T TR FEIR, 2021, 45(6): 751-757
Journal of Zhejiang Sci-Tech University
DOI:10. 3969/j.issn.1673-3851(n).2021. 06.006

E T Faster R-CNN BYZEAXRE X B 3115 3l

St XA

(HTEIRF, aREF ;b IREMFHBEANF L TRZEE M 310018)

 E: AR HIEEAFEAT Faster RCNN 32 5| 3% RAB RAR 69 % vf , VAR LT B AR R 3™ K vy 3 AP AR A (B R
AR 3R BB AR AR BB, G = P o B T @ RCR B P 6 RAR L5k ) AR ik i RAB BAR P ey RATAL B L R 3
MH W, vA Faster RCNN Skl % 3 A3 4E . L P A4 M43k A AlexNet, 2R AW . B@E S+ %
HAMAE L LAY KO ARD.5MNREHT 4% 4 13% .08 LA R 5 Ak VAR SRR, f KR 5
REHERTAT REHRE, Ad—FRAEM R, 2L GoogLeNet 4 FAH 4 M %, )| 4hAE % 58 B % K49 3£,
BRGBEAR SRR EEE— T E 86%.81% F7 83% . Faster R-CNN 42 5l i K 4B R AR LA 445 49
AT, I KR IEEAE L R B T2 FF Faster R-CNN A 3h12 ) 4N AR A 64 =R

X417 : Faster R-CNN; i RAB; RAR; B ARKEW ; £

hESHES . TSI, 2 XERFRSRGS: A XEHS: 1673-3851 (2021) 11-0751-07

Automatic recognition of dress collar based on Faster R-CNN
ZHANG Yanging® , LIU Chengxia®"®
(a. School of Fashion Design and Engineering; b. Zhejiang Province Engineering LLaboratory of
Clothing Digital Technology, Zhejiang Sci-Tech University, Hangzhou 310018, China)

Abstract: To explore the impact of dataset annotations on the recognition of dress collars by Faster R-
CNN, three datasets were made following three standards to label collar positions in dress images. The
regions be labeled of these three standards were expanded in turn (i.e., the collar itself, from the lip to the
shoulder, from the lip to the waist. In the last two, the lip corresponds to the upper end of the collar in flat
state clothing images). Faster R-CNN algorithm was used to train the three datasets respectively, and
AlexNet was chosen as pre-training networks. The results showed that the recall rate and the mean average
precision were improved with the enlargement of regions of interest by 14% and 13% respectively. The
improvement of recognition of the smaller collars like the stand-up collar, the round collar, the square
collar, and the V collar was the most obvious, while the overall accuracy remained unchanged with the
enlargement of regions of interest. To further enhance the recognition results, Googl.eNet was used as the
pre-training network and the dataset with the largest region in the three standards was selected in the
training process. The recall rate, accuracy rate and mean average precision were further increased to 86 %,
81%, and 83%. Faster R-CNN has good feasibility in dress collars’ identification, and expanding the
region of interest in the dataset properly can improve the performance of automatic recognition of smaller
collars by Faster R-CNN.
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