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Lightweight Multiplayer Pose Detection Model with Improved YOLOpose
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Abstract:2D human posture estimation is of great significance for safety production,intelligent interaction and other research. Aiming
at the current human posture estimation model with large computation and slow detection speed, this paper proposes a lightweight im-
provement algorithm based on the YOLOpose model. Firstly,the GSConv convolution module, which is more delicate in operation, is
introduced to replace the ordinary Conv convolution, which greatly reduces the model computation and complexity ; then the UPSample
module is replaced by the CARAFE module to complete the up-sampling work,and at the same time,the CBAM attention mechanism
module is introduced to avoid the problem of reduced accuracy brought by the model lightweighting. The experimental results show
that after the YOLOpose model is improved by the above lightweighting , the model volume is reduced to 135. 6MB, which is reduced
by about 15.8% ,and the GFLOPS is reduced to 86. 9, which is reduced by about 15. 0% , with a significant reduction in the model
computation volume,and then the addition of the CBAM attention mechanism has a small effect on the model accuracy,and the im-
proved model can ensure the accuracy of recognition and also realize the lightweight of the detection algorithm.
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Table 2 Ablation experiments
mAP@ mAP@ GFLOPs -%illyN

Model

0.5 0.5:.0.95 /NMB
YOLOpose 0.937 0.724 102.2 161.1
YOLOpose + CARAFE 0.94 0.728 102.3 161.3
YOLOpose + CARAFE +GSConv = 0.935  0.72 86.9 135.6
YOLOpose + CARAFE +
GSConv + CBAM 0.936 0.723 87.1 135.7
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Table 3 Performance comparison of mainstream algorithms

BRZ R mAP@0.5(% ) FPS
HRNet!¢! 86.3 9
Openpose 84.9 10
Alphapose! ™! 89.6 12
Deeppose 61.8 15
YOLOpose 93.7 31
¥ YOLOpose 93.6 39

PR BI S ORI SE AR Y — 48 AR RS AT
BRI TREE mAP 13 BELR S 18in LA Be B 6E.
3.5 MEEZENEERE

T RIEA SCRBUR B HER B A B, BT
X ELSEH , STHOHE R 45 B RERY YOLOpose %Y &5 COCO
2017 %oiE &5 b Fo A e HEARE B Y - S408 BE A0 A6 T BE REAT L
B, LRERINK4 P

R4 BHEEEREN L

Table 4 Performance comparison of improved algorithms

B oOm mAP@0.5(% ) FPS
HigherHRNet!1°! 88.2 7
EfficientHRNet-H*! 82.6 23
LightweightOpenPose!?!! 62.8 26
LCSA-YOLOpose[?! 89.0 33
YOLOpose 93.7 31
¥3# YOLOpose 93.6 39
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Fig.6 Comparison of model detection before and

(b))t e

after improvement
MK 4 TTLLEH , ACHHEA) YOLOpose #28 mAP {H X
R A B A B, B U B R B AR, 55 R AR 4 X
YOLOpose ()3 #E8% LCSA-YOLOpose A H 48 U4 BE Fi 3

FEHRA BB A S IER A SCR AR5 A GSConv FEFH ., CA-
RAFE b3RFBSN R BV RA BT RRCR

e HE R B B BEAT A T B, S0 6 BT

&l 6 HZEMI% YOLOpose JEUBE Bl 255 WM RE , B
M AR R G JE A WBCR B, X HLSC B B 4 H R 3R
B HRESHEA. B 1 HRE NESMIT, B~ A hET
e R HERT R T B , MO B T AR BT E
WM 50 2 AR A B oA 2 NS, R el i,
WHEE RN T R U, X/ BAREIE A RS, B A
Hr MM AR 3 ARER A 0T A B, FERER,
H BB/ R HE RO 8 AT R4S 4 5 28 4 B 4
PRAB AR, ARHE R SR B RO AS o) (B R R T8
B RIS BEBURA ST, BAG BEA S FRAR. BAAEE
WHEEH R —E R R, (BB LR BT IA B/ B iR
TSI SE fnEdsh , [7 RSSO B2 AR T e, 15 2 S PG I 75
R, EEBRAELVRGHE.

4 LRE

HTRAMESMH TR AR NS HEREK, AF
FRATEBS LRI , 5t %X AR, 430k YOLOpose 15
BHTRBKE , ¥ GSConv H U .CARAFE | RAEHE
5] YOLOpose # & H, X R $2 B T 4 U 2 &2, 7] B
CBAM R AHUHIFI AMEEDR R TSNS . TN R L %6 R
T YOLOpose 5| AB LS, 5 H Al 1 B X LR
T YOLOpose BRI M A, 5 AU BHAE R X LR T &
SO R R BOR , BE 8 R R SRR DI SR R
R T LRI IIE BE R, 45 B A SO R YOLOpose 2
FEREMEE FRAF HEaREAER FEERER
BRI R B A,

References:

[ 1] Toshev Alexander, Szegedy Christian. DeepPose ; human pose esti-
mation via deep neural networks [ C ]//Proceedings of the 27th
IEEE Conference on Computer Vision and Pattern Recognition
(CVPR) ,2014 :1653-1660.

[ 2 ] Papandreou George,Zhu Tyler, Kanazawa Nori, et al. Towards ac-
curate multi-person pose estimation in the wild [ C]//Proceedings
of the IEEE Conference on Computer Vision and Pattern Recogni-
tion( CVPR) ,2017 :49034911.

[ 3 ] Kumar Chandan, Ramesh Jayanth, Chakraborty Bodhisattwa, et al.
VRU pose-SSD: multiperson pose estimation for automated driving
[J]. Proceedings of the AAAI Conference on Artificial Intelli-
gence,2021,35(17) :15331-15338.

[ 4 ] Fang Haoshu, Xie Shuqin, Tai Yuwing, et al. RMPE ;regional multi-
person pose estimation[ C ]//Proceedings of the IEEE International
Conference on Computer Vision( ICCV) ,2017 ;2334-2343.

[ 5] Chen Yilun, Wang Zhicheng, Peng Yuxiang, et al. Cascaded pyra-
mid network for multi-person pose estimation[ C]//Proceedings of
the IEEE Conference on Computer Vision and Pattern Recognition
(CVPR) ,2018.7103-7112.

[ 6] Sun Ke,Xijao Bin,Liu Dong, et al. Deep high-resolution representa-
tion learning for human pose estimation [ C]//Proceedings of the

IEEE/CVF Conference on Computer Vision and Pattern Recogni-



172 VN

B R HENLER A

2025 £

tion( CVPR) ,2019 :5693-5703.

[7] Beletti F,Chen Y H, Oerlemans A, et al. MoveNet single pose:
model card[ EB/OL ]. Google Ronny Votel ( Google Research) ,
Next-Generation Pose Detection with MoveNet and TensorFlow. js,
https . //storage. googleapis. com/movenet/MoveNet. Singlepose \%
20Model \% 20card. pdf,2021.

[ 8] LIJ. A study of bottom-up multi-person posture estimation methods
[D]. Hefei: University of Science and Technology of China,2021.

[ 9 ] Luo Zhengxiong, Wang Zhicheng ,Huang Yan,et al. Rethinking the
heatmap regression for bottom-up human pose estimation [ C]//
Proceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition( CVPR) ,2021 ;13264-13273.

[10] Cheng Bowen, Xiao Bin, Wang Jingdong, et al. HigherHRNet .
scale-aware representation learning for bottom-up human pose esti-
mation[ C]//Proceedings of the IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition( CVPR) ,2020:5386-5395.

[11] Kreiss Sven, Bertoni Lorenzo, Alahi Alexandre. PifPaf; composite
fields for human pose estimation [ C]//Proceedings of the IEEE/
CVF Conference on Computer Vision and Pattern Recognition

(CVPR) ,2019:11969-11978.

[12] Cao Zhe, Simon Tomas, Wei ShihEn, et al. Realtime multi-person
2D pose estimation using part affinity fields[ C]//Proceedings of
the IEEE Conference on Computer Vision and Pattern Recognition
(CVPR) ,2017 :7291-7299.

[13] Maji Debapriya,Nagori Soyeb ,Mathew Manu, et al. YOLO-pose ;en-
hancing YOLO for multi person pose estimation using object key-
point similarity loss[ C]//Proceedings of the 2022 IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition ( CVPR),
2022 :2637-2646.

[14] Wang ChienYao, Bochkovskiy Alexey, Mark Liao HongYuan.
YOLOV7 ; trainable bag-of-freebies sets new state-of-the-art for re-
al-time object detectors[ C]//Proceedings of the IEEE/CVF Con-

ference on Computer Vision and Pattern Recognition ( CVPR) ,
2023 .7464-7475.

[15] Han Kai, Wang Yunhe, Tian Qi,et al. GhostNet; more features from
cheap operations[ C]//Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition Seattle 2020 .1577-1586.

[16] Li Hulin,Li Jun,Wei Hanbing,et al. Slim-neck by GSConv:a bet-
ter design paradigm of detector architectures for autonomous vehi-
cles[J].2022,doi:10. 48550/ arXiv :2206. 02424.

[17] Wang Jiaqi,Chen Kai, Xu Rui, et al. CARAFE; content-aware Re-
Assembly of FEatures[ C]//Proceedings of the IEEE/CVF Inter-
national Conference on Computer Vision,2019.3007-3016.

[18] Woo Sanghyun , Park Jongchan,Lee JoonYoung, et al. CBAM ; con-
volutional block attention module [ C ]//European Conference on
Computer Vision,2018.3-19.

[19] Fang H S,Li J, Tang H, et al. AlphaPose: whole-body regional
multi-person pose estimation and tracking in real-time [ J]. IEEE
Transactions on Pattern Analysis and Machine Intelligence, 2022,
45(6) .7157-7173.

[20] Neff Christopher,Sheth Aneri,Furgurson Steven,et al. EfficientHRNet
efficient scaling for lightweight high-resolution multi-person pose
estimation[ J]. 2020 ,doi ; 10. 48550/arXiv. 2007. 08090.

[21] Osokin Daniil. Real-time 2D multi-person pose estimation on CPU.
lightweight OpenPose[ J].2018,doi10.48550/ arXiv.1811. 12004.

[22] WANG M H,XU W M,JIANG H K. An improved lightweight hu-
man pose estimation algorithm [ J]. Liquid Crystal and Display,
2023,38(7) :955-963.

By sh 30 5 SOHK

(812 {& ARMAENEARSMHEITIFHERID]. S FEHN
FFARKEF,2021.

(22] £&4, HRBH, BRH. —FHUENBEREARESMITE R
[3]. W5 B , 2023 ,38(7) :955-963.



