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Engineering , Nanjing University of Posts and Telecommunications , Nanjing 210003, China)

Abstract: To achieve more accurate positioning of human body key points, a human pose estimation model and algorithm are introduced
based on a high-resolution detection network (HRNet) with a waterfall shaped cavity spatial convolution module and Transformer. Firstly, a
waterfall like hollow space convolution module is constructed to replace the fourth stage of HRNet, reducing the problem of large parameter
quantities caused by the fusion of features at different scales and extracting multi-scale features more efficiently ; Then, a Transformer based
on self attention mechanism is introduced to process the extracted high—level features, and feature enhancement is achieved by capturing the
non local interaction relationships of key points in the global space to obtain global information. The experiment shows that when the input im-
age resolution is 256 X 192, the proposed model improves AP by 2.4% and 2.3% respectively compared to the HRNet-W32 and HRNet—W48
baseline models with a decrease in parameter count.
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Fig. 1 HRNet model
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Fig.2 Feature fusion with different resolutions
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Fig.3 Improved overall network structure
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Fig. 4 Waterfall type hollow space convolution module
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Table 2 Comparison of experimental results on the COCO02017 validation dataset
F2 COCO2017WIEERHERILE

Ty Backbone Inputsize Params/M GFLOPs AP APY AP APY AP* AR

CPN ResNet—50 256%192 27.0 6.20 68.6 - - - - -

CPN+OHKM ResNet—50 256%192 27.0 6.20 69.4 - - - - -
SimpleBaseline ResNet—50 256%192 34.0 8.90 70.4 88.6 78.3 67.1 77.2 76.3
SimpleBaseline ResNet-101 256%192 53.0 12.4 71.4 89.3 79.3 68.1 78.1 77.1
mk[25] HRNet-W32 256%192 17.5 4.60 723 88.1 79.5 68.7 79.1 77.9

mk[26] HRNet-W32 256x192 30.7 8.09 74.8 - - 71.2 81.7 -
HRNet-W32 256x192 28.5 7.10 73.4 89.5 80.7 70.2 80.1 78.9
et HRNet-W48 256x192 63.6 14.6 75.1 90.6 82.2 71.5 81.8 80.4
HRNet-W32 256x192 17.3 11.2 75.8 92.5 82.7 73.1 80.0 78.6
o HRNet-W48 256x192 275 17.8 71.4 93.6 84.8 74.1 82.0 80.1

Table 3 Comparison of experimental results on the COCO02017 test

dataset
£3 COCO2017 MR LXMW LR LA
xi] Backbone  Inputsize Params GFLOPs AP APY AP"
CPN ResNet=50  384x288 - - 72.1 68.7 772
CPN+OHKM  ResNet-50 384x288 - - 73.0 69.5 78.1

SimpleBaseline ResNet—-152 384x288 68.6M 157 73.7 70.3 80.0

k[ 17] HRNet-W32 384x288 30.7M 182 753 71.8 81.3
HRNet-W32 384x288 28.5M  16.0 749 713 809
HRNet
HRNet-W48 384x288 63.6M 329 755 719 815
HRNet-W32 384x288 17.3M 17.5 752 72.6 79.8
our
HRNet-W48 384x288 27.5M  23.8 763 74.1 81.7
Table 4 Results of ablation experiments
=4 HRELKHER
B1 B2 B3 Params AP
Baseline(HRNet—-W32) 28.5 73.4
N x N 8.5 74.2
N N N 17.3 75.8
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Fig. 5 Visualization results of human pose estimation
B5 AEESHTATRLER

51 A 228 1 25 (8] 46 FURBL L Transformer [ AR 245
PV, e — L3R T T PO OG5 AL RS R . 1R A =X
23 ) 2 () 5 AR B ) i — J2 A0 3 AN ) RUBE RN B R
ALY T 0 2% S sz 0L BT 3 e B g Ak o ) KR I 2 )2
UCRAIER 7S o X T R IO A e J2 R A A P T S s AL )
DR R) P 25 E)RH DG PR A 7 R, L4 TP A 7 00 O B
[OACR:DE )

1E COCO2017 %5 I £E 1 45 R R W, A SCHE T AH ¢ T
HRNet-W32 Fl HRNet-W48 H 28 #5041 | [ Uali /0> 1 45 7Y 2
B, Ul AP 43 B4R R 2.4% . 2.3% , U T RIFRIGCR . TR
ot — AR AL A B B, DU TSRS

S5 3Lk -

[1] DUAN H, ZHAO Y, CHEN K, et al. Revisiting skeleton—based action
recognition [ C]// Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition, 2022: 2969-2978.

[2] WEIWL, LINJC, LIUTL, etal. Capturing humans in motion: tempo-
ral-attentive 3D human pose and shape estimation from monocular video
[C1/ Proceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition,2022: 13211-13220.



142

BAE 5 A

2024 4

[4]

[5]

(6]

[7]

[9]

[10]

[11]

[12]

[14]

[15]

LIAO R, YU S, AN W, et al. A model-based gait recognition method
with body pose and human prior knowledge [J]. Pattern Recognition,
2020, 98: 107069.

ANDRILUKA M, ROTH S, SCHIELE B. Pictorial structures revisited :
people detection and articulated pose estimation [ C 1/ Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition,
2009: 1014-1021.

LADICKY L, TORR P H S, ZISSERMAN A. Human pose estimation us-
ing a joint pixel-wise and part-wise formulation [ C]// Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition,
2013: 3578-3585.

ZHANG X K, ZHANG R F, LIU Y H. Human pose estimation based on
secondary generative confrontation[J]. Advances in Lasers and Optoelec-
tronics, 2020, 57(20) : 335-343.

RRI RES, MFL. AT kAR IRGARESSET]]. %
Kbk T, 2020, 57(20): 335-343.

TOSHEV A, SZEGEDY C. Deeppose: human pose estimation via deep
neural networks [ C]// Proceedings of the IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition, 2014: 1653-1660.

CAO Z, SIMON T, WEI S E, et al. Realtime multi—person 2D pose esti-
mation using part affinity fields[ C ]/ Proceedings of the IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition,2017: 7291-7299.

LIJ, WANG C, ZHU H, et al. Crowdpose: efficient crowded scenes pose
estimation and a new benchmark [ C ]/ Proceedings of the IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition, 2019: 10863—
10872.

CHENG B, XIAO B, WANG J, et al. HigherhrNet: scale—aware repre-
sentation learning for bottom—up human pose estimation [ C]// Proceed-
ings of the IEEE/CVF Conference on Computer Vision and Pattern Recog-
nition,2020: 5386-5395.

CHEN Y, WANG Z, PENG Y, et al. Cascaded pyramid network for
multi-person pose estimation [ C ]/ Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition, 2018: 7103-7112.

XIAO B, WU H, WEI Y. Simple baselines for human pose estimation
and tracking[ C]// Proceedings of the European Conference on Computer
Vision, 2018: 466-481.

HE K, ZHANG X, REN S, et al. Deep residual learning for image recog-
nition [ C ]/ Proceedings of the IEEE/CVF Conference on Computer Vi-
sion and Pattern Recognition,2016: 770-778.

SUN K, XIAO B, LIU D, et al. Deep high—resolution representation
learning for human pose estimation [ C ]/ Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition, 2019: 5693—
5703.

WANG J, SUN K, CHENG T, et al. Deep high-resolution representa-
tion learning for visual recognition [J]. TEEE Transactions on Pattern

Analysis and Machine Intelligence, 2020, 43(10) : 3349-3364.

[16]

[17]

[18]

[19]

[26]

LU X, ZHANG J H. A survey in human pose estimation methods based
on neural networks[J]. Software Guide, 2020,19(10) :46-49.
Fu, KR R T A2 W % e AR RS T R T]. S
Fl, 2020,19(10) : 46-49.
MAZY, PENGRY, SUN X H, et al. Review of human pose estimation
technology research based on OpenPose [J]. Software Guide, 2022, 21
(11):247-252.
oA, Habla, IMEs, 5§ . KT OpenPose 9 AR L S5 3HH R AF
gom (1], HAFFF], 2022,21(11):247-252.
QIAO Y, QU Y. Overview of 2D human pose estimation based on convo-
lution neural network [J]. Application of Electronic Technique, 2021,47
(6):15-21.
feil, Wi, AT EBRAPZE ML 2D AKRESE R[] BT
A ,2021,47(6):15-21.
WU J H, ZHOU F, LI L L. Human pose estimation based on stacked
hourglass network [J]. Computer System Applications, 2021, 30(10) :
295-300.
XEE, AR, Firie. ATHERDRMLHGARLESHEH] 3
HAuke A, 2021, 30(10):295-300.
XU W. Human pose estimation based on deep learning[D]. Chengdu:
University of Electronic Science and Technology of China, 2021.
HFah . KA TFTREZIGAKLESEF[D] R & FHIKRFE,
2021.
TAO HY, JIANG X Y. Human pose estimation network based on multi—
scale bottleneck layer[ﬂ. Software Guide, 2022,21(12):21-25.
AT, 0. AT 3 REMFAZGARESHIT R[] #4
F7), 2022,21(12):21-25.
VASWANI A, SHAZEER N, PARMAR N, et al. Attention is all you
need[ DB/OL]. https://arxiv. org/abs/1706. 03762.
ZHAO S, FENG Z, CHEN L, et al. DANet: a semantic segmentation
network for remote sensing of roads based on Dual-ASPP structure [ J].
Electronics, 2023, 12(15): 3243.
LOSHCHILOV I, HUTTER F S. SGDR: stochastic gradient descent
with warm restarts[ DB/OL]. https : //arxiv. org/abs/1608. 03983.
ZHU C T, LI B. Human pose estimation based on high-resolution net-
works [J]. Journal of South—Central Minzu University: Natural Science
Edition, 2023, 42(2):229-237.
REF,FWH. ATEHEIMERLEHARLERII] PoaREX
FER A RAF, 2023, 42(2):229-237.
REN H P, WANG W M, WEI D J, et al. Human pose estimation meth-
od based on high resolution network [J]. Journal of Graphics, 2021, 42
(3): 432-438.
Ry, 2L, ik, F. AT SR ERGHARESE
&[] B2, 2021, 42(3): 432-438.

(304 2 4 2 30 55 )



