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Research on scale—sensitiverepresentation for multi—person
pose estimation

ZHANG Dayong’, CHEN Yiming
(Digital Sports Professional Committee, Chinese Society of Technology Economics, Beijing100081,China )

Abstract: In recent years, the research of multi-person pose estimation based on deep learning has made
great progress. However, there remain huge challenges in coping with scale variation as well as
efficiently detecting and grouping multi-person pose keypoints. In order to improve the scale sensibility
of network and make a trade-off between speed and accuracy, we propose a scale-sensitive multi-person
pose estimation algorithm involving keypoint detection network. Combining high-resolution
representation and deformable receptive field, we design a multi-person keypoint feature extraction
module and updated the network iteratively. Moreover, we propose a heatmap-guided feature fusion and
refinement strategy to enrich multi-scale expression for the head of network. Applying adaptive detection
network to the classic method Associate Embedding, with 6.0% localization improvement on MSCOCO
validation accuracy, shows advantage on difficult poses and small scale keypoints detection.
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PR b, 51 I OG5 45 B AL

FEMEIREUVEER : DB-Module

3x3 3x3
©) ©)

1: Basic Block

2: Deformable Block
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B0 AR T J7 HE T 43 W) 2 DA AR 46 BRI RURAR 1Y
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(1) S S5 AR He DB-Module (137 45 5

R 22 2 v 25 S nT B Al X I v I 4% High-
erHRNet i#f 17 DB-Block i &= 5 #r 15 3| i) DBPose, J&
TR P 15351 66.83% [ mAP K& FE , HLAS —FE it
RIBETF 1.14% . I H AT 5 RO AR LA OC RS 4ni 4
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ﬁ{i %q:[x_xjéﬁ 5 M L 50 75 M L

mAP AP AP AP’ AP mAR AR AR"™ AR’ AR"

HRNet + AE  HRNet-w32 61.88 85.20 67.45 55.85 71.37 67.99 88.38 72.69 60.23 78.75
HigherHRNet HRNet-w32 65.69 85.85 7133 59.99 74.27 70.56 88.11 75.33 63.54 80.44
DBPose SSR-w32 66.83 86.12 72.75 61.40 75.76 71.69 88.71 76.62 64.99 81.28
CHED HRNet-w32 66.97 86.17 72.70 61.43 75.51 71.65 88.79 76.28 64.99 81.12
SSR-Pose SSR-w32 67.83 86.84 7331 62.35 76.12 72.57 89.29 77.06 66.11 81.66

K BURRAE Bl 4516 1F 5 W% A-Refine 5 90 % il & 9%
AR SC IR RUBE I8 22 N 254 11455780 SSR-Pose , il 1+
IR AL SRR R PR L A iR AR A, 2
MR Ja S ok B BAIR T BAE E mAP 155 67.83%.
555 — R B O o W 5 A L, 43 0 42 T 2.14% F
5.95% (- AR R RUBEFR AR AP 1 Ak I o 2 i ik

2.36% F16.50%

(2) FHIERL A A& IEB R A-Refine (1971 Al 5255

2 3 4RI SRS A REIE R G 8 TE R R AT
SR VEI, S A5 H 1,2 A HE T STN I DCN B3 11y
Adaptive Metrix fll DB-Module. 3£ 2% H 3 A fifi F
HR-Module 9 S Al CHE HE 00 i 3 BE R B TR A

3 BHIEREEERRKERER

g Aﬁi’l}rtii:e DB-Module Hf‘(gt“;‘j;ﬂe AP (%) AR (%)

mAP  AP®  APT  AP" AP* mAR AR  AR”  AR" AR*
1 J 67.34 86.66 73.05 6194 7576 7242 89.17 77.08 66.09 81.46
2 N 67.83 86.85 7346 6231 7631 7254 89.11 77.08 6587 81.98
3 N 67.83 86.84 7331 6235 7612 7257 8929 77.06 66.11 81.66

MG E G &, F 111 Adaptive Metrix FH
T R O PRI 0 AT T AR R Y SR
A REIRAG ARG B2 iz Ak AR R A . AR S
) DB-Module £ RE 15 £] 5 HR-Module 5 73 #F % & 1E
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=AY 9 A 6 HR-Module (Basic)., 48 3C SSR-

(a)HigherHRNet

P 5 v = b7 I A E R 2 L A R TR
R B i Jitter Bl iR 25 , R/ Swap S # iR 22

(b)DBPose
5 ARAEBEMRESSHIER

Pose 14 iz 2 WA HE B DL FH 25 70 43 3 i R ik
BB,
432 RZESHT

K H coco-analyze 15 25 73 At T HLP9XT JE o ) 2%
HigherHRNet™ A SCHY A5 E %37 BEAG U X 4% DBPose
LA K 07 FH AR AE Fill 185 1E SR B I 11 SSR-Pose 47 7E it
PEAN R 22T o 8 0 152 22 19 235 SR 02 A A Ty Azl 1)
LR AUTRAT , SR UEE I R A TR
PELLR XS e priR 25 a3

(¢)SSR-Pose

Fl Inversion ¥ #1525 , AR BUEZE AN L DL 4,
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x4 MEEMREVPEEREEE

i Jrit BT Good : Localization Frrors (%)
(%) Jitter Inversion Miss Swap
1 HigherHRNet HRNet-w32 71.7 10.7 32 6.1 2.3
DBPose HRNet-w32 7841 1081 3.1 59 1.8
SSR-Pose SSR-w32 7921 105 | 30! 551 1.8

W A% H 12 W5 E A B i AR TR R a7 A
Ht DB-Module B8 (55 53 HF 25 14 JC B SR ) 4%, 7T LA
BH ) 2% fif Mliss 15t s 12 22 Fll Swap A1 25 o X Ui HH X
AR SR )RR R U B A Ak [R] 5 4 A s 0 B R
FRUBE IR () e SR (R VR FH 22 A o B AR AR R 1)
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