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Clothing Image Parsing Method Based
on Multi-scale Fusion Enhancement
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University, Wuxi 214000, China)

Abstract:

convolutional neural network, a clothing image parsing

By using the features of each level in

method based on multi-scale fusion enhancement was
proposed. Through the fusion enhancement module, the
semantic information and the features in different scales
were effectively fused with the consideration of global
information. The results show that the average F1 score
on the Fashion Clothing test set reaches 60.57%, and the
mean intersection over union (MIoU) on the Look Into
Person (LIP) validation set reaches 54.93%. The method
can effectively improve the accuracy of clothing image

parsing.

Key words: clothing image parsing; multi-scale fusion

enhanced network; convolutional neural network
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Fig.1 Structure of multi-scale fusion enhanced

network
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Fig.2 Fusion enhancement module
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Tab.1 Results of ablation experiments for each module

Jiik Fys; GP C  BFEWIR/Y ATSHERZR/ % PRI/ SRR/ % P FLAE/ %
ERRES X X X 92.03 69. 23 53. 60 58.38 55.89
2 RUBE Rl-G B i I 24 N X X 93.43 74.24 58.11 61.74 59. 87
2o RUBE Rl 1 i o 245 N N X 93.51 74.33 58.27 62.22 60. 18
22 KU Rl B i o 245 N N N 93.13 73.12 58.73 62. 54 60.57
F2 AEMEERERMITIRER
Tab.2 Experimental results under different fusion enhancement modules
A AR H 1B ZUETR/ % A HERR/ % SEHKERR % SRR/ Y SEEIF1 %0 %
1 92.47 70. 84 54. 44 58.67 56.48
2 93.09 72.68 57.16 60.75 58. 90
3 93.43 74.02 58.33 61.95 60.08
4 93.51 74.33 58.27 62.22 60.18
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Tab.3 Comparison of performance between different methods on Fashion Clothing dataset

WiRZS R/ % WSIERSR/ Y% FEREHR/ % THERR/% FFLa8/ %
Yamaguchi 45 ¥ H iy 12 81.32 32.24 23.74 23.68 22.67
Paper doll parsing"* 87.17 50. 59 45.80 34. 20 35.13
DeepLabV2!*! 87.68 56. 08 35.35 39.00 37.09
Attention®’ 90. 58 64.47 47.11 50. 35 48.68
TGPNet""! 91.25 66. 37 50.71 53.18 51.92
Compositional neural information fusion'"’ 92. 20 68.59 56. 84 59.47 58.12
TPRR" 93.12 70. 57 58.73 61.72 60.19
2 N EERG TR I 2% 93.13 73.12 58.73 62. 54 60. 57
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Fig.3 Comparison of parsing results between different methods on Fashion Clothing dataset

1. 14% F10.63% . 545 T RR 7k AE LIP 54
P LRSI, WNRSTTRIE I, ZRE
Tl 5 ) 245 X DA 3 IR 2K 3 ) A AT A 381 1
o AR B, R WA D7 o) AN I RUBE ) E B 28 531
HIRA R o AT TN BOR AL A P

B i
-
il
| ES
- &

b F=H2 ¢ EHI3

BTN ACHE SRR IR 25 A R A2 7T, i
TEMR - T MR B 25 A/ Ny AR R 2 1) LA 1] A 9
o DRI, BIE 1 2 RUBE Rl 49 0 00 4 1 R 11
JRRRAE TR )2 FRAE DA K 3 5 KR AE 26 3K O T A
Rk

x4 AFREFAEELIPEIESE FHEsExtLL

Tab.4 Comparison of performance between different methods on LIP dataset

Jiik BEMETR/ % TR/ % R/ %
DeepLabV2'% 82.66 51. 64 41.64
Attention 83.43 54.39 42.92
ASN(adversarial network )"’ 45.41
MMAN (macro-micro adversarial network )" 85.24 57.60 46.93
JPPNet(joint body parsing &. pose estimation network)'?’ 86.39 62. 32 51.37
CE2P(context encedding with edge perceiving)* 87.37 63.20 53.10
PGECNet(pyramidical gather-excite context network )" 87.50 65. 66 54.30
ENET e IR 87.65 66. 80 54.93
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Tab.5 Comparison of per-class IoU between different methods on LIP dataset
KR EZEI /%

Py —

w DeepLabV2'™®!  Attention®  ASN™/  MMAN®!'  JPPNet'™  CE2P®  PGECNet?’ %gfmmff
e+ 56.48 58.87 56. 92 57.66 63. 55 65. 29 66. 36 67.16
Sk 65. 33 66. 78 64. 34 65.63 70. 20 72.54 72.83 72.86
FE 29.98 23.32 28.07 30.07 36. 16 39.09 40.76 42. 64
AR B 19.67 19.48 17.78 20.02 23.48 32.73 32.85 35.19
A 62. 44 63. 20 64. 90 64.15 68.15 69. 46 69. 93 69. 67
A 30. 33 29.63 30. 85 28.39 31.42 32.52 33.78 36. 70
HhE 51.03 49.70 51. 90 51.98 55. 65 56. 28 56. 48 56. 82
BT 40.51 35.23 39.75 41.46 44. 56 49.67 48. 86 48.18
ey 69. 00 66. 04 71.78 71.03 72.19 74.11 74.51 74.95
FEAHE 22.38 24.73 25.57 23.61 28.39 27.23 28. 20 33.13
Rl 11.29 12. 84 7.97 9.65 18.76 14.19 25.16 21.42
P B R 20. 56 20.41 17.63 23. 20 25.14 22.51 26.52 26.51
JieR 70.11 70. 58 70.77 69. 54 73. 36 75.50 75.34 75.79
ZENE N 49.25 50.17 53.53 55. 30 61.97 65. 14 65.69 66. 22
A 1 I 52. 88 54. 30 56. 70 58.13 63. 88 66. 59 67.33 68. 82
i 42.37 38.35 49. 58 51.90 58.21 60. 10 59. 36 60. 30
i 35.78 37.70 48.21 52.17 57.99 58.59 58. 82 59. 48
st 5 33.81 26. 20 34.57 38.58 44.02 46.63 47.77 46.95
AL 32.89 27.09 33. 31 39. 05 44. 09 46.12 47.78 47.78
B 84.53 84. 00 84.01 84.75 86. 26 87.67 87.74 88. 05
SRR/ Y 41.64 42.92 45.41 46. 81 51. 37 53. 10 54. 30 54.93
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