B6%5% 11 BORK F IR Vol.6 No.1
2021 42 A Journal of Clothing Research Feb. 2021

E F Mask R-CNN gJZx = B A& 41l 3l

%;}&4#1,2,3’ Z)’j_g 7%_1,2,3, %5#1’2’3, A 555*1,2,3
(1. FIEITAF 2AXMERE -SRI HEFAEARAXMRERE L LHE, T AN
310018;2. #HIHE T K% #L4 RE TR AT R F0, #F T M 3100183, HrL# T k¥ At

ERFAOHARMNITE THELRE, #i #h 310018)

OB ARRE XX B AR R, 3 —FF 2L T Mask R-CNN A 22 %) 2% 84 JR 45 2% X, B AR A
FALG A ik, 1800 KA TAR ., AR BIAT L BRAT 4 APAR A 09 2 X B AR AR R A B i
#5355 Mask R-CNN A0 2 M & LA A A2 50 5], 2R KA ,4 FrAR A 69 F 35 0 3\ 45 40 . 5
T 98% , 3K 4 3 M A4 ik 3] 99.2% ,mAP 1HiA 5] 90% ., iZIRA) T ik T VLR Y AR A R P R A
T RiE, AR FAHERAE RBERSE

FHEIE: Mask R-CNN AL 2 X H 5 EAAL; R A = AL

FEDHES TS 941.26 XEMRERG: A XEHS:2096 -1928(2021)01 - 0036 - 06

Collar Flat Sketch Recognition Based on Mask R-CNN
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Abstract: In order to improve the recognition accuracy of collar flat, this paper proposed a fine-grained localization and
recognition method of garment collar based on Mask R-CNN neural network. A database of 1800 images which contained
collarless, lapel, turndown collar and stand collar, was created. Transfer learning and Mask R-CNN neural network were
used to realize collar location and recognition. The results showed that the average recognition accuracy of four collar types
were higher than 98% . The average accuracy of the test set and mAP were reached to 99.2% and 90% respectively. The
recognition method can reduce the manual errors in the pattern generation, and provide a reference for the digital pattern
generation.
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Fig.3 Labeling format of garment flat
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Fig.4 Classification process of Mask R-CNN
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