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Abstract: Human parsing aims to segment a human image into multiple parts with fine-grained semantics and provides more detailed
understanding of image contents. When the human body posture is complicated, the existing human parsing methods are easy to cause
misjudgment to the human limb components, and the segmentation of the small target is not accurate enough. In order to solve the above
problems, a double-branch networkjointingposture prior is proposed for accurate human parsing. The model first uses the backbone
network to acquire the characteristics of the human body image, and then uses the pose prior information predicted by the human pose
estimation model as the attention information to form a multi-scale feature expression driven by the human body structure prior. The

multi-scale features are fed into the fully convolution network parsing branch and detection parsing branch separately. The fully
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convolutional network obtains global segmentation results, and the detection parsing branch pays more attention to the detection and
segmentation of small-scale targets. The segmentation results of the two branches are fused to obtain the final parsing result, which can be
more accurate. The experiment results verify the effectiveness of the proposed algorithm. Our Thisapproach has achieved 52.19% mloU on
LIP dataset, 68.29% mloU on ATR dataset, which improves the human parsing accuracy effectively and achieves more accurate
segmentation results in the human limb components and small target componentsn parsing accuracy effectively and achieves more
accurate segmentation results in the human limb components and small target components.

Key words: human parsing; semantic segmentation; human pose estimation; object detection; convolution neural network
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Fig.1 Posture prior driven double-branch human parsing network architecture
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Fig.3 The plot of loss function versus number of iterations
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Table 1 The results of each module on the validation set of LIP and the result of JPPNet
Tl ARSCEREABIAE LIP WA % bl s 06 25 AL R 24 5 5B /7% JPPNet 45 3

Ji ik B B+P B+P+D B+P+D* JPPNet!'”!
bkg 84.82 85.12 82.26 85.09 86.26
hat 61.74 62.12 64.88 65.09 63.55
hair 67.38 67.39 68.63 68.53 70.20
gloves 32.47 34.39 38.56 39.17 36.16
sunglasses 29.78 27.05 32.22 34.32 23.48
u-clothes 62.51 63.97 65.27 65.11 68.15
dress 21.23 25.66 28.76 29.64 31.42
coat 47.88 50.81 52.87 53.34 55.65
socks 39.93 40.02 44.88 45.42 44.56
pants 67.07 68.75 69.52 69.34 72.19
jumpsuits 18.99 22.01 23.52 25.15 28.39
scarf 15.27 15.70 15.36 17.89 18.76
skirt 19.31 20.83 24.40 24.98 25.14
face 70.67 70.65 71.69 71.77 73.36
l-arm S 2819 59.74 61.59 62.00 61.97
r-arm 54.63 61.07 63.38 63.35 63.88
I-leg 37.90 52.59 56.63 58.56 58.21
r-leg 37.38 53.12 56.36 58.43 57.99
1-shoe 31.61 50.07 53.91 53.89 44.02
r-shoe 31.79 49.92 53.73 53.67 44.09
avg 44.23 49.05 51.55 52.19 51.37
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Fig.4 The visualization of each Blob’s prediction results on the validation set of LIP
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%% 2 Pose Attention BERTEA A A7 B 4L 1) mIoU F8 45 L 4%

Jih mloU

PL2 47.47
PL2+PL3 47.68
PL2+PL3+PL4 48.29
PL2+PL3+PL4+PL5 49.05

Table 3 The effect of different human poses
B AN SR U R A BE A S

RS l-arm r-arm I-leg r-leg 1-shoe r-shoe
{5 BT et o 62.00 63.35 58.56 58.43 53.89 53.67
ER PR =1 51.63 53.55 58.32 58.22 53.77 53.63
It JHR S O B 61.84 63.18 49.25 4921 53.89 53.72
5w R OB R 61.72 63.17 54.84 54.78 28.17 23.01
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AL 1R R B T 7 JPPNet 45 SR AT 3.13%F1 0.82%. % AR RSl vH5 BAE I AR S5 1 2
95 B2 R A% T 0t B AR N AR AN SR 2 TR PR O R R T N AR S A 14D 0 ) A AR e 2 T % 4R BDURRAE 1 o A v
ANROBE BB BIAE B 8 S B 7™ 5 s D488 A 23 S Re 6 4 /0N B A S A I i 2 B DX 35 780 K, ke R 3 AT RS A 2 1.
JPPNet 7£ mloU MPFIllFE 4R T & KB 50 WA 1AL 7 0t T DY JBE B AR A0/ B A 340 1) 43 11 R 3 8 T
JPPNet, He i 70 BEFIUAT 3 3 Il 45 21) 9.87%FH 9.58% I i H& F+, K FH AR B 42 F+ 10.84% A8 1594 25 1 =2, AR STV
HEAE R 25 {8 HT 72 ResNet-50 S&HUHIHRFAE, M JPPNet f) 2 #E [ 2 f Fi (11 /2 ResNet-101, 1 H A SCAE R A A
PR 46 G 1B XN AT B LA & 22 R DA
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X T ATR $d 48 32 225 /7 £ 3 Aoy EAT X b, W3R 5,1 T JPPNet J5iETE N ZRBY B 35 B AR LTS
S AR VESS B (H 2 ATR $dls 42 3 R IR 2071115 B JPPNet 7R iZ 8048 4 EIFANE L BRIk % 5 hic i 5t
DRI AT X AR S 575 L Attention+SSLU 45 JEAE Mean accuracy HIVFIIFE b5 N 5 4.94%,7E Mean IoU (]
PRITEAR T 2 5.38%.

AR SCHE I ATR e 4R &1 73 TN 45 R rTARAE, a1 5 B, 28 1 515 N RS 2 51109 Attention+SSL J5 ik
T 45 A5 3 FI DA ST I AT AR AL 45 R RIS, S O B LG 23 AT, AR SO AR B T AL I 3R 4 B R
Attention+SSL 7772 B F B Al 10 AN AR S5 M 63015 B, YN B S E R0 B G0 A AR Fo A RS AR DY B
PG R ), AR SCTTVEAE AN T 58 A S5 K45 2O 00 R ek A A DU T AR 5% B AR BE AT AE R 70 1, 2 B 5 56 3
AT AT RRA 25 SR P os  A SCO R T/ B BRER A o ) R BH R 2 23 B0 8CR W2 AR T Attention+SSL J7 ¥, AT X Ho i 2%
AT HE B 23 T 06 8 T I8N EAR, AR SC 5 VETE X L HE A 23 1 R I O e et L a0 S adE AT R A o0 1.

Table 4 Parsing performance of multiple methods on validation set of LIP

T4 AR HITVELE LIP R EE E R g Hr 45 R

ik Overall accuracy Mean accuracy Mean IoU
DeeplabV2™ 82.66 51.64 41.64
Attention!'"! 83.43 54.39 42.92
Attention+SSL! 84.36 54.94 4473
JPPNet!' 86.48 62.25 51.37
Ours 85.33 65.38 52.19

Table 5 Parsing performance of multiple methods on ATR dataset
R5 ARSI HETT A ATR ¥ £ LA fg e 45 R

ik Overall accuracy Mean accuracy Mean IoU
DeeplabV 2! 94.28 72.66 58.97
Attention!'"! 94.88 73.68 61.55
Attention+SSL!! 95.08 74.97 63.06
Ours 95.45 79.91 68.44

Attetion+SSL Groud truth
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Fig.5 The visualization of segmentation results upon the ATR dataset
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