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Automatic segmentation of clothing images
based on Faster R-CNN and Grabcut algorithm
YANG Si, XU Zengbo, CHEN Chong
( Shanghai University Of Engineering Science Costume Institute , Shanghai 201620, China)

[ Abstract] In order to realize the automatic segmentation of clothing images, an image segmentation method based on Faster R—
CNN combined with GrabCut is proposed. Firstly, the basic framework of the Fast R-CNN is used to subdivide the to—be-detected
tasks of street photographs into six categories: tops, skirts, bags, etc. Next, after adjusting the model full connection layer
parameters based on the original basic framework, the foreground object box is obtained as the initial frame of the GrabCut
segmentation algorithm. Then we use GrabCut algorithm to extract garment area. The method locates the clothing position from the
picture of the complex background, removes the complex background, and realizes the segmentation of the clothing area. The
experimental results show that the proposed method has good natural contour detection and extraction ability, and is suitable for the
detection of local weak contour edges of images and the processing of large—scale clothing image segmentation. Beyond that, it can
be used for selective automatic style category extraction in large batch processing of images. It improves the efficiency of the garment
image segmentation process.
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Fig. 1 Fast regional convolutional neural network architecture
1.2 EF Fast—-RCNN 7 E #1432 BU X 15

ik XU R 2 4 RIS TC 22 7, {0l iR e )
149 PRI I R, PR A7 2 1) DX S8 >4 i A 5 1
NS . WK 2 Jrs AR SO 2 st 5 o A il
HH R e PEIAG T 7 DX 3l 1) 467 5, 0 2 A T ) L A T 42
A, W 5

B2 BREEBAEREAER
Fig. 2 Position detection of the area where the clothing image is

located

AR SO DL IR AR 4 0 S A WE LA
BRSNS SR PR DX AR 22 1Y
ZEXXNE AR AT, 5T, LRI ZRkE A
VE R ARG Gl %) R JEA T VR R 15 3 2
2k A~ Rol; vk, X EUGHEA T4 , 75 3] convS AYER
fiE4 -3 s A FH B2 SPP layer ( Rol pooling layer)
LR ey S E| VAN IS - 9/ S B e ek B 1075 | PR e
PIASHT I A R TR BRI BRI T
XA 73500 6l P 2 1 o KA A% i ek B HEA T
O3 A R L1 52K s B T g FUHE [T

HI %) H AR R R AT 1 3 2R Ak 3L, ]
PEIA A B R i e B B 3l US4 R, a0
R PRI AC, Al v 58 PR DX A FR e 22 ) 2% A
R, R EA IR0 G AE | 15347 )5 2840
FUALTE AR SCHR A 8 77 1k DO TR e X ek 70 e
PEPURARAE 19— B e [ 15 03 51007 12: , BB AU 5
b IR 5 o BIAL B TAERCR
1.3 XLEWER

ARSORE H LAY = A Kl 4 - i i IR i 4k A
Clothing Co—Parsing ( CCP) Dataset (175 2 098 5K i,
FRiEEIE) L Colorful Fashion Parsing Data (1752 600
SREARTERFT) (DCSA(f 1856 KIE ) A9,
IR REA BRI 5 554 sKIE R (A 3 894 5K
FIPEVNZREEAS 1660 5KAT N MNAREA , FE T PR X
BB Z A HEZR R H VGG -16 M A5 Il 2k AE
N2, I SALGE X UG B 28 P 28 04T LU A, SR
T Ubuntul7.04,64 (iR RGE, RN
JHE B8 Tensorflow, B8 4 Bt & & NVIDIA GeForce
GTX1080,8GB AT, SCHEEA LR, X U2
O 245 P P14~ S5 A 00 I [) 249 Sy 74 s, T PR32 DX 3
TR 25 00 24 1) PRGOS B (6] 29 28 0.51 s, M
mAP {H2k & , RCNN I Fast R—CNN {46 # ff 5
ZEMIFAN I . {E P g DX Tl B ol 22 IR0 285 174 46 T
R L DI A R i 228 o 24 i) A 000 38 32 1 100 22

(~7
Ho

R Tk R T DX R D) % A D ) A A
P, AR SLIGHE Deep Fashion ZEHEHHEH T 4 000 7%
Bl A, ZAF Thrid, I ASe i &I B £
M R B S R B 2 318 SRR 7K R 5 B
Bl e 4% 12 172 DAEA 8 521 D UIZRFEA,
3 651 IR A, J B I ZRAss B | 5 P I 1Y
B RBARINAMER R R LR 1, H S FoR
INFEARYNGSE , L Fm KEEARYIZRSE, R 1 AT L)
Bl A A BRI 3N, £ 28 S A o A R R



308 £

i 2 S I I VA

510 %

mAP #REAT — 5 T B A9 B, A0 2R 0 A A K
i, TR B A I As
£1 BENENEREFHE

Tab. 1 Average accuracy of each category %

77 RCNN(S) Fast R-CNN(S) RCNN(L) Fast R-CNN(L)

W3 82.7 84,2 86.9 87.2
WeT 57.8 57.1 64.1 65.3
AR 65.5 65.7 71.1 72.8
L E R 78.3 80.6 84.3 84.9
L 74.1 75.3 78.9 79.5
(k) 58.7 59.1 61.9 62.3
mAP 69.52 70.33 74.63 75.33
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Fig. 3 Comparison of actual detection results
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Fig. 4 Some images selected for this experiment
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Fig. 5 Monitoring and alarm status of water parameters
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Fig. 6 Normal state of water parameter monitoring
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