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Clothing Image Segmentation Method Based on Deeplabv3 + Fused with Attention Mechanism

XIAO Yahui' ,ZHANG Zili"* ,HU Xinrong"* ,PENG Tao"* and ZHANG Jun®
1 School of Computer Science and Artificial Intelligence, Wuhan Textile University, Wuhan 430200, China
2 Engineering Research Center of Hubei Province for Clothing Information, Wuhan 430200, China

3 School of Computer Science and Engineering, Wuhan Institute of Technology, Wuhan 430205, China

Abstract Aiming at the problems of rough edge segmentation and low segmentation accuracy caused by color, texture, back-
ground and multi-object occlusion in clothing image segmentation,an image semantic segmentation method (FFDNet) based on
Deeplabv3—+ with attention mechanism is proposed. Firstly, the backbone network of the model uses the ResNet101 network. The
feature-enhanced attention module(FEAM) is added at the end of it. The feature map is weighted from the two dimensions of
channel and spatial to mine and enhance the feature information and optimize the segmentation edge to improve network clarity.
Secondly.a feature align module(FAM) is introduced as a novel upsampling method to address the problem of segmentation er-
rors and low efficiency caused by misalignment between features during the fusion of different scale features,so as to to improve
the accuracy and robustness of clothing image segmentation. Finally, the mean intersection over union of the proposed method
reaches 55. 2% and 79. 4% on Deepfashion2 and PASCAL VOC2012, respectively. In terms of parameter size,the model only in-
creases by 0. 61 MB compared to the original model on Deepfashion2. The segmentation performance of the FFDNet is superior to
the existing state-of-the-art network models, which can effectively capture image local detail information and reduce pixel classifi-
cation errors.

Keywords Clothing image,Semantic segmentation, Attention mechanism, Deeplabv3+ network,Feature alignment
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Table 3 Effect comparison of Deepfashion2 with different modules
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Fig. 8 Visualization of segmentation results on Deepfasion2
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Table 4 Performance comparison with different segmentation

networks
W 4 25 4 MIoU MPA
Swin-Unet[28] 0.392 0. 446
PSPNetb5) 0.471 0.588
Deeplabv3—+[8] 0.535 0.648
FastFCNI29) 0.545 0.662
FFDNet 0.552 0.672
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B A SCEE i 0 2% 7 F R B E B B AR bE 28 i 9 25 A T 4
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FFDNet ik 3] 79. 4%, SEEZ5 R L, 3 F Deeplabv3 + Btk
KM %% FFDNet % PASCAL VOC2012 %4 4 69 18 14 4> ) 12
HRM

5 VOC2012 HdR4E Ly X L 9258

Table 5 Comparative experiments on Voc2012 dataset

W 25 4 H MIoU
PSPNet 0.745
Deeplabv3 -+t 0.773
FFDNet 0.794

KT HE—2 B WM E A SCHE % F PASCAL VOC

230900153-5



Com puter Science FFEHLEIY: Vol. 51,No. 6A, June 2024

2012 BUOPRAE AL, B 9 45 T X b B 9E RNAS SCH ik FFD-
Net (953 BB, 5 —ATHIEE LS AT E AR % B L5 =47
2 PUFT A 3 F R 4% Resnet101 ) PSPNet F1 Deeplabv3 -+ &
AEIR L DUAT A Bk R A9 FFDNet SRR E ., ME 9
M5 3 AT DL AR SCR R R b o 0 T AR R Sk R A
) AT LA S = 50 5 B R R IR S R A AR AR A, i

-3cd

A

pspnet

Deeplabv3+

FFDNet

PSPNet il Deeplabv3 5532 W B AR 4 43 %0 b ok . 85 b4
FEDUFN NSV NP BN A v U I AR R B AR SO B
1 FFDNet ¥/ B AR A 946 B8 2 BIA5 T S 8., BRI 5
BRGS0 539 9T S e 58 B b R B — S ME A M4 E ok
B #& A T et S5 (9 FEDNet AH L J5 IR Deeplabv3 + 8 4 4
— & T,

9 PSACAL VOC2012 I 43 E1 45 53 L
Fig. 9 Segmentation results comparison on PSACAL VOC2012
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