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Abstract: Traditional edge detection algorithms often suffer from fractured and discontinuous
edge lines, while deep learning-based approaches fail to ensure edge clarity and accuracy, often
leading to the loss of edge details. To address these issues, a lightweight edge detection method
based on encoder-decoder structure is proposed. The encoder extracts the edge features of the
image, recovers the edge information lost when sampling under the encoder at the decoding end,
uses the jump connection method between the codecs to achieve the fusion between low-level
features and high-level features, and uses the deep supervision module with attention mechanism
to further learn multi-scale and multi-level edge features to generate fine image edges. The
network model is trained on the BSDS500S dataset. Experimental results show that the ODS and
OIS of the proposed method reach 0. 808 and 0. 830 respectively, and the frame rate on the GTX
1060 machine reaches 60 frames/second, which exceeds the mainstream edge detection methods
based on convolutional neural networks, thus showing its effectiveness.

Key words: edge detection; encoder-decoder; skip connection; attention mechanism; deep
supervision
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Fig. 1 Edge detection network based on encoder—decoder
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Table 1 Comparison of different methods
on BSDS500 dataset
WRES OoDS OIS AP
Human 0.803 0.803 —
Canny' 0.611 0.676 0.520
Sobel™ 0.539 0.575 0. 498
gPb-UCM" 0.729 0.755 0. 745
SE® 0.743 0.764  0.800
OEF (oriented edge forests)™ 0.746 0.770  0.815
DeepContour'” 0.757 0.776  0.790
DeepEdge!"! 0.753 0.772 0. 807
HED"! 0.788 0.808 0. 815
RCF™! 0.806 0.823 0. 834
AL 0.808 0.830  0.843
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Fig. 7 P-R curves on BSDS500 dataset
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Table 2 Comparison of different methods
on NYUD dataset

Tk OoDS OIS AP
gPb-UCM" 0. 631 0. 661 0. 562
OEF® 0. 651 0. 667 0. 653
SE® 0. 695 0.708 0.719
HED!" 0. 741 0.757 0.749
AR 0.753 0.769 0.763
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Fig. 8 P-R curves on NYUD dataset
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Fig.9 P-R curves of CAM modules in different
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Table 3 Comparison of ODS and OIS of CAM modules
in different configurations

L OoDS oIS
JoCAM 0.792 0. 809
Encoder-CAM 0. 800 0.815
Decoder-CAM 0. 808 0. 830
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Fig. 10 Comparison of edge detection effects of different methods

(a)—J & ; (b)—Ground Truth; (¢)—Canny J7i%; (d)—HED Jii%; (e)—ASC k.

3 4k 5

AR SCEZ I T — ol e T 2 ik 6t 45 4 1) e i
GAGIN T % A — M3 G I 90 255 1) Sty
AT R a8 4y, BE AT PLFE 40 AT R SCfE L
N—EREJE BIRAS TR RARRAR I A 2515

BZ TR AR B BB o Gy 3t SR /N g 1R
W& SRR AR SO IE AW WA Sk
FE bR EARIBS 1w 20K, AT USRS BE s
BT O 0 ) 20 % PR AR AS SO AT AR B
MIFE51, Jm S DT TR Bt — AR SEBLIE Sl
30l



%7

E:t3 53]

o)

RF AR T MDY % RZDGAN T &

943

Sk :

[1]

Zhang M H, Luo H L, Song W, et al.Spectral-spatial offset
graph convolutional networks for hyperspectral
classification[ J ].Remote Sensing,2021,13(21):4342.
FRH, BEE S S AT WL YOLOVS 2 42 IR
(AR iz [T ). TS HL T AR S LT, 2022, 58(9) : 303~
312.

(Wang Ling-min, Duan Jun, Xin Li-wei. Detection method

image

of YOLOVS5 helmet wearing with attention mechanism [J].
Computer Engineering and Application,2022,58(9) :303—
312.)

Wang R, Qiu K. Fine-grained remote sensing semantic
method
learning [ C]//14th International Conference on Measuring
Technology and Mechatronics Automation (ICMTMA).
Changsha,2022:361-365.

Sobel I, Feldman G. A 3x3 isotropic gradient operator for
image processing [EB/OL]. (2015-06-14) [2022-11-10].
https://www.researchgate.net/publication/239398674.

segmentation under multi-stage  supervision

Prewitt J M S. Object enhancement and extraction [J].
Picture Processing and Psychopictorics, 1970, 10(1) : 15—
19.

Canny J. A computational approach to edge detection [J].
IEEE Transactions on Pattern Analysis and Machine
Intelligence,1986,8(6) : 679-698.

Arbelaez P, Maire M, Fowlkes C, et al. Contour detection
and hierarchical image segmentation[] |.IEEE transactions
on Pattern Analysis and Machine Intelligence,2010,33(5) :
898-916.

Dollar P, Zitnick C L.Fast edge detection using structured
forests [J]. IEEE Transactions on Pattern Analysis and
Machine Intelligence,2014,37(8) :1558-1570.

XIS 720  FETRR Y R A5 B30 FUG Sk [T ],
HEPLRFH,2016,36(8) :2296-2300

(Liu Sheng-nan, Ning Ji-feng. Point mutual information
boundary detection algorithm based on super pixel [J].
Computer Applications ,2016,36(8) :2296-2300.)

Shen W, Wang X G, Wang Y, et al. Deepcontour: a deep
convolutional feature learned by positive-sharing loss for
contour detection [ C]//Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition.Boston, 2015:
3982-3991.

Bertasius G, Shi J, Torresani L. Deepedge: a multi-scale
bifurcated deep network for top-down contour detection

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[Cl//Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition.Boston,2015:4380-4389.
Ganin Y, Lempitsky V.N4-Fields: neural network nearest
neighbor fields for image transforms[CJ//Asian Conference
on Computer Vision.Cham: Springer,2014:536-551.

Xie S N, Tu Z W. Holistically-nested edge detection [C ]/
Proceedings of the IEEE International Conference on
Computer Vision.Santiago,2015:1395-1403.

Simonyan K, Zisserman A. Very deep convolutional
networks for large-scale image recognition EB/OL ].(2015-
04-10)[2022-11-10].https : //arxiv.org/abs/1409.1556v2.
Liu Y, Cheng M M, Hu X, et al. Richer convolutional
features for edge detection [C]//Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition.
Honolalu,2017:3000-3009.

Wang Y P, Zhao X, Huang K Q.Deep crisp boundaries[ C ]/
Proceedings of the IEEE Conference On Computer Vision
and Pattern Recognition.Honolulu,2017:3892-3900.

He J Z, Zhang S L, Yang M, et al. Bi-directional cascade
network for perceptual edge detection [ CJ/Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition.Long Beach,2019:3828-3837.

Deng R X, Shen C H, Liu S J, et al.Learning to predict crisp
boundaries [C]//Proceedings of the European Conference on
Computer Vision (ECCV). Munich: Springer, 2018: 562—
578.

SuZ,Liu W Z,Yu Z T, et al.Pixel difference networks for
efficient edge detection [ C]//Proceedings of the IEEE/CVF
International Conference on Computer Vision. Montreal,
2021:5117-5127.

Badrinarayanan V, Kendall A, Cipolla R. SegNet: a deep
convolutional encoder-decoder architecture for image
segmentation [J].IEEE Transactions on Pattern Analysis &
Machine Intelligence,2015,39:2481-2495.

Ronneberger O, Fischer P, Brox T. U-net: convolutional
networks for biomedical image segmentation [C]J//
International Conference on Medical Image Computing and
Computer-Assisted Intervention. Munich: Springer, 2015:
234-241.

Howard A, Sandler M, Chu G, et al. Searching for
MobileNetV3 [ C ]/Proceedings of the IEEE/CVF International
Conference on Computer Vision.Seoul,2019:1314-1324.
Hallman S, Fowlkes C C.Oriented edge forests for boundary
detection [C]J//Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. Boston, 2015:
1732-1740.



