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Body instance segmentation method based on Mask R-CNN and CEDN
YAO Li, GAO Ao, ZHANG Naigang, WU Haoran, WAN Yan

(College of Computer Science and Technology, Donghua University, Shanghai 201600, China)

[ Abstract] Aiming at the poor edge segmentation of Mask R—CNN method in the human instance segmentation task, a CEDN
method was proposed to obtain human contour and then obtain refined human instance segmentation results through region filling.
Firstly, Mask R—CNN was used to detect the Mask of the human body in the background, then the refined human contour was obtained
by the contour detection algorithm, and then the human body segmentation Mask was filled by the improved region filling algorithm to
improve the accuracy of human body segmentation. Compared with Mask R—CNN, the accuracy and recall rate of this algorithm are
improved by 4% and 8% respectively. Experiments show that the algorithm can effectively improve Mask R —CNN segmentation
results, optimize the problem of the poor edge of human segmentation, and further improve the accuracy of human segmentation.
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Fig. 1 The flowchart of the instance segmentation method in this
article
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Fig. 2 Dilated progress
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Fig. 3 Body contour burr
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Fig. 4 Contour width
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Fig. 5 Deburring

b PR S5 20 T B AR R, B S
it FH DI T ik T LR AR BRI 78 AR 5331
e
1.2 ETF CEDN W E# N

CEDN $.7k BAR BB 8 A3 S i 3 B B bR 1y #2
SR AR R s 22 , A 1) A AR SR B 25 ) HH BRI 2
FRTR) R, PR A SO T CEDN B501E 4 I 48 4 b i 1
— RE [ WA AR AR 25 0 BUZ AL, DL fg 4
A fERSRE ) A B Tk s R e T R S f
R ARG 292 I 248 A T TR 6 S

B 6 FeERGINE E ML E
Fig. 6 The architecture of the CEDN algorithm network
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Fig. 7 Comparison of the edge detection technology
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Fig. 8 Region filling flow chart
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Fig. 9 Comparison of the region filling
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Fig. 10 Segmentation comparison of Mask R—CNN method and

ours
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