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Global-local features fusion in human pose estimation algorithm

Mao Lin  Ren Chunhe Yang Dawei
(College of Mechanical and Electronic Engineering, Dalian Minzu University, Dalian 116600, China)

Abstract: Aiming at the problem that the existing human pose estimation algorithm has insufficient feature extraction
of the backbone network, which leads to the loss of key point feature information, a human pose estimation network
model (GLF-Net) combined with global-local feature fusion module is proposed. In order to obtain high-quality feature
maps in the feature extraction stage, the algorithm improves the backbone network ResNet-50 from the global and local
features, and designs a global polarization self-attention module and a local depth separable convolution module
respectively. At the same time, a parallel structure is used to embed the module that combines global position
information and local semantic information features into the Bottleneck layer of the backbone network, which can not
only enhance the feature extraction ability of the original backbone network, but also provide effective global and local
feature input for the subsequent Transformer network, thereby improving the performance of pose key point detection.
The model test is carried out on the public human pose estimation dataset COCO 2017 and MPII dataset respectively.
Compared with the benchmark algorithm (Poseur), the average accuracy of the pose key points is increased by 2. 1% ,
the average recall rate is increased by 1. 5%, and the proportion of correctly estimated key points (PCKh@0. 5) is up
to 90. 6. The experimental results show that the proposed algorithm is superior to the existing similar methods in the
accuracy of pose estimation, and can significantly improve the positioning accuracy of human pose key points.

Keywords: human pose estimation; feature extraction; global polarized self-attention mechanism; local depth-wise

separable convolution;global-local feature fusion
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1. 11. 0, Python 3. 8 #1 CUDA 11. 3,f{iff] 6 5k NVIDIA GeForce
RTX 4090 &4~ FF UL AN i A 2 Ak v A Y . 7E I 25
LAY B LR S B A 24, R ] AdamW 4L &%, 91 1R
2B T.5X10 L WA R 7.5X10 7, XF COCO il
MPII $di 4 , 21 2R R b 4008 4 v i BEVR R SE Hi 8
256 X192, W E YRR ECH 325 . AT e, &
2835 25 4~ epoch S PR AF — AR R RLEE , Ie 203 3 25 A HL AR
3K 8 1) 5 R PR R B 3 L DA ) e DA R P
RS 5 g R .

AR F LRI 2D A MR S 25 Al T e e G
SR R . COCO B 48 £ 20k FHOF ¥ 0 % AP
(average precision) {ELF1F 2 43 71 % AR (average recall) fE
AR RS 56 LA AN T RS B . AR L AP A
AR TE 2 38 e 5 T S a5 S O A A =2 IR Y B R
SRR, B LA S B 5 AH UM Cobject keypoint similarity,
OKS) , i SR IR &5/ T — 5 B T IA A 32 56 B 9 0F o AGx
T 75 A R 2 S A5 R BRI . OK'S, TR

Dlexpl—d: /25%6t 18 (v, =1

226, )

OKS, = (13)
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Hopr, p MEMEAR ID; i KA ID; d, A
N B BTG i A B 5 B0 6 B S0 B R BKIGEE 25 S,
RS ET BN AR AR o, RSO SIA
— W T 5 0, R p DA ADCHG R AT 0 N
T N TR

MPII A7 % H 89 PF ) b5 #E /&2 PCKh ( percentage of
correct keypoint of the head) , F T 15 5 8 i B9 IE #0511
W, e e S5 ARSI ERE N RER T,
RPSk &2 b 54N S B BE B, 78 — 8 BUE T it 8B ¢
HERER R, — O R ARSI R 0.5 fF1E
R EAE , Bl PCKh@O0. 5, AN —> 3G H i (9 Al 1 B 2 L5
B /N T B WA 2 OG5 s BE B AR T . 36 AR 1 B
HAHE S 0 B 1, (BB R R R B R I RO B 4 . PCKY
AKX RR N

> 5<d1,\ T

21
Her, p R p AN, T BARNT R ERBE, £
RN ke ABME d, RRE p DANBIH @ A SCHE R E
HANTAREEZ M RREEE , 45 RoRE p N ARYREE
W, 6 se® N sE AL
2.3 FEHRESN
Sk WSS A A G A L A SORE ACHE I 2% GLEF-Net 43 5
£ COCO 2017 Fl MPIL #ufii 46 EaEAT 1 XF be L 45 2R 7>
AN 1 MEFE 2 R, T 1 RBUA AR FEAERL 3 5 R
SimpleBaseline™’ ., Lite-HRNet™ ., AutoPose™ . Dite-
HRNet™ | ESBN""'| DistilPose'"”, HRFormer™ , X-
HRNET /Rl DPIT ", £ % J2& 5 7 4 i 37 Al B 42 1 1
GLF-Net BAIAE N AR L 25 A6 3T AT 55 b 09 10 81 Ak g
TEE Y B0 . T A% S8 1 A B Bl 48 T 45 (CNIND 21 5 T
Transformer WA, DL K 42 b % T i 200 1) IO 4% 45 449, 3
BIEE N E ST O BT — 2 R
£ 256 X 192 K/N 4T AT . GLF-Net 51 AT A&
ﬁ*ﬂ%* B 45 &, BE 9 41l 3R T8 3=\ 19 & )R R R AR
FERMIE bR RS BERE AL T AL AL 7 25, B AP {H

PCK! = 14
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R1 COCO2017 HFEEEARAETHLLER

1oAY Backbone Params GFLOPs AP AP AP” AP™ AP" AR
SimpleBase" ResNet-50 3.0 M 8.90 G 70. 4 88. 6 78.3 67.1 77.2 76.3
SimpleBase' ! ResNet-101 5.0 M 12.40G  71.4 89. 3 79.3 68. 1 78. 1 77.1
SimpleBase""’ ResNet-152 68.6 M 15.70 G  72.0 89.3 79. 8 68.7 78.9 77.8
Lite- HRNet™" Lite HRNet-18 1.I1M  205.2M  64.8 86. 7 73.0 62.1 70.5 71.2
Lite-HRNet™" Lite-HRNet-30 .8 M  319.2M  67.2 88.0 75.0 64.3 73.1 73.3

AutoPose'” AutoPose 10.65 G 73.6 90. 6 80. 1 69.8 79.7 78.1
Dite-HRNet™ Dite- HRNet-18 .1 M 0.2 G 65.9 87.3 74.0 63.2 71.6 72.1
Dite-HRNet™ Dite-HRNet-30 1.8 M 0.3G 68.3 88. 2 76. 2 65.5 74.1 74. 2

ESBN™* ResNet-34 33 M 21.3 G 72.0 91. 1 79. 9 68. 9 77.7 77.5
ESBNM ResNet-50 — — 72.3 91. 3 80.1 69.1 78. 2 77.8
ESBN-* ResNet-101 — — 72.6 91. 6 80. 5 69. 4 78. 4 78. 1
ESBNM ResNet-152 — — 73.3 91.3 80. 8 70. 1 78.9 78. 8
DistilPose-S"*” stemnet 5.4 M 2.38 G 71.0 91.0 78.9 67.5 76. 8 —
DistilPose-L'"""  HRNet-W48-stage3 21.3 M 10.33 G 73.7 91. 6 81.1 70. 2 79.6 —
HRFormer™" HRFormer-T 2.5 M 1.3G 70.9 89.0 78. 4 67.2 77.8 76. 6
HRFormer™” HRFormer-S 7.8 M 2.8 G 74.0 90. 2 81.2 70. 4 80. 7 79. 4
X-HRNET™" X-HRNET-18 1.3M  194.4M  65.1 86. 7 72.7 62.3 70. 9 71.2
X-HRNET™" X-HRNET-30 2.1 M 300.2M  67.4 87.5 75. 4 64.5 73.3 73.5
DPIT™ DPIT-B 20.8 M — 73.6 91. 4 81.2 70. 4 79.5 78.9
DPIT™” DPIT-L 38.0 M — 74.6 91.9 82.1 71.3 80. 6 79.9
Poseur™” ResNet-50 33.26 M 4.52 G 73.2 89. 2 79. 8 69.5 79.9 78.9
GLF-Net (4 30) ResNet-50 50.94 M 5.06 G 75.3 90. 9 82.3 71.7 81.7 80. 4
*2 MPUHEEERBFZETHIILLER(PCKh@O0.5)

F5 7R Backbone Head  Shoulder  Elbow Wrist Hip Knee Ankle Mean
SimpleBase" ResNet-50 96. 4 95.3 89.0 83.2 88. 4 84.0 79. 6 88.5
SimpleBase""’ ResNet-101 96. 9 95. 9 89.5 84.4 88. 4 84.5 80.7 89. 1

AutoPose"” AutoPose 96. 6 95.0 88.3 83.2 87.2 82. 8 78.9 88.0
PPTM PPT-S 96. 6 94. 9 87. 6 81.3 87.1 82. 4 76. 7 87.3
ppTHY PPT-B 97.0 95.7 90. 1 85.7 89. 4 85.8 81.2 89. 8

DPPT™ DPPT-S 96. 4 94. 9 88. 3 81.8 88. 2 83.0 78.3 87.9

k(18] — 96. 4 95. 2 89. 2 84.3 88. 8 84. 8 80. 4 89.0
TokenPose ! TokenPose-S 96. 0 94. 5 86. 5 79.7 86. 7 80. 1 75.2 86. 2
TokenPose** TokenPose-B 97.0 96. 1 90. 1 85. 6 89. 2 86. 1 80.3 89.7
TokenPose*”! TokenPose-L/D6 97.1 95.9 91.0 85.8 89.5 86. 1 82.7 90. 1
TokenPose"** TokenPose-L/D12 97.2 95.8 90. 7 85.9 89. 2 86. 2 82.3 90. 1
TokenPose*”! TokenPose-L/D24 97.1 95.9 90. 4 86.0 89.3 87.1 82.5 90. 2

DPIT-B™” DPIT-B 97.1 95.7 90.0 84.6 89. 4 85.9 80. 7 89. 6
DPIT-L/D6™" DPIT-L 96. 7 95.9 90. 8 85.9 89. 2 86. 0 82. 6 90. 1

Poseur™” ResNet-50 96. 3 96. 0 90. 8 85.7 89. 7 86. 7 82.0 90. 1
GLF-Net(A ) ResNet-50 96. 6 96. 4 91.1 85. 8 90.3 87.4 82.8 90. 6

A E] 75. 3%, AR {8 B ik B 80. 4 %0, UG T BT 1Y HE 152 = R[] 0 P 48 25 44 , Bt 2 4% 22 I 4% 2 0 38 Jn , T8 %
W% . SimpleBaseline™ J&— A~ FEfilt () % A5 A 1A 78, JLff ER PSR B 2 1 S 80 TR, X R
M E RS A L2 G SRR T B % Y LT R R 2% I R BE Al Sk A M RE R T
FF ™42 3% F T ResNet-50, ResNet-101 Hl ResNet- Lite-HRNet"™ | Dite-HRNet"? I X-HRNET™" #{ I , ix 2
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T # K

BERIHS 2B T HRNet GRi 73 JER W 40 R i B 1k, B 1
P = IR A B R o R R . R GLF-Net A
B2 9, B A SCHE L 2 38 51 AT B Rl 6 B PRI TE
Pk v R 45 4 L T LA SE G b 4 B2 O 325 Y RR AR AE , 52
PUASE R A A AN TSV PR 85 5 AutoPose ™ ML L 1%y
PR A 25 0 48 48 R A AR SR AL AL B B 454, ;X 55 GLF-
Net 8 3R & OB B & 110 B AR A — 3. B4R GLF-Net 1Y
SR A R H e B SR REFE AP AT AR TR A
FEIEWR T YA B ME, T AutoPose™ i T R4
] (4 38 K, W] fE T 45 2 3 0 R S 800 Bk RN AR B 1Y) &
PE R AR R T RSB RBENRE: S
ESBN"H H 3% 5 0k S — il 25 1) 25 -1 A 25 99 45, O 56
2 RUBERHAE B Rl 33 55 4 SCHRE 10 19 4 Ry R Jm) 35 R 11T il &
A — 2 WA AR 3 BEAR T 2 ) B P T
GLF-Net Z54 T B = J1 A6, AR5 0 4 T M 31k
B B RAE (S 555 DistilPose " #H b L 1% 07 ¥ 38 i AR 76
TR B A SN 3 my AR AN TH I M AR 33X 2 — b oA R A
TRAL RS . SR GLF-Net 2R T A [F] OB AR 1k 3R g
G BRI MG A G B, B AR R g
¥ . [l B PR fE 45 B 1t DistilPose ™ ¥ 47, 5 HRFormer™**' 4
W, iz B B85 & T & A BF R M 4 Rl Transformer,
HRFormer™ 2 LI % 1 H 1 & J1 ¥ Transformer & F fi
e, FF 0 40 0 24 1 R 2 FRAE R B, T GLF-Net 78 £ T
MeEhahd T HEBRDMBE RS HE LN
Transformer @t a5 32 4t T 57 £ & 09 A RR1E , 9F H H 7
R R T 32 S S HLH], HE— 25 B8k T REE 2 8] /Y fil
ERXE AL EEANR IR T AN ERA S
DPIT- " #f t , 1% 5 i Al AR J — A 45 & Transformer Y5
AL EAEL P SCELT AT LS M B LT 4 XA L
A, SR T GLF-Net 5] A T AR B &Rk A
T R Ry R B AT A BRI Rl A LR ol EC A Ak 2 OG
BRI E A O R BN A A B A R R LM RE T R
Rk,

# 2 7 GLF-Net 5 HAb AR LA 175 78 MPITL
REHAE 75 PCKh@0. 5 B4R 1E T B9 M8 Lh 42, 16 LA
A I L o B 4> W) 2R SimpleBaseline™ . AutoPose'™ .
PPT™ | DPPTM | 3C#ik [18]. TokenPose™ Fl DPIT™,
TER A RST R BE S 256 X192 M5BT . R4F GLF-Net 77
RTES B b B iR T A X L S R Y O (B AR SCAE Tk
TEFE AR A A T I U B B b SR = TA 1 90. 6, L JE ik v 48 78
f ¥ #5 PCKh fH 42 & T 0.5, S
AutoPose ™ \PPT"" [ DPPT""* 1 SCHk [ 18 14 B AH by, 45
XLEBIRLR TSR] 3 T 0 R AT I 24 R I {EL 8 2
TR AR D TERE LS Ok G, A SO B AE AN 6] B &
HBAL A HE AT R BE B B PG Tk LB AT, 3 S Bt MR AR SCAR AR
TE AL B AT 25 235 B RE 05 B A St F 1 S0 B 5 0 oL B 45 4
AT R TSI HERME, M5 TokenPose™
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5 SimpleBaseline

HI DPIT™ AT b A5 78 3k 30 F0 T Joi (19 15 20 i A 22 B, {2
GLF-Net 78 H At 5 7 1) K6 W0 75 43 147 Lb FL At 28 48 1) Jr ik 3%
PR RE AR LA . R, AR SO IR RR AR A B AR AL
BRI SR S 0, 7 e R T A S 25 A T S B s A 1)
HERR L GEEA TRk I et
2.4 HRRZIE

FENAR BSNS54 )R F7AF AR R AR 1E
YFREHEHREREXEE., AGESE COCO 2017 %4
A L AT W Rl Se B, R B 4 R R Ak B O 5 R R
AT A3 4 BB Tl A AR B (CSATF) 75 5 1F 48 B I B9 A &%
PE, G ASCEBUT Poseur 1F 9 £ MR WLl 5 AR
[A] A AR e P47 %3 FL 5286 . AR 5, C-Poseur 5 ¥ RS0
TR EBER BT W] 43 B A B L, SA-Poseur N HG| AT
AR Ak B B B, T GLEF-Net J7 ¥ )2 76 46 7 o ]
TR T & Rt Ak 7 2 AR 38 IR B AT 43 B A AL Y
A, I bR e R B M R AT LIVR A TR 4 R A
AE 5 Jad SRR AE Xt AR B2 Al T B 5 i

F3FEAR T 3MBEAE COCO 2017 $dii 4 b #sL
g A b B T G B Y M R AR bR . AL FE ST B R R
(AP) I 4 [ 3R (AR) , [A) iF S B4t T #5855 ) f
s e . 78 256 X192 % A R I K, C-Poseur Hil SA-
Poseur M1 % T J5 i Poseur J7 ik HUSE T — & AY R I 250 R
T, C-Poseur LW AP & T 1.6%, AR # & T
1.0%,SA-Poseur R AP ®E T L.9%. AR & T
1.4%., M5l A 4 JR-J 4% 1E fl & B (CSAF) i GLF-
Net J5 i B T 8 0y B 3 0 AR AGTHRCR . ik i
APHRET 2. 1% . AR#E T 1.5%.

x3 ETHEREENMEEFRAE COCO 2017
HiRE LR ERELE
g +FG-PSA+L-DSC Params GFLOPs AP AR

Poseur — — 33.26 M 4.52 G 73.2 78.9
C-Poseur — N/ 34.56 M 4.75 G 74.8 79.9
SA-Poseur  +/ — 49.64 M 4.83 G 75.1 80.3
GLF-Net N N/ 50.94 M 5.06 G 75.3 80.4

T HAF IO RS B AR SCHE SR 4 P HEAT TXT L
Sed . IGER BT LUE 3 Bl AN [R] A Rl SR AR TR —
SE TR 1A RE B2 T IR A5 A A R R L (E AR I Rl vk R R
AR BRI X 2 PR D 4 JR) R I 3 R AR AR TR R TR T
AR BRSO DI £ S o T g 08 410 A ) B S5G 32 7 4 5 IX B
SR AT BT A SCR T AR R 7 O R A S T
e AR PR AR AIE L R BTN AR SC B Y (0 B A S B A
RIS A 5y 2 2] B O s . T RS T R R e R
R U R JR) AR AT A T G A R L AT I TTIE N — A~ B
YERRRAE I . X MO IR BE S AR R B T T A R AE A9 AE B
(EL2 35 AIE 1] A 3 3 50, DA TR 0 A5 25 ) R 5 A A2 2 L e
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A A 5 A SR il D0 2 ol /A8 A A 11 v s o7 S A9 {1 3K T
B2 FELLLRHEE B R K.

R4 BREOAFERETHE COCO 2017

HIEEFMERIE
ViR Params GFLOPs AP AR
Poseur 33.26 M 4.52 G 73.2 78.9
HEHRA (Conca)  50.94 M 5.06 G 74.7 80.0
AT RS 50.94M  5.06 G 75.1 80.2
GLF-Net(Mifngt4) 50.94M  5.06G 75.3 80.4

Zf b 0T ARG T R R UL, AR
UEWT T 4 JR R AE 55 Jrg 38 R I AT AR IR 5 X T AR AR B2 X
BRI . GLF-Net @ id 254 2 R WA A=)
R B % E AT A5 AL BB 0 T Lo A 4R S (] 2% 8 X 3 A
SBE R ) BR A FA A R AT R i 1R A2 A N AR s o ofe
Btk R A A T R RE G 5C 1 B A b i G
A S T SR FS R RE AT 73 8 4 AR AT B T 40 A OC B AR
e PIE FE YRR (4% GLF-Net 72 % 55 1HE 55 1

A

Poseur

GLF-Net

(a) $+i&3’="a

SR 7R S SE R E I 5 T AR B — 5 1 R R
P 9 B2 TR RS BT P9 Cad g AR Bl R R
AR A I 7 AR ) 32 SR L T BRI R B AR AR BB ]
RE TC 12 S I R B B BT A OC B R, O 15 2 A AN T 5 R
Bl o(b) RAEE 5Tl T AMREEIEW ZHE . BRI R
BAAE, AT RE 2 T BOR AT A R ; 18] 9 (o) gt il T
X R LT SRR AL A A 3R O R W) R 2 3 A
Pl i ) 7 A O B A TR S B R B TR 14T 9 () 2 T AR
TEA [R) B BB T 2 22 AN [R] A9 RUE  [) I 2 52 i 2 XU
S5 R R 0 R 0 T TG I A e 3R S O R s A VE R 0

AT DL R B GLF-Net 75 HUS T8 47V 58 09 [R] B, 7645 KR 1 i %
ST R W M N T AR B R Y A S B g
AR R —E AT
2.5 AIHRHKER

g 2% W e 7R B B B GLE-Net 78 A 28 2548 11
BRI A A SEEE RIS ESEEE N, 56
—E M TEE 1, A SCHE COCO $ds 4 kA7 17 Al i
1k, I F IR 4 Poseur (19 1] #4025 R FEAT T XF 1o, DL gk xd
A JRy- JR R AE il A T 4% %) AR AT it IO A AR E AT B L
mE 8 Fia, g TR A2 AR LKA
BEEHINARLEEM TSR, P 8Ca) & B GER T 1Y%
AT B 8(b) 2 NP T MEEMIT:E 8(OREA
TEARFIA T BB B S(DRE NE LN T 30
Oy S LRSI, WE AT LLE Y, Poseur Al
GLF-Net BRI 272 B N IR 2 2 A5 5= T # e k17
NMEEARTE B GLF-Net 7R E & FEH W T, 8%
ot K 14 A S B s AR AT I B 04 AR, I o AR A 15 Y O Ak
M E, BE R TG 1. XERUACIRA
HHA — LR v LUAE R4 18 T PR RE R A1 A
WA R

[OFRi:5ES (d) REZW
B9 s R AT ILAL AR 2
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