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Abstract;  An open-pit mine landslide identification method was proposed based on object-oriented

annotation datasets and the Res-U-Net model to realize accurate identification and early warning of open-pit
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mile landslide disasters. Firstly, the mine landslide image data in the study area were obtained by UAV
aerial survey. Secondly, the multi-scale-spectral segmentation method and threshold separation principle
were applied to divide and classify the open-pit mine landslide data, and the landslide dataset was
developed based on the object-oriented method. Then, the U-Net network was used as the infrastructure to
propose a landslide identification semantic segmentation model based on Res-U-Net by integrating the
residual module into each convolutional layer. Finally, the datasets constructed by different methods were
used to identify landslides, and the Res-U-Net model was compared with the widely used semantic
segmentation models, Fully Convolutional Networks ( FCN), and U-net. The results indicated that the
landslide data set based on object-oriented annotation had better landslide identification performance when
compared to the traditional manual annotation dataset, resulting in improvements in identification
accuracy, recall rate, F, score, and kappa coefficient of more than 12%. The landslide identification

accuracy of the Res-U-Net model was more than 0.8, realizing the accurate landslide open-pit mine
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disaster identification.
Keywords: unmanned aerial vehicle image;
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Table 3 Landslide area feature extraction
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Fig. 6 Hierarchical landslide classification process based on multi-condition threshold
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Table 4 Deep residual network model structural parameters
FERIZEN ZH a1E R=F LK HZIETT it RF
A2 Input_| il NGB 3x3/1x1 1 — 1 024x1 024x3
=2
S Input_2 i A HbIE £ B 3x3/1x1 1 — 1.024x1 024x4
B 3x3/1x1 1 2/0 1 024x1 024%64
Level 1 N
bivie 2x2 2 0 512x512x64
HH 3x3/1x1 1 2/0 512x512x128
Level_2 -
Atk 2x2 2 0 256x256%128
Y 2 B 3x3/1x1 1 2/0 256%256%256
Level _3
ik 2%2 2 0 128x128x256
B 3x3/1x1 1 2/0 128%x128x512
Level_4 .
ik 2x2 2 0 64x64x512
Level_5 Eol 3x3/1x1 1 2/0 64x64x1024
oRAE 2x2 2 0 128%128x512
Level_6 Bk IR % 2 — — — 128x128x1024
HH 3x3/1x1 1 2/0 128x128x512
T oREE 2x2 2 0 256%256%256
Level _7 Bk R 4% — — — 256x256x512
HH 3x3/1x1 1 2/0 256x256X256
ffnS 2 —
R 2x2 2 0 512x512x128
Level_8 Bk R 4% — — — 512x512x256
B 3x3/1x1 1 2/0 512x512x128
R 2x2 2 0 1 024x1 024x64
Level 9 Bk IR % 42 — — — 1.024x1 024x128
B 3x3/1x1 1 2/0 1 024x1 024%64
a2 Output_10 i A 1x1 1 0 1 024x1 024x1

5 ETREFIENNHBEERER
IS
5.1 BERIEIRE

A o A SR TR O R A A TR A1 T 3 DX SR
RGO T U o 2R R AR PR L3R 5

x5 RiEEE
Table 5 Confusion matrix
TRV HE S H kR
— Wi | AR Y it
AL {ﬁi&’ TP FpP TP+FP
87 FN TN FN+TN
41t | TP+FN | FP+TN | TP+FP+ FN+TN

TR VA A R R 30 45 B o0 e £ R 38 P A ]
R RF, 1553 kappa ZE'; P FAF IE#R 5
FITE YR ZAE A UM B I S BB R L R 3R
E AR TR 91 0 1 3 B8O S B A A v o 4 1Y) HE 481
KN F, F8BEE A TR IX 2 T8 45 s kappa RECK TR
Toity, KRB ETE[-1,1], & 4 Kift#

KB OGBS, TP AT TN 43500 o8 IE A iR
SRS B TR SHOREE B AR R AE, FP R FN 43 51 R
BRI B A i B AR AR 2R E

5.2 ETRANZGHEEEL IR

KT AN AG B IS 58 . DEM £
FRIHI I PRl 55000 S 5t 5L et P AS ) 7 Ak 3 5 3
TR AR R AR, Ry S0 ik 5040 42 A 38 5 %)
YN ZE R, — S 3 i, AR
RIBEHL Res-U-Net PIZ5 A58 L4k 51534 % ] Adam
B MBI % AR B epoch 1% B R 60, W] if 2
M HRERE 107, Batch size {H M 16,

3 HIXE AR T O o 56 1 41, N T A
2 A, ZRENRI+ N TARE; 534, ZRE
=G 25 55 A3+ T 1) X bR T B R R ROR
FNE BB 11 AN 12 s, IR 45 SR 1
M LR 6.,

TR A R AN ) Bt A B 5 12 X6 i B Rl
ARG FESZ M BA i AR 6 25 R 2R 1 IR
4 A EFGHRTE 0. 5~0. 6,5 2 A5 TRFRFRTE 0. 6~
0.7, AHEEHT 2 2105, 57 3 4100 1) 45 J00KS B 5 b dt



bR R e B o

- 236 - China  Safety

Science

343
20244F

Journal

x6 FREHBELEAXMREER

Table 6 Measurements of different data analysis methods
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Fig. 11 Different dataset production effects
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Table 7 Measurements of different inputs
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FCN 0.851 0. 623 0.704 0.721
Res-U-Net 0. 863 0. 852 0. 858 0. 847

TR 45 B« Res-U-Net [0 48450 550 75 52 R 1) 5
PG rh B W E LR, WRAER 7 45 WoR, U-
Net B 4 WA E F8ARTE 0. 7~0. 8, FCN # A4 {1y
FIEFGFRA 1| WIkF] 0.8, A1 HLHT 2 PR Res-
U-Net #5811 4 A2 S8 AR 3478 0. 8 DAL B H
T I e F RG], MR R 13 4558 IR, U-Net
F1 FCN 15750 B R AR SEAS MRS 4 AT B8 DX 3, (R 23 4
LB SR A (1 1 0, X PO AR R IE S
e 305 8 DX ) 8 3% A5 AT, S0 3k 28 Xl
R4y J e, AHEEZ T, Res-U-Net A5 %1 AE 6% 43 5 i
GRAR AR IE SR AR F S, T 04 T Y 2 ) B
RIS, A U R E B AR B R %
JEAS BTG | R N ANE ) [R]85



#
&

TIANGE  HE T I ANURARGE 27 ] 3 9 3 RE U - 237 -

6 4

BT IE . I25 R W AR EE T U-Net Ml FCN,

i#
Res-U-Net BRI 45 R 1 4 TIORS & 46 4144 15

1) B BB AL SN T AR T 7 BBk 0.8 L I A LAYER R 5 1L v 3 g 2

i T 1) X6 R A 8 DK 3 S R s AR TE T
DA BT A AR R 45 2R A8 25 300K

3) B Rt G f R E o T ) A R 7 ik BEAT AR

J‘gﬂjﬁ 12%“‘31%[&/‘]%}}‘0 /]'JC*/—I-\‘J_;I_ @ﬁﬁ%*@ﬁiﬁﬁﬁﬁT%/\M%@‘ ;u\ﬁ
2) Res-U-Net KB F| | ResNet 5% 22Ktk A 30 RLERIBIR T %%fﬁmm/\E BRI R AL
U-net HAUZ P ST REMLOR B 2 098 SCE B I iR B8l , o HotE— P I ERICR

(1]

(2]

(3]

(4]

(5]

(6]

(7]

(8]

(9]

(10]

2 % x

BXEE, BT, THR&, F AIMUEXRY TOICEUKRBEMDITAOSIRBRARI]. ZRY W, 202001) .
141-150.
CAO Yongsheng, XIE Zhiyu, YU Qinglei, et al. Study on the governance measures and slope stability on the northwest
slope of Dagushan open-pit mine[ J]. Metal Mine, 2020(1) . 141-150.
B UZ=hFE. ORORMERIERFEAT(EBXRIEY ) “7-23" EXUKIPIRSWEHILEB/OL].
(2023-09-28). https ://www. chinamine-safety. gov. cn/zfxxgk/fdzdgknr/sgee/sgalks/.
HEFRU ULEhE[. AROHAEHHEREIWERATBXRIEY “2-22” KBNS SWERI[EB/OL].
(2023-09-28). https : //www. chinamine-safety. gov. cn/zfxxgk/fdzdgknr/sgee/sgalks/.
BARLOW J, MARTIN Y, FRANKLIN S E. Detecting translational landslide scars using segmentation of landsat ETM+
and DEM data in the northern cascade mountains, British Columbia[ J]. Canadian Journal of Remote Sensing, 2003,
29(4). 510-517.
JU Yuanzhen, XU Qiang, JIN Shichao, et al. Loess landslide detection using object detection algorithms in northwest
China[ J]. Remote Sensing, 2022, 14(5) . DOI. 10. 3390/RS14051182.
JI Shunping, YU Dawen, SHEN Chaoyong, et al. Landslide detection from an open satellite imagery and digital elevation
model dataset using attention boosted convolutional neural networks[ J]. Landslides, 2020, 17(6): 1337-1 352.
KER, BFS, IW, 5. 5REBENSHSOPERZEBRIULI]. Ak, 2021, 66(5): 188-194.
ZHANG Yunling, FU Yuhao, SUN Yu, et al. Landslide detection from high-resolution remote sensing image using deep
neural network[ J]. Highway, 2021, 66(5). 188-194.
R, FolE, ER, F ETNEERDNAINBRIRATIDAMK)]. HWANEBER, 2022, 41(2):
246-253.
WU Qi, ZHOU Chuangbing, HUANG Faming, et al. Optimiation of the landslide identification method based on a dual
attention mechanism[ J]. Bulletin of Geological Science and Technology, 2022, 41(2) . 246-253.
ERE, TR, %8, & BRREZIDASNMETBREINRBILI]. BENAZZR BRIV, 2020,
45(11). 1747-1755.
JU Yuanzhen, XU Qiang, JIN Shichao, et al. Automatic object detection of loess landslide based on deep learning[ J].
Geomatics and Information Science of Wuhan University, 2020, 45(11) . 1747-1755.

B, KE, 7,5 MREFRSTILEERMENSRELKR=4KLIERNX[I]. NEBIR,
2022(10) . 86-92.
XI Siyuan, ZHANG Xitong, WANG Ning, et al. Influence of oblique photography equipment selection and image control
point layout on high-precision 3D real scene model reconstruction[ J]. Bulletin of Surveying and Mapping, 2022(10) :
86-92.



- 238 -

hOoE % e B % ¥R H34:
China  Safety Science Journal 20244

[11]

(12]

[13]

[14]

[15]

(16]

TR, 2R, &8, TANMREFEEMRAOZEARLBEDNI]. NEEIR,2021(5) :102-105,110.
WANG Zhaohui, WU Hao, MENG Jiang. Research and accuracy analysis of image control point arrangement schemes for
UAV oblique photography[ J]. Bulletin of Surveying and Mapping, 2021(5): 102-105,110.

PEZ. REHFSEENSHTHEOMARHREL)]. HIBFIR, 2014, 69(9): 1305-1325.

TANG Guoan. Progress of DEM and digital terrain analysis in China[ J]. Acta Geographica Sinica, 2014, 69(9):
1305-1 325.

2%, BRE, BXK, F. BEFERMBONRABUXABBRRRIRFILAHARLI]. BERNEFR,
2023, 32(1): 217-227.

DOU Honggiang, HUANG Siyi, JIAN Wenbin, et al. Research on rapid identification technology of highway landslide in
mountainous areas of southeast Fujian based on remote sensing data[ J]. Journal of Natural Disasters, 2023, 32(1):
217-227.

K, SN, B, F. EF0UH SRResNet REZIMBNEREBSBOWEREZRTAL)]. RERAS
T#2, 2022, 22(27) . 12 045-12 052.

LU Bing,LI Canlin, FENG Xuelong, et al. Super-resolution reconstruction method for low illumination images based on
improved SRResNet deep learning network[ JJ. Science Technology and Engineering,2022, 22(27) : 12 045-12 052.
XEE, hF8E, 88, F. BT GEE ] Unet BEINERBRIRAISAL)]. MIKERRFFR, 2022, 24(7) .
1275-1285.

LIU Jia, WU Yuming, GAO Xing, et al. Image recognition of co-seismic landslide based on GEE and U-net neural
network[ J]. Journal of Geo-information Science, 2022, 24(7) . 1275-1285.

SHAO Zhengfeng, ZHOU Zifan, HUANG Xiao, et al. MRENet: Simultaneous extraction of road surface and road
centerline in complex urban from very high-resolution images[ JJ]. Remote Sensing, 2021, 13(2). DOI: 10. 3390/
RS13020239.

EE® . A (1990—) 55 VLB, W 2%, F NG IR fER 2 5 T
R E I E UM T T 1 ST . E-mail ; jiangsong@ xauat. edu. cn,,



