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Abstract: Human pose estimation is one o 6\
and development trend in the field of human p stimatibn, this paper first introduces the classic human pose estimation

algorithms based on convolution, and discusses th

it reviews the latest algorithms based

public datasets and model evalyat
average accuracy is more th
dataset of Microsoft Co

structure have their own advahfgges and disadvantages.

asic principles and algorithm improvements of each algorithm. Then,
e S’ Attention Model (Transformer). Finally, it introduces the commonly used
1ators. Several classical algorithms are selected for comparative analysis. The
the dataset of Max Planck Institute Informatik (MPII), and more than 60% in the

jeCts in Context (COCO). It is concluded that both convolution structure and Transformer
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1 5|5 (Introduction)
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WRZ IR R KR, BANESMTHR 84 2 I K18
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RIEET R E I AT BB BB AR PRI R 2
EACH., BAERMMLE . ARSI 5T AR
B v BT PG I Y 75 v SR AR B vk, BT Ak
i [ AT R A B A A LS, (il T T AR bR R
TR E B BORR R RYE, B B/l ERITET A2
BT, BTRAEIEYTE, WEE—NEETE
B P T R AR A S, R IR A DA B = R
SRR SR L
F1BALESHEUTEEXNXLE
Tab.l Comparison of single—person estimation algorithms
Jiik (9= 353
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ZRA T AL AR AN AR A A A
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RAHE SRR, SR

HAT, 2 NESMITERIERN %, R g w4
B GBI AL R, RN A T T (Top—

HJE R _E(Bottom—Up)PiFh ik, B T I
PR A I A, P B A A 5 08 X 3 P R 8 A 1
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Tab.2 Comparison of advantages and disadvantages of

top—down and bottom—up methods
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Fig.1 Intermediate supervision
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Fig.2 Simple baselines network
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Fig.3 High—resolution network
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Fig.4 TFPose network

LI%HR g 5 F 92 1B Transformer ) % 2591 51 (P
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THEARMA TS A Z NSRS, Hf, MPIEIESE
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PEER, RIMFAL L TH W AFEIRE,

nd evaluation
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Tab.3 Single—person pose estimation dataset
Bt G /AE RN/ FARR(Z)) /oK P31

31 Flickr N #/9 4 5%
LSP 2010 14 2,000 Pap

B MHFSENS” B
FLIC 2013 10 20,000 PPttt

PennAction™ 2013 13 2,000 YouTubef i 45
(361 Sk A S E R SRR 4
JHMDB 2013 15 1,000 HMDBS1

MPIIE” 2014 16 25,000  YouTubedliti

UL

®4 B ANETMHITBES

Tab.4 Multi—person pose estimation dataset

sk AEBY /AR RN/ RSB /K b3
37 YouTube 47 Hr #H
MPII 2014 16 25,000 P e
38 K. W, Flickr
COCO 2014 17 330,000 R
HKD™ 2017 14 300,000 I A
PoseTrack™ 2018 15 500 LS RERIRE

o T A A R ORI, A 4 AR TR
OPCK: IEWXHEEME AL, BE B, BT
SR R B BB E N, WNER., OPCP: IEH
WA H . BT 3 SR R R R R, 5 B
ST I RS E MR R, PINIERE, OPDJ. KeWF iy
AT, T A B B g, eI T E A
TSN, ®O0KSy 5T SMBLIE, COCO%
%ﬁ%&%ﬁ%ﬁﬁ~i§%ﬁoﬁ¢,om%ﬁ%&ﬁﬂ
K301,

l_exp{—d; / 25,2;0'1-2}5(Vpi >0)
>..6(v,>0)

HA, ﬂ?ﬁgﬂl:%}\; pIFRHE NI — A K dpy
m SR R SR T (7 S AR O B AR AR A W
7 75‘ 2

(1)

' 2 / 2
<:& 2 (e = or) + (0= o)+ vy = 1R A L

b ELEARYE, Vpi = 220708 N X B BERS E EARYE 5
R T 4 R S A A AT, SRR AT AR

¢ RUZEHT, Sp=Vwh, whRHIBMRERMTE. & o k5 K

R AU Y A — AR T, AT AR — AR
6 SEIGZEERYTEE (Comparison of experimental results)
FSLE i — LB N LA RIETEMPIE RS LY Sedn gk
BXFLE, PAO.SEEMPCK AT MR, THE A 2B R4
HPIERERE . R6%4 Hh— 22 NI HETECOCOK &
LRSI RAT L, DAOKS AN TEAR, 1B A XS
IR RE
R5 BALSHUTEXZAEMPIEEES LRI
Tab.5 Results of single—person pose estimation algorithm
on dataset MPII

Sk AEGY /4R T-HIR%E /%
IEF 2015 81.3
CPM 2016 88.5
Hourglass 2016 90.9
HRUs 2017 91.5
SGANPose 2018 91.8
Simple baselines 2018 91.5
FPD 2019 91.1
HRNet 2019 92.3
Adversarial semantic 2020 94.1
TFPose 2021 90.4
PRTR 2021 89.5
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Tab.6 Results of multi—person pose estimation algorithm
on dataset COCO

ik Jitk By /AR RS/ %
RMPE HTE T 2017 61.8
G—RMI ENENY 2017 64.9

CPN HTE 2018 73

HRNet ERIERN 2019 75.8
Adversarial semantic ENIERY 2020 75.2
PRTR HTE T 2021 73.3
TransPose SN EEY 2021 75.3
HRFormer ENADEN 2021 75.6
OpenPose ENE R 2017 61.8
Associative Embedding A b 2017 65.5
PersonLab H Ik 2018 68.7
HigherHRNet Bl E 2019 70.5
LA (DirectPose) B L 2021 74.8

MESHATLAR H, Ui(Hourglass) W 45 FE A HL AR KT 45
MAEF R R I LG T ROR I %M, MPIUEE 4 i~ kg
B RB90% ., ZJa HANBT TR R Kt fA EARE “ TR
Fe—ERAE” BV IRIE B0 BT HIR I, 4 fa] 5 2 o) 245 B
AL — IR o XAk R AR RN BT, R
MM &R 4RO iz Az, FRZ Afidi(Bottleneck)
Z5K, HR AR R x TR IRYERE, ?i‘%}ﬁi_ﬁ%?%

W7 SUR BT, i ST R BUE 2 45
IRYESE . WORIUZ 5 e RS AT P R B REE S
—MERET Y A, HRNet# L EMH L, RIE

(IN x NEF, B x TSRNG4 T @b i, IT4F
Ja
b —/_“EE
5

BO7E AR R B U BT L O 2 e AR 585 5
B, QN TR 5 R 4G i,

YERIPEARAR EL A R 22, N R IR 2 T ) R B
SRS M RS B A AR RS, AT AL A SR AR,
B S A T i AR T B B N, Sk
TRIBHAE, XA AR AR B & 1 RRAE R A BE O AR 47 Hh 4R
SRR, BEMERN XY A, BIKA Bk R THRES
o g BT KT R, TR AR R AR Z I LN R
TR, M2 X EamEE, SEORER, W
R, WA A ARIRFIN AL X A B 50 R A B R R B
ik, WE—AMERHEN T,
TransformerfE ZEAA v H i N AT AR J& — A B A 55
Fml, MEEH I AF Y, H T Transformer’y ¥ B Fatnk I
SETHER T ENIRRBHAEFF . HRFormerFHRNet
AR b, B Transformer 8544 J5 , [ R M 2%
W NETE . Transformers B @ 7E B P Gl i1y, BAH
BITE R U8 B B e iE RO 454, (HRTES (T 55
BT, BB ARTUS R B R T . MEES
FRAEAS B A5 25 [R)SE  RE S MR i, ) B R L 2 [ SR I i A

LR i ()33 AN BE R A M PR AR AE R AR, W3R 5 Ab 3B
FHEPFEAL, 507 R8N Transformerd@ B ASETHRILE %
e, W, AU IR RS LM 4R, FacebookH
FERE UL (ConvNe XU S A4 45 AR 4 M A H th BV A it
YT A, EAERFUBAL IR Pk % 38 (Large Scale Visual
Recognition Challenge, ILSVRC)E14 42504 FiRE| T
H RIS Top—1WHER %R, ET M, & 5Transformer,
WEER T, FRECATF R E TSRS,
7 %518 (Conclusion)

gi brd, ARESMITHIUR KR T IRE AT N ERE,
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BREAARE, B s, MERSERAETS A
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