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Abstract

Landslide is one of the major natural disasters worldwide, with great harm and its impact cannot
be ignored. The process of deep learning for landslide detection is constantly developing, and
Faster RCNN has made significant contributions, but there are still problems with slow detection
speed and low accuracy. To improve the Faster RCNN model, firstly, an insertion module is added
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to the Faster RCNN model to increase the width and depth of the net-work, enabling the model to
fully extract features from remote sensing images; once again, add residual attention networks to
the Faster RCNN model, deepen the network, improve image detection accuracy, and optimize the
algorithm’s detection performance. The test was conducted using the publicly available landslide
dataset in Bijie City, and the results showed that for the same test data, the improved Faster RCNN
algorithm model showed a 2% to 5% improvement in accuracy, recall, and accuracy compared to
the existing Faster RCNN, VGG16, and inception v3 models. From this, it can be concluded that the
improved algorithm model can accurately and effectively detect land-slide areas in remote sens-
ing images.
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Figure 1. Network model diagram of Faster RCNN
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Figure 2. ResNet50 network architecture

[&] 2. ResNet50 B MILEER44)

ML RO 2 I, X B RAES B IR BRI, BAVE BT o (H 2 8 IR E B — g KT
HAERE AR T2, I o T P I AR L AR A 3 SO R I 5 R e, 7 22 I 5 T AR Bt i ke o 2 VR A
KA 10 L

TE R I IHLE 1L Loy RO B 1 X 81T 2 b T S5 A ORI HE - AT B4 i TR S5 27 )
RERVEBERORCR . KB SCIR R, AN R WU 5 AR PR v A PR KO o B (R LR wT B )
I SGEA B EAEIEE R, JFH e WA R RTTR, 7T A0 AT Rt BN T7 R & B R
EAAT DR OB TE S B R B GBI B R, I8 T DM R OG5 B

DOI: 10.12677/csa.2023.1311204 2054 MR 5 R


https://doi.org/10.12677/csa.2023.1311204

Bk %

AT IHEANES, FR SRR B S B AEEE SR, B RERE VLS 57k Z RS
E, R ZEE R L, K E RN B E B 45 A DL I 78 2 M B B SRR AE . R 2 R AR A
gERnAE 3 fios.

256-d

\ 4

SNFFIE R
1*1, 64
‘relu l
33, 64 Wik 22 R
¢ * W EEE
relu
1%1, 256 ﬁ§f§y%
i RRIE
relu
(a) FRZEMR (b) FREWEE Syt

Figure 3. Structure of residual attention module
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Figure 4. Topographic map of Bijie city
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Figure 5. Images from training and testing sets. The landslide image
contains one or more landslides, while negative samples do not in-
clude landslides. Training set samples (al~al5), landslide samples
from test set (bl~bl5), and non landslide samples from test set
(cl~cl15)
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Figure 6. Loss values during training and testing processes

6. MZIEFINIX T IR IRKE

VLR EUR RS AE S

BUkIFaster
RCNN

FasterRCNN‘ ’ VGG16 ’ |ncepﬁnn—V3‘

WHEHE | precision Accuracy

Bt

W%ﬂmﬁﬂﬁﬂﬂﬁm%ﬁﬁﬁ‘

Figure 7. Experimental flowchart
B 7. kEmizE

Figure 8. Experimental results of single tar-
get, multiple targets, and darker areas

E 8. B—Hir ZER BRERXEH%
WEER

DOI: 10.12677/csa.2023.1311204

2058

RGXIRE =SS


https://doi.org/10.12677/csa.2023.1311204

Bk %

AL 53 A Precision. Recall 1 Accuracy = MTFAT 4R FR % 0k 1) Faster RCNN . Faster RCNN.VGG16.
inception v3 S5 PUFF AR AT XS b . XFERAE RN 1 FoR.

Table 1. Comparison of results of four models
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Inception-v3 0.9562 0.9339 0.9697

g3 b, BSGHE JE AORETRAE H T 000 2% % FRE R 5 B2 1 (R INJR AT RE M e 1 2% 2K, B B R iR
BORSEZ, WO SRR B T BOR S . FESRIG IRt Bl TEICRA ZREVERORE A, ATV Rt
SEMUH B AR 2B AE,  PRIE, AR R TSSO T L 5L o

5. &5RIE

R PESOR . IR BOR. AU AR A R, i3 B e R 343t
e 7 RO BOE TR B TRT VR v RO X 2% R M B SR R AR RE . A SCAE R Faster RCNN H AAG il 5
IEHIIN inception FERAIIR ZEVE R M 2% HEAT B0t SR E CoRAERIR) 1000 5K I8 KGR Hodls I nf Hoidk
AT R S AR JE R AT I S50 LA, JEAE P BT T A JF I s SR AT TNk, MERA K9 98.5%.
ASSCHIRE FESLAT B LU P R 2 18

a) KM BUA K Faster RCNN W SR A7 e A7 2800 1R T BB A6, P4 s g 4 PR R e 0 P52 R
W, ARSI, L TN, RSB R H A S R

b)) S PR SHAS IR TR ot 3t R A A ) S T S RAT e R 3R, (BRI A e B LR B 55 5%
PG AR IS FE AR n: AT L G AR B L Ay stenty SR iR s A T L s s T
WA oo e A DX, AN BRI I 4

AL il B A O JR R P RE R 1 TR RN ZR AR AN U, R SR RSBt 2%, il 5l A2
BEASSE  BIBOR, SRR DX T I BOD G X A7 AL T2 B AFAE [ 52 XA RE G TN S 5 A 0 P 1)
DA e 2 A U0 A P S v 22
E&WH

AL A B R AR (T H A4 0K 6 I A KB R P > A5 o 35 XS TR 3 SR B B A 7T

Y5 22375415D). ALK =5 U R A A B SRV H (UH 2 PR BT IR S S BoR 1 3
FIG R EERETL, 'S KAY202334).

SE 3k
[1]  ZEERF, 2{HE. WYEsMAEEREN R SR 5 RE[T]. BRI, 2022, 47(12): 4663-4680.
[2] ESRTEIEFRHT  FEROARSR S0, A E M K F B R (2021 ) [R]. dbad: A E R 80 B, 2022.

(3] Wik, KL, RIEHE, 55 SVDVLEA A B BUR SO InSAR BRG] ST ATRR L], HuERAHE SRR,
2021, 43(2): 398-408.

DOI: 10.12677/csa.2023.1311204 2059 MR 5 R


https://doi.org/10.12677/csa.2023.1311204

Bk %

(4]

(5]

[10]

[11]

[12]

[13]
[14]

[15]

[16]
[17]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

Flisxde, ZE MR, YRR, 25 J62EIBIES InSAR 454 HI &L ARTE I 1 N i S he s R AT, ROk e
W& BFREERR), 2019, 44(9) 1342-1354.

whad e, BB, BTN, A R T RE RS SO AR B KRV SRR VE AT ST[D]. AR S, 2021, 49(1):
47-53.

JRIRDS, ARih, FERETE, S5 BT I A Y SRR ISR TR BASI A [T]. AORIR E S BRI, 2018, 39(2): 104-114.

wKE%, W, Mo, S, R T RN R SRR I e AR R O S R R I)]. 4 }Ilj@”“?&( H AR 2R,
2014, 50(5): 745-750.

SRARTE, RH, BSIR, S5. HWERDR T SORE R T SR B e R AR AR SRR TE ] sCDUR AR AR (E B
REEEAR), 2020, 45(8): 1233-1244.

Yi, Y., Zhang, Z., Zhang, W., et al. (2019) Comparison of Different Machine Learning Models for Landslide Suscepti-

bility Mapping. 2019 IEEE International Geoscience and Remote Sensing Symposium (IGARSS), Yokohama, 28 July-2
August 2019, 9318-9321. https://doi.org/10.1109/IGARSS.2019.8898208

Ghorbanzadeh, O., Blaschke, T., Gholamnia, K., ef al. (2019) Evaluation of Different Machine Learning Methods and
Deep-Learning Convolutional Neural Networks for Landslide Detection. Remote Sensing, 11, Article 196.
https://doi.org/10.3390/rs11020196

Wang, H.J., Zhang, L.M., Yin, K.S., Luo, H.Y. and Li, J.H. (2021) Landslide Identification Using Machine Learning.
Geoscience Frontiers, 12, 351-364. https://doi.org/10.1016/1.gs£.2020.02.012

Mohan, A., Singh, A.K., Kumar, B. and Dwivedi, R. (2020) Review on Remote Sensing Methods for Landslide Detec-
tion Using Machine and Deep Learning. Transactions on Emerging Telecommunications Technologies, 32, €3998.
https://doi.org/10.1002/ett.3998

JAR T, . A2 I 45 AE BR X SM B ARAS DI N IR 0], THENL LRSS, 2017, 53(13): 34-41.

ER3%, ok, &, & AR E % 5 ESEEE L A shiR g, SR 2R S BRHFER), 2020,
45(11): 1747-1755.

Ju, Y.Z., Xu, Q., Jin, S.C., et al. (2022) Loess Landslide Detection Using Object Detection Algorithms in Northwest
China. Remote Sensing, 14, Article 1182. https://doi.org/10.3390/rs14051182

ZEUE. TR S ST (KPR 3 DX S LB I 7 i B E FE[D]: [ 218 5C]. ks PHIBORSE, 2021,

Cheng, L.B., Li, J., Duan, P. and Wang, M.G. (2021) A Small Attentional YOLO Model for Landslide Detection from
Satellite Remote Sensing Images. Landslides, 18, 2751-2765. https://doi.org/10.1007/s10346-021-01694-6

gRRE, BAREE, M, & R RAELER CNN mGE s EE / 2K 0], B, 2018, 22(1): 87-96.

Bui, T.A., Lee, P.J., Lum, K.Y, Loh, C. and Tan, K. (2020) Deep Learning for Landslide Recognition in Satellite Ar-
chitecture. IEEE Access, 8, 143665-143678. https://doi.org/10.1109/ACCESS.2020.3014305

Xu, W.J., Xu, Q., Liu, G.Y. and Xu, H.Y. (2021) A Novel Parameter Inversion Method for an Improved DEM Simula-
tion of a River Damming Process by a Large-Scale Landslide. Engineering Geology, 293, Article ID: 106282.
https://doi.org/10.1016/j.enggeo.2021.106282

Romero, A., Gatta, C. and Camps-Valls, G. (2015) Unsupervised Deep Feature Extraction for Remote Sensing Image
Classification. I[EEE Transactions on Geoscience and Remote Sensing, 54, 1349-1362.
https://doi.org/10.1109/TGRS.2015.2478379

Can, R., Kocaman, S. and Gokceoglu, C. (2019) A Convolutional Neural Network Architecture for Auto-Detection of
Landslide Photographs to Assess Citizen Science and Volunteered Geographic Information Data Quality. International
Journal of Geo-Information, 8, Article 300. https://doi.org/10.3390/ijgi8070300

Jiao, L.C., et al. (2019) A Survey of Deep Learning-Based Object Detection. /EEE Access, 7, 128837-128868.
https://doi.org/10.1109/ACCESS.2019.2939201

Zou, Z.X., Shi, Z.W., Guo, Y.H., et al. (2019) Object Detection in 20 Years: A Survey. Proceedings of the IEEE, 111,
257-276. https://doi.org/10.1109/JPROC.2023.3238524

Redmon, J., Divvala, S., Girshick, R. and Farhadi, A. (2016) You Only Look Once: Unified, Real-Time Object Detec-
tion. 2016 [EEE Conference on Computer Vision and Pattern Recognition (CVPR), Las Vegas, 27-30 June 2016,
779-788. https://doi.org/10.1109/CVPR.2016.91

Liu, W., Anguelov, D., Erhan, D., ef al. (2016) SSD: Single Shot Multibox Detector. In: Leibe, B., Matas, J., Sebe, N.
and Welling, M., Eds., Computer Vision—ECCV 2016, Springer, Cham, 21-37.
https://doi.org/10.1007/978-3-319-46448-0 2

Girshick, R., Donahue, J., Darrell, T. and Malik, J. (2013) Rich Feature Hierarchies for Accurate Object Detection and
Semantic Segmentation. 2014 IEEE Conference on Computer Vision and Pattern Recognition, Columbus, 23-28 June

DOI: 10.12677/csa.2023.1311204 2060 HENLIRE 55


https://doi.org/10.12677/csa.2023.1311204
https://doi.org/10.1109/IGARSS.2019.8898208
https://doi.org/10.3390/rs11020196
https://doi.org/10.1016/j.gsf.2020.02.012
https://doi.org/10.1002/ett.3998
https://doi.org/10.3390/rs14051182
https://doi.org/10.1007/s10346-021-01694-6
https://doi.org/10.1109/ACCESS.2020.3014305
https://doi.org/10.1016/j.enggeo.2021.106282
https://doi.org/10.1109/TGRS.2015.2478379
https://doi.org/10.3390/ijgi8070300
https://doi.org/10.1109/ACCESS.2019.2939201
https://doi.org/10.1109/JPROC.2023.3238524
https://doi.org/10.1109/CVPR.2016.91
https://doi.org/10.1007/978-3-319-46448-0_2

Bk %

2014, 580-587. https://doi.org/10.1109/CVPR.2014.81

[28] Girshick, R. (2015) Fast R-CNN. 2015 [EEE International Conference on Computer Vision (ICCV), Santiago, 7-13
December 2015, 1440-1448. https://doi.org/10.1109/ICCV.2015.169

[29] Ren, S., He, K., Girshick, R. and Sun, J. (2017) Faster R-CNN: Towards Real-Time Object Detection with Region
Proposal Networks. IEEE Transactions on Pattern Analysis and Machine Intelligence, 39, 1137-1149.
https://doi.org/10.1109/TPAMI.2016.257703 1

[30] Ji, S.P., Yu, D.W., Shen, C.Y., Li, W.L. and Xu, Q. (2020) Landslide Detection from an Open Satellite Imagery and
Digital Elevation Model Dataset Using Attention Boosted Convolutional Neural Networks. Landslides, 17, 1337-1352.
https://doi.org/10.1007/s10346-020-01353-2

DOI: 10.12677/csa.2023.1311204 2061 THEAURF 5 R


https://doi.org/10.12677/csa.2023.1311204
https://doi.org/10.1109/CVPR.2014.81
https://doi.org/10.1109/ICCV.2015.169
https://doi.org/10.1109/TPAMI.2016.2577031
https://doi.org/10.1007/s10346-020-01353-2

	基于遥感影像的滑坡图像检测方法的研究
	摘  要
	关键词
	Research on Landslide Image Detection Method Based on Remote Sensing Images
	Abstract
	Keywords
	1. 引言
	2. 模型基础
	3. 实验数据
	3.1. 训练数据集
	3.2. 测试数据集

	4. 实验与分析
	4.1. 实验设备
	4.2. 评价指标
	4.3. 实验流程及结果

	5. 结束语
	基金项目
	参考文献

