexd T dh i I BB 3047 K
FEACAN — a4k, SR JE A2 R A T3 AE BN ZR kit b, I BB R IS B 4T Mask
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Fig.5 Landslide detection in the frequency domain
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AR SCSEEG XA T S A BT T, BRI AR WA, SR A RS, A AE
BEKIENTE R . AR, ST aimE, WA EET =Rl i, X Wi
PARX 22 Ko BRI R B 264, ML RIS S 2 B 7 B6hh . AR IR SEERAE 1
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(a) BEFE (b) EEASRIEST (o) FRif¥EE
B 6 BT X

Fig.6 Landslides in Bijie area
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Fig.7 Data preprocessing
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ARSI B U R . ALFEES Intel (R) Core (TM) i7-8700K, iZ4T N1 64 GB, &FE#Y
5 A4 NVIDIA RTX 2080Ti. &% % JHEZE )y Tensorflow, FAth i 3= 2 5l Bh 4k 4 (L 36
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2PR
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(4)

AR SCHE T SiAar U ) [R) B SR 3L 1 W ORI 81, o o BN SR AT S BEV-A . SIN T P8
1% Z R (mean pixel accuracy, MPA) FISF#438 - LhFE k5 (mean intersection over union,
MloU) . MPA &k —TilZEAEM KB =280 h S =B Led], B EsRBCFE, it
Sy BRI HEAG, MIoU R — 2T &5 SR AN B SEHE AR 2 (M A2 EE 5 R SE LIP3 ME . A
XA

MPA= 1 3" _h
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P.
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(5)
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Fig. 8 Landslide detection and segmentation

(b) BRI ENARGR

1 SHER
Tab. 1 Experimental results

PRI TT7 2 TP FN FP TN P/% R/% A% F1
JRE Fr 49 1 30 20 62.0 98.0 69.0 0.76
DEM 50 0 37 13 57.5 100.0 63.0 0.73
DEM #f: /&% 50 0 35 15 58.8 100.0 65.0 0.74
GRS 4 6 13 37 77.2 88.0 81.0 0.86
BRI, 50 0 33 17 60.2 100.0 67.0 0.78
ATV 48 2 4 46 92.3 96.0 94.0 0.94
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Fig. 9 Comparisons between different landslide detection methods
MELFE 9 ATLAEH,  BIEAER AR Mask R-CNN 775#Ef % F1L 3 809& T
FAth 550075 . FIHEE R, DEM J DEM B B2 70 SR il 22 e, (H R Sk dk
R RFUNES, RARB . H IR, ARG A RRT, 37
RMAYE TR, BUGSTEMIEIR F1 2283 m 10% /4. thAh, 727 S om i st f it
1T W HEREARA, B RETS 3 13t — PR T, SR E A AR AR ZAE L, FL 204k
L) 20%, K] 0.94, BRGNS N 92.31%, HHIZR N 96%, #EMHIRN 94%. [HIf, 5
AR B EATARRL N GRAR L, R 3], AR A BB T, B EREE
PEANFESR FL Score 5SEIL 1 /DB HIHETE, X0 FEAREE M A B B A S .
FERBOER D F5 T, PAERFINEL IS 7B RCR . 50 @IV EIE 2 FIH) MPA
IXF] 7 90.3%, MIoU i&$ 82.2%, BRI FIRORESF. B3k THADLIN MERE A Mask R-CNN
WWAETEE BGENrE . FREDE BERRSEIE. SEERDHISES
JiiERHT R BARIIE 10 fon. WRBVE R, ASOTESEIERAA BERE . (D B
TR BB A8, Al TR =2, (2) RERT S5 BOLIEE BARBL H A X 4y
k. fEARSLIG Y, TERRAEE LRI B0, (HA R ¥ 2] Mask R-CNN #5784
AT RER Iy Mok e X 3 1K

B 10 B EIS BRI

Fig.10 Comparisons between different landslide segmentation methods



FERCR T, Mask R-CNN AR AU By Bt PR s I 70 1 A0 47 s, FLAREE — 5K BB 5
S P AT AR ) 195 mst™ A SO 5250 80 0 6 100 WA 7] s (K0 4 AT B TR, e
IS TR) g 657.18s, Y- 25 B [ Fy 0 I (8] 6.57s. dEid w itk pE TH R e LLAORAT LA
SUSLIE S VA N 2 1 1 1B St A 2 S A i [ 8

3.3 SERR X G E

N3t 2D UG IR AR TR AR S FRAIE 7T X 35 N AR TR 6T 22 AN 3 A I R, IR EUH R KRR T &R
JI X AR AR IVEMIARAT ) Google Earth 52443/ T 58 10F . %X 3847 T 10551'45"E. 34<17'08"N,
X SR A A 1.51km?, B6IE (X 30 B i R e %, B N LS. R, e, b
P75 5%, Hnl @IS Google Earth 52440 (A1 2R A A DA VS 35 A AR o R BEHUL A MERE AR 1) Mask
R-CNN 77 iE 57840 . A& Se BB 7 B 7 VAT B, T 5 T 5 oK T e 3 A7 A —
5 72 5%, BAU R HERE A1) Mask R-CNIN 7772 DL EE 15 17 5 3 5008 B2 I 2545 B R E N 9T 4 A R
FE B E DX 34N Ji] Bl 1 X378 OGS 73 Vi SR A AR AT AR S U0 s AR I 7754 Google Earth
VIR R AR R S R TR BT K PR R B, SR K-means S5 5 8 52 AR S B 3 i AR A A5 B 028,
AN 2, EARIRECHN 50 R BIE B 7R T BOREE 7 23k B e RE, X
Pt AT ] S AR RO A R 11 fos .

11 RAKER S EIR S

Fig. 11 Landslide detection and segmentation in Tianshui

gE RN BN MEREA ) Mask R-CNIN 7 V800 skt G 1 A . JTifE s BRI A5 )
A, LI T RAE X IR A R 2 BOE SRR F, HRREILR, (BEHR 4N A7 AL
KR s BUE > FV 5 B SO B BIRCR, AR X > N ST, i
AR S SRS O B ARG TT VR i T IR SR L A OB R . AT
Pl KA, M DLUTE e HAl R A AR ) S5 X 0 TT R A TSP &% b 7 V0t
W FIRCR, A ERH EHR 7 FEA HEds MPAL MIoU X7 #1145 BT P-4, Bk
W=k 2 iR .

R 2 BT BIERRTEE
Tab.2 Comparisons between landslide segmentation results
Jiik MPA/% MIloU/%
Mask R-CNN 87.14 75.22

Bk ekl 50.48 38.64




AR A A 50.00 38.07

BAALE, BALHAMEREAR) Mask R-CNN 357 F1R 5 7572 B A R BLEREEAR A X 24
A > EIRBE ST, HAZINERR R AR, 130 EIK MPA, MloU 18 &2 & 1 H A i
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Landslide Detection and Segmentation Using Mask R-CNN with Simulated Hard Samples
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Abstract: With the advance in artificial intelligence, using high-resolution images to detect
geological hazards has gradually become a research hotspot. Visual interpretation of landslides
heavily relies on expert experience, and conventional automatic landslide detection approaches are
sensitive to the presence of bare land, roads and other ground objects. To address these, a Mask
R-CNN with simulated hard samples is presented in this paper for landslide detection and
segmentation. Based on existing landslide samples, hard landslide samples are simulated by
utilizing the shapes, colors, textures, and other characteristics of landslides to make each of the
samples with a more complicated background. The original imagery and simulated hard samples are
then fed into the Mask R-CNN for landslide detection and segmentation. Since the number of
landslides is often limited in reality, small sample learning in the frequency domain is also
presented in this paper to reduce the number of input samples while ensuring the accuracy of
detection and segmentation. The experimental results in Bijie, Guizhou Province, showed that the
detection and the average pixel segmentation accuracies of the proposed Mask R-CNN method with
simulated hard samples are 94.0% and 90.3%, respectively. It is seen that the proposed method has
high performance on landslide detection and segmentation with low false alarm rates. In addition,
the performance of the proposed small-sample-based learning method in frequency domain can be
improved even with a half of the data input. The effectiveness of the proposed Mask R-CNN
method is further proved by the successful detection of Tianshui landslides in Gansu Province.
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