5545 % 5 1 LR [ 5 328
2024 4E 2 A SPACECRAFT RECOVERY & REMOTE SENSING 123

T B3t DeepLabV3+/) A E L HE
HE R BRI

zxm ERY R’
(1 BV M ARG RS TRy, 2 Y 562400 )
(2 BFMFR2E 27 RE, SRBH 550025 )

||

W B HANEAEMARERERR T ERAS. WEKGFA, XFHET —HEFas
DeepLabV3+#9 4% 2 3 B J5 ik o % 7 % B 18 %7 % ;) CA-DC-MobileNetV3 #:#: DeepLabV3+4 F K
% Xception #HATHAEFZI, R KA2E Ly THEB G A Z;, Lk, ¥5HAZRGFFIERTHIELF
&P e AL AT E B ) WUR) AT A SR AFAEAR B, WK E 2 BARME R B e T Ak REAERH
%A A F A S B R B 2R R0 BARE AT AR RS, R ENA AL, MREREAN: LFH
R R ) AR R IAL 5 R RAF, A R HF 4 H DeepLabV3+ag 1/13, HFtb. Fy 5% 55 %
72.46%. 84.03%, ik 2 354748 LT DeepLabV3+H A 5 51325 7 4.62 42 3.19 AN E o5, HHh T4
FREXSE R, RE T RS RO .

KHEIA AR REFT EA5E LAEEH AL

FET S P237 EkFRERS: A X EHRS: 1009-8518(2024)01-0123-13

DOI: 10.3969/j.issn.1009-8518.2024.01.011

Extraction of Bare Rock Information in Rocky Desertification Area
Based on Improved DeepLabV3+

WU Yongjun' WANG Hong™  YANG Chen’

(1 Qianxi’nan Prefecture Natural Resource Management Service Center, Xingyi 562400, China )
( 2 College of Mining, Guizhou University, Guiyang 550025, China )

Abstract Aiming at the problems of high cost and low precision of traditional bare rock extraction
methods in karst areas, this paper constructs a bare rock extraction method based on improved DeepLabV3+. This
method first uses CA-DC-MobileNetV3 to replace DeepLabV3+ backbone network Xception in the encoder for
feature extraction, which greatly reduces the amount of model parameters. Secondly, the features extracted by the
encoder are enhanced through the feature pyramid network and the coordinate attention mechanism to obtain
more small target information and reduce the loss of image details. Finally, in the atrous spatial pyramid pooling
module, the features of the convolutional layers with different dilation rates are fused to improve the utilization of

information. The results show that the method in this paper performs best in the bare rock extraction tasks in
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different scenarios, the number of model parameters is about 1/13 of that of DeepLabV3+, and the intersection
ratio and F;-Score are 72.46% and 84.04% respectively. Compared with the DeepLabV3+ model, the above two
indicators have improved by 4.62 and 3.19 percentage points, respectively, and are superior to other commonly
used semantic segmentation models, improving the accuracy of bare rock extraction.

Keywords bare rock extraction; deep learning; semantic segmentation; coordinate attention mechanism
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Tab.4 Performance comparison of different algorithms

PRI I0U/% Fil% E e
[ERSE S 33.55 50.25 —
PSPNet 52.54 68.88 4.67x10’
SegNet 67.23 80.40 2.94x10’
DeepLabV3+ 67.84 80.84 5.69x10’
SegFormer MiT-b0 68.45 81.27 0.37x10’
AU 72.46 84.03 0.45x10’

10U 43538 1 38.91, 19.92, 523, 4.62 fil 4.01 A~ EH 40, F, A 5lHEE T 3378, 15.15, 3.63. 3.19 Ail
2.76 NE A . WIS BN FKF, SegFormer MiT-b0, A SCHIRI S H AT HAR A, Hdh A
e RS BB 2 g AR R 1/13, W8S T SegFormer MiT-b0, {BAEAEE FA5] 7T, HEKE,
AR AR T SegFormer MiT-b0,

75 EDWHLE R TN U EIR B R R S s i o 25 58, 3% 5 P e (218 3 o T i X3
BT IR IR X, 2% 5 R 1 MO X, o 3T A R 0 R R R R O, i
S A AGE 0 R T A B e s BRACSCEE BRI AL, AR S B T AN [ A B TR A B
%, fEfEM S, o SegFormer MiT-b0 7E37 5 | IRIEM R N . W5 2 PEE Mg, e+
B E AR X, BRACSCBEALSN , HABARIE B TSR IX U IR RS, X T B3 B AR U BE 541K,
AR SCHERIT AR BAr . B XS BRI BOCR el , S5 R T ARG, 5 3 HheErE K A it
WEE R, JURMER I T I G, oA SO R R IR B S sE i b . 35 4 vh s H ARSI
AR B EREMT, B PSPNet S BEE LS AN, JURMRRIZE %3 e BB, (A SRAFAE o A (5
SPREBUE RIS

®"S5 LWLEERIEE

Tab.5 Comparison of experimental results
AL 75 W52 53 Y5t 4

TET [ X6 42




51 2 KkA% % R Tt DeepLabV3+69 G A3k K AR 545 B 425 133

gk
FRAY Yt Yyt 2 Ykt

PSPNet

SegNet

DeepLabV3+

SegFormer MiT-b0

ASCHRIUT %

RAORE, LT Z 3T . PSPNet fEHE A R BUT 55 h R AL 25, RIS B, =
B ARG E ELAME ™ E; SegNet, DeepLabV3+, SegFormer MiT-b0 A %% T I ] X 42 ¥ |
PSPNet #2HACRA B R A4 &, (AR RS . IS AR ARz et . 4y =B
BT AR ELAT B AT 3R

3 HRIE

ARCHGEE T —FZ5E FPN. CA . WSINFIESZ BPRRIE Al & it (1) DeepLabV3-+% iR bl X LA (5 B2 4
WREHY 2R 6% DeepLabV3+E T HE UM 244524 CA-DC-MobileNetV3, FEAR KFREE b AL T L
BRI S50, RIRHETE THAE RO . Hak, 51 FPN BBRBUE  E 5 04ny, JFiEid CA Fith
SRALHFAE , DE— R AR AE /1. BJRTE ASPP ASEHuHT I BB BPARAE Al A R AR, 30 T ARIE LS



134

it X R El 5 & & 2024 4F4S 45 4

SRR SRR, St DeepLabV3+MZ ST+ PN, Bebr ekt T RRE TRV S5 i
f . TR, 7R Zin) AR, Rk ngis S IUE S5 Bdindle , dE— P PR iz ALRe s Jf
RO RO PERE, R BURLE A Ze DR O B2, Do A A T AR S Bt B B r &%

(2]

Sk (References)

o3tk BT T AR A AL B A ST (D). BT )T PR R, 2015,

MA Yilin. Dynamic Analysis of Rocky Desertification of Karst Area in Nanning[D]. Nanning: Guangxi University, 2015. (in
Chinese)

T KT, INIR, EAHE. AT IR FUK 0 2% B 16 B 0T S0 B 5 A AR B A RS S (], £l B8 5 & Jig, 2007,
24(1): 61-63.

TENG Yongqing, SUN Juan, YU Yongxiong. The Reference of Mature and Effective Schemes for Desertification and Water
and Soil Loss Control in the North to Rocky Desertification Control in the South[J]. Journal of Agricultural Resources and En-
vironment, 2007, 24(1): 61-63. (in Chinese)

A, WS A A ] DY g ™ B ) AR A BRI (R0, B e A R A~ ad 41, 2003, 22(2): 120-126.
WANG Shijie. The Most Serious Eco-geologically Environmental Problem in Southwestern China— Karst Rocky Desertifica-
tion[J].Bulletin of Mineralogy, Petrology and Geochemistry, 2003, 22(2): 120-126. (in Chinese)

Wiy, 227, AR, A, T 20 IR0 RO i 41 A 5 SR BUBT S (0], 45 PR 27 B 27 (A SRR, 2018, 31(3):
437-442.

CHEN Xi, LAN Anjun, XIONG Kangning, et al. Research on the Information Extraction of Rocky Desertification Based on
Multi-Source Remote Sensing Image Data[J]. Journal of Xinyang Normal University(Natural Science Edition), 2018, 31(3):
437-442. (in Chinese)

HWHLKOK T REE A TR B AR BRHE: SL 461-2009[S]. A A BEHLAIE KR, 2009.

Techniques Standard for Comprehensive Control of Soil Erosion and Water Loss in Karst Region: SL 461-2009[S]. Ministry
of Water Resources of the People’s Republic of China. (in Chinese)

SRAZE, AR IR. K L ARR RS AR AW 7 i M. L5t shEARL AL, 2013: 87-89.

ZHANG lJianjun, ZHU Jinzhao. Observation Method of Water and Soil Conservation Monitoring Indicators[M]. Beijing: Chi-
na Forestry Publishing House, 2013: 87-89. (in Chinese)

PE, £ DI, WISCH, AF. A A X AR A S HONEZRIR]. %4 53R TR, 2020, 27(3): 133-141.

YANG Donglin, WANG Zhongcheng, HU Wenmin, et al. Survey of Remote Sensing Image Information Extraction Methods
in Rocky Desertification Areas[J]. Safety and Environmental Engineering, 2020, 27(3): 133-141. (in Chinese)

XIE X, DU P, XIA J, et al. Spectral Indices for Estimating Exposed Carbonate Rock Fraction in Karst Areas of Southwest Chi-
na[J]. IEEE Geoscience & Remote Sensing Letters, 2015, 12(9): 1988-1992.

Wi FE T IC AN AR Landsat8 AR IR A E DR T A1 B £ B4R S BUR AR (D], )DL KRB, 2016.

YANG Jing. The Information Extraction and Evaluation of Rocky Desertification in Chongqing City Based on the Association
of Unmanned Aerial Vehicle Photo and Landsat8 Image[D]. Wuhan: Changjiang River Scientific Research Institute, 2016. (in
Chinese)

RARER, N5, AR, AL BT 0 AMUATEE S A5 A v S0r 4 b DX (5 B B IR SR 0% =) 3 BT (0], b BRAF B4 40,
2020, 22(12): 2436-2444.

ZHANG Zhihui, LIU Wen, LI Xiaohan, et al. The Spatial Distribution Pattern of Rock in Rocky Desertification Area Based on
Unmanned Aerial Vehicle Imagery and Object-oriented Classification Method[J]. Journal of Geo-information Science, 2020,
22(12): 2436-2444. (in Chinese)

ERIH. He T 2 IR BB 1 R A ALE B ERITFE[D]. 22 M 2N TR, 2019,

WANG Mengjuan. Research on Information Extraction of Karst Rocky Desertification Based on Multi-source Remote Sens-
ing Data[D]. Lanzhou: Lanzhou University of Technology, 2019. (in Chinese)

WENG L, XU Y, XIA M, et al. Water Areas Segmentation from Remote Sensing Images Using a Separable Residual SegNet
Network[J]. International Journal of Geo-Information, 2020, 9(4): 256.

BADRINARAYANAN V, KENDALL A, CIPOLLA R. SegNet: A Deep Convolutional Encoder-Decoder Architecture for Im-


https://doi.org/10.3390/ijgi9040256
https://doi.org/10.3390/ijgi9040256
https://doi.org/10.3390/ijgi9040256

51 2 KkA% % R Tt DeepLabV3+69 G A3k K AR 545 B 425 135

[14]

[19]

(20]

(21]

(23]

(24]

(25]

age Segmentation[J]. IEEE Transactions on Pattern Analysis and Machine Intelligence, 2017, 39(12): 2481-2495.

YE H, LIU S, JIN K, et al. CT-UNet: An Improved Neural Network Based on U-Net for Building Segmentation in Remote
Sensing Images[C]//2020 25th International Conference on Pattern Recognition (ICPR), January 10-15, 2021, Milan, Italy.
IEEE, 2021: 116-172.

RONNEBERGER O, FISCHER P, BROX T. U-net: Convolutional Networks for Biomedical Image Segmentation[C]//Interna-
tional Conference on Medical Image Computing and Computer-assisted Intervention, October 5-9, 2015, Munich, Germany.
Cham: Springer, 2015: 234-241.

ONG J C, LAU S L, ISMADI M, et al. Feature Pyramid Network with Self-guided Attention Refinement Module for Crack
Segmentation[J]. Structural Health Monitoring, 2022, 22(1): 672-688.

LIN T Y, DOLLAR P, GIRSHICK R, et al. Feature Pyramid Networks for Object Detection[C]//30th IEEE/CVF Conference
on Computer Vision and Pattern Recognition (CVPR), July 21-26, 2017, Honolulu, HI, USA. IEEE, 2017: 936-944.

CHEN L C, ZHU Y, PAPANDREOU G, et al. Encoder-decoder with Atrous Separable Convolution for Semantic Image Seg-
mentation[C]//15th European Conference on Computer Vision (ECCV), September 8-14, 2018, Munich, Germany. Cham:
Springer International Publishing AG, 2018: 833-851.

LIU S, QI L, QING H F, et al. Path Aggregation Network for Instance Segmentation[C]//31st IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition (CVPR), June 18-23, 2018, Salt Lake City, UT, USA. IEEE, 2018: 8759-8768.

LIU R, HE D. Semantic Segmentation Based on Deeplabv3+ and Attention Mechanism[C]//2021 IEEE 4th Advanced Informa-
tion Management, Communicates, Electronic and Automation Control Conference (IMCEC), June 18-20, 2021, Chongqing,
China. IEEE, 2021: 255-259.

CHEN L C, PAPANDREOU G, KOKKINOS L, et al. DeepLab: Semantic Image Segmentation with Deep Convolutional
Nets, Atrous Convolution, and Fully Connected CRFs[J]. IEEE Transactions on Pattern Analysis and Machine Intelligence,
2018, 40(4): 834-848.

HOU Q B, ZHOU D Q, FENG J S. Coordinate Attention for Efficient Mobile Network Design[C]//2021 IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition (CVPR), June 21-25, 2021, Nashville, TN, USA. IEEE, 2021: 13780-
13717.

FH/ANZL B, — Rt DeepLabV 3+ 45 14155 4 Fk e G 40HE BRI A )], #IEME ., 2022, 37(1): 40-46.

GE Xiaosan, CAO Wei. A Road Extraction Method for High Resolution Remote Sensing Imagery Based on Improved
DeepLabV3+ Model[J]. Remote Sending Information, 2022, 37(1): 40-46. (in Chinese)

HOWARD A, SANDLER M, CHEN B, et al. Searching for MobileNetV3[C]//IEEE/CVF International Conference on Com-
puter Vision (ICCV), Octover 27-November 2, 2019, Seoul, South Korea. IEEE, 2019: 1314-1324.

SELVARAJU R R, COGSWELL M, DAS A, et al. Grad-CAM: Visual Explanations from Deep Networks via Gradient-Based
Localization[C]//2017 IEEE International Conference on Computer Vision (ICCV), October 22-29, 2017, Venice, Italy. IEEE,
2017: 618-626.

ZHAO H, SHI J P, QI X J, et al. Pyramid Scene Parsing Network[C]//IEEE Conference on Computer Vision and Pattern
Recognition, July 21-26, 2017, Honolulu, HI, USA. IEEE, 2017: 2881-2890.

XIE E, WANG W, YU Z, et al. SegFormer: Simple and Efficient Design for Semantic Segmentation with Transformers
[EB/OL]. (2021-10-28) [2023-01-20]. https://arxiv.org/abs/2105.15203.

EE BN
SRR, B, 1998 4FA:, 2020 4Bl TR AUME R A HBRE B R Ll 2023 4FR BN RS I 22 Bk 5 HOR %l At

A, BUFRTRRNN, S e v b X g BN G5, E-mail: wuyongjnew@163.com,

BIEEE
TEBL, 5, 197944, 2019 4F AR AL K5 %, A2 . 25T Jr [ S 852 U i 5 38 )&% . E-mail:

7653606(@qq.com,

( Gk JEUK)


https://doi.org/10.1109/TPAMI.2016.2644615
https://arxiv.org/abs/2105.15203
mailto:wuyongjnew@163.com
mailto:7653606@qq.com

	0 引言
	1 模型构建
	1.1 DeepLabV3+模型
	1.2 坐标注意力机制
	1.3 CA-DC-MobileNetV3模型
	1.4 特征金字塔
	1.5 改进的DeepLabV3+模型

	2 实验与分析
	2.1 实验数据与环境
	2.2 评价指标
	2.3 消融实验
	2.4 不同模型对比

	3 结束语
	参考文献

