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Abstract: To address the challenges of strong stages coupling,insufficient multi-scale feature representation,and limited parsing preci-
sion in multi-human parsing, a deeply fused instance-category features parsing algorithm is proposed. Firstly, the algorithm defines cod-
ing sets for human body parts,keypoints,and clothing accessories in the feature space and applies deformable attention to effectively
learn human multi-scale features. Secondly,the multi-scale features are used as shared semantic information to achieve unified repre-
sentation of instance and category features. Finally , cross-attention is introduced to deeply fuse instance and category features, genera-
ting accurate multi-human parsing results. Experimental results on the MHP V2.0 dataset show that AP?, and PCP,; are 51.2% and
55.6% respectively ,which are improved by 1.9% and 2. 7% compared with the state-of-the-art methods. These results indicate the
effectiveness of the method in recognizing and accurately parsing human parts and clothing accessories at various scales, significantly
improving parsing precision. Furthermore , the results on the CIHP dataset further validate the robustness of the proposed algorithm.
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W4 ReSParser ¥ 25 A i b7 4T 45 B4Ry J22 R Ak 454 951 0 1)
B A AR AL A R EAR T AL, B M E 4
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Flowchart of multi-human parsing algorithm for deep fusion of instance and category features
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PTAST AE SE R N R P A R . RSOl i Y R R R A
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AL PR A2 BRI B R 3 B 3 ST
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FEH AP}, FI APS. Hovp AP RORTEZ AN EHSLEHMZHF I
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BAE ToU B{E I B A 50% 0, T il 45 2 9 1A O 2 1E 84 1
B 5 1E B0 £% A7 19 15 LB B 43 B (Percentage of Correctly
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TEBTA TR B & Eb. BLE 3 iR e bRt A T BT 45
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PyTorch fE R IR 2 S fESL. SR S K E T —3%
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12 4~ epoch YE—%8. 7E55 27 MFA%E 33 ) epoch I, ¥522 5
R EIFRM 1710, I T H:RexT E 24
3.3 ZWHEREXLESHT
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AT SR UEAS S B AL SR AT RS HE P R Ry T R AR
B EAE R E PR I 2 AT B4 MEP V2.0 | 531
FEFATRF B A XU B L B B o B 5 i T
TREER I, SRMFE 1 R
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Table 1 Quantitative results on MHP v2. 0 dataset
Pk ETH% YIZREEIK  APY, AP§, PCPy
BB A W T s
M-CE2P[ ResNet-101 150 42.7 34.5 43.7
SNT[20- ResNet-101 - 42.5 34.4 43.5
RP-RCNN!'"l  ResNet-50 150 46.8 45.3 43.8
AlParsing!’] ResNet-101 75 46.6 43.2 47.3
BB R E Ok
PGN!Y- ResNet-101 - 35.5 17.6 26.9
MHParser!?)  ResNet-101 - 36.1 18.0 27.0
NAN(8] - 80 41.8 25.1 32.3
DSPF*] ResNet-101 150 44.3 39.0 42.3
BBk
ReSParse-*- ResNet-101 75 42.7 34.3 43.7
ClParsing[?!  ResNet-101 75 46.3 40.9 52.0
SMp!¢] ResNet-101 36 48.2 47.1 51.5
UniParserl'7]  ResNet-101 36 49.3 51.2 52.9
Ours ResNet-101 36 51.2 50.8 55.6

1 MR R B PR, TRIZFR KA.

MWEFIUEFH , R REZ A RR LY RAT
BEMEERER. BATS, SHARBH B LT RIRE R
UniParser' "/ 4 b , 48 7 B A0 6 TR AL AT 2006 5 $8 47 AP,

FIRITT 1.9% ()N 49.3% RILE) T 51.2% ) , RUATT ik
TEZA oU B{EAME T , BRI AR — L E =i 2 BT BE.

BEAh TEANRTE SRR BT IE B P38 4% PCPs b, A7
HERIT 2.7% (M 52.9% $-F+F) 55. 6% ) , iE W HAE X 53 F0
ST N [R]85 SCRR AL (ARG /IR BE AR AL AR A< BL U6 ) 5 T
FEANVERS. BARTETE IR APY B OGRS R, B3 T
50.8% R K, B T AERRATRE HERE b AL E LA B
LEI7 HA R SR R SR R I TR 3

NRE— B WA ST R R A SN 2 T R A I 5,
YEILT CIHP'™ B AT VR4S 15 04T 26T 2 ASRAT I i
19 3 N EAEIE AT AP, APS, Fil PCPy, B B X ELET R AN 2
7R

#2 7E CIHP R4 HIyERER
Table 2 Quantitative results on CIHP dataset

Ik FETM% Y4k APY, AP§, PCPg
BB T F vk

P-RCNN[#] ResNet-101 75 55.9 69.1 66.2

M-CE2P-1] ResNet-101 150 48.9 54.7 -

SNT -2/ ResNet-101 - 52.0 58.9 -

RP-RCNN[!!-  ResNet-50 150 58.3 71.6 62.2

AlParsing’®!  ResNet-101 75 60.3 75.2 68.5
BB A IR 7

PGN! '] ResNet-101 - 35.5 17.6 26.9

H Bk

ReSParserl®]  ResNet-101 75 56.4 69.2 65.0

ClParsing- 2~ ResNet-101 75 59.6 74.6 69.3

SMp!s! ResNet-101 36 57.3 71.7 64.5

UniParserl”] ResNet-101 36 60.4 75.9 69.0

Ours ResNet-101 36 62.1 75.7 71.5

T RUAFR S TURI, T RIRFE AR YA,

M LAE A SO e R AN RS A7 LS
T BFEART. Bk, SBE kA L, AR SO AR A TR
5 APL fl PCPyy B4y BIARTHT 1. 7% (W 60. 4% 427+ =
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Fig.2 Qualitative results on MHP V2.0 dataset
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Fig.3 Qualitative results on CIHP dataset
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Table 3 Validity of each module on MHP v2. 0 dataset

wmom APy, AP, PCPy,
Baseline 34.6 15.9 27.3
Baseline + M 36.6 19.0 28.1
Baseline + M + IC 47.5 46.2 52.4
Baseline + M +IC + F 51.2 50.8 55.6

A 3CTE MHP V2. 0 B4 EXREMBITEIRILT T Ma-
trix-NMS %f bLSC5 , 45 R 03% 4 Fis , T 2SI AJER K
#il (Non-Maxinum Suppression, NMS ) 73 72, 45 8 ) {4 e 45 #5
BIAS KA. S5RH—PWUE T A7 AR, [F et
T B % NMS-free Feit: , B TCTH K #1S AL BB TR R AT 230
S E 2 AT

F4 £ MHP 2. 0 #n4E L5k NMS-free [R5 3t
Table 4 Validity of NMS-free on MHP v2. 0 dataset

NMS AP, AP, PCPy,
N 51.2 50.8 55.6
Y 51.2 50.8 55.6
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Table 5 Model runtime results on the MHP v2.0 val set

Fik a1 it (8] (ms)
SNT!] 3546
B i)~ Jik M-CE2Pt!] 1023
RP-RCNN!''- 341
MHParser(2'] 1224
B Rk NANT8] 997
PGN!?] 524
ReSParser!*- 110
TR B UniParser! ") 102
A5 154

B804 B TR i) T A0 RS 1)U B 3 O TR Y
B, XA AT e R BO T RCRMRT . IR 5 fias, 43
AMIFEBTHE LT BT LA, Fet#E g Tm F
BRI BE R, HE B 2N MR R B TR R
% RP-RCNN [ 5. 5 5B B 7 & ReSParser # b, 4~ 3058
LE BN NMS S B RE, EAIr R R AT 7.3% . B,
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