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Abstract: Human pose estimation primarily relies on capturing joint points from visual image
information to obtain global posture information of limbs and torso. Currently, depth learning methods
based on visible light have high detection accuracy, but the risk of privacy leakage limits their practical
application. Infrared detectors of the same cost can highlight human targets more effectively, but due to
their lower imaging resolution and poor image quality, the detection accuracy is reduced. Inspired by
visual Transformers, this paper introduces MobileViT-FPN to extract key human body points, using
MobileViT to capture the relationship between local and global joint features, and then using Fixed
Pattern Noise (FPN) to aggregate these representational information at multiple scales. Combined with an
improved OpenPose for key point clustering, the estimated results are outputted. In the key point
cascading phase, the attention mechanism allows the model to adaptively focus on the area of interest,
enhancing the recovery of occluded parts. Experiments show that this method can real-time detect
infrared human targets with varying scales and partial occlusions, accurately depicting human posture.
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Fig.3 Infrared pose dataset annotation sample
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Fig.2 Diagram of human joints
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Fig.5 Structure of improved infrared human pose estimation algorithm based on MobileViT
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Fig.6 MobieViT-FPN network structure
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Fig.7 Convolution block network structure
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Fig.8 Comparison between OpenPose and the proposed model on the infrared pose dataset

[ 8 ELTAMNEZSEE A L OpenPose 5 AR SCIAY K% b

(e) other complex scenes of multi-person detection

Fig.9 Detection effect of the proposed model in different scenes

P9 A SCRAITE AR 7 5 AR BOR



55 7 KX : ETF MobileViT BRI S AR ESMEITE X 789

3.4.2 Z REFHE
7E T ™ 45 Fl I-OpenPose P 45 RS BL R, 9 0l S50 T R SR FEASELH 16 1) MobileVIT. F RFEREECHN 8 1Y
MobileViT Fl Mobile ViT-FPN(fil /5 Mobile ViT F REEAFECK 32, 16 1 8 R4 ) XI5 M , SCIGZE U 3 fIrs -
F2 A T ML XTI (%)
Table2 Effects of different backbone networks on model(%)

backbone AP AP*° AP*7 APM AP-
VGG19 39.0 93.7 17.3 40.7 38.8
MobileNetV2 40.3 93.0 18.3 41.7 39.6
Lite—-HRNet 41.2 94.9 19.8 43.2 39.7
MobileVit 42.4 93.7 24.1 43.4 42.5
MobileViT-FPN 42.9 94.9 24.1 44.9 42.5

F3 AT R IO 52 0 (%)
Table3 Effects of different down—sampling ratios on the model(%)

backbone downsample AP APM AP
L 8(48x48) 424 434 425
MobileViT
oorent 16(24x24) 229 21.0 27.1
MobileVIT_FPN 8(48x48) 429 44.9 425

TORFEAEEOK, HRIRHEEM B, BARHOENFRFESE, AmE TR AWM ERE, T RE16F
FYRRAE B AP AU 22.9% 5 T RAEMEEUN, MR RFRIEER M3 K, BERT N A0 B A BMHZM T XE
B, T OREE 8 AYARRE K AP IA F 42.4% .

3.4.3 HEREAHLGI

W 7€ 1-OpenPose W 4 (i A5 AL B OC 14 5647 i X, 03l T 75 50, A SCER DB ERIEEIAEE

TIHLH, 4 RN R ML ) S 25 R
4 ARIFIEE S B30 (%)

Table4 Effects of different attention mechanisms on the model(%)

backone attention AP APM AP*

— 429 449 425

SENet 43.2 45.0 43.0

MobileViT-FPN SANet 44.0 459 43.5
DANet 45.0 46.5 44.5

RSDANet 46.2 48.1 45.9

SENet!®! 5% FH i 38 7 2 HL ) F i 2l AR AE s Ak, JE Ll p AR AE Sk, HAP B SIAZ R m T
0.3 1~ H 43 1o SANet®SVfE 23 [w] A3l 18 73 2 S AL A 3L Rl L, SIA T RS0 41 530 38 B e, HACR LT SENet.
DANet A 18 38 38 78 2% S L] G 0 AGE I8 FRAE, IR A8 R VR R AL AR R AR IR e R, K
AP LB AZ RIS T 2104 E . IWE 10T, 5] A DANet )&, X T 5695 55 092 7 F s, HEEnLiE
A7 0 T 05, Al 10 B ZE A ZE F i on o MWEL LT AT, BI A DANet Z 5, A SCHASE Y 7 454 By B AR 0T L 41
(AT UN R A

AR SCHE DANet B FERE I, BIAGR 22450, D4R AE M ZREvE RO Pl 2k, MR AT AT, APIAE]46.2%, LK
EEW] 78 PAM I PCM 45> [y B (9 %5 AL B 5 51 A RSDANet BB, AR AVHR o 7 RS RS i B, 18 404k T PAF FiI
PCM [ 4, AL 80 B0 0 O 7 DG s X3, el 5 oF 388 4 6 49 a5 A A 0

4 G

ARSCHEH T — PR T MobileVIiT B9 Bk B 20 b AR Z S48 3. 106, i id MobileViT-FPN 15 21| 43 ¥ =5 H.
WG BE B RRE R R, AU T AR B SAG T RO ARG R B 1) 8, 38 RE 42 w3 %/ H AR B A4S
K, 7E1-OpenPose M Z&H1, 5| A RSDANet vE= I HLE, {F B4 B 36 W oG 1 A0 X, 8 T4 £ 5677 AR
PAEE T

RN . 8 — Sk S rh R R 22, et AR RS AR B S s B R, B4 M
KA HEIEA BT B . FER K BIBEIE TAE R, 75 535 5 A R e R R 3 e i AR S B9 R



790 XFZMESBRFEEER 922 %
N
20
(a) without DANet
(a) without DANet
di 9
o 0
(b) with DANet (b) with DANet
Fig.10 Heatmap of joints at different stages Fig.11 Heatmap of right thigh at different stages
B 10 A [RIB B S A B AR B AR R

S 230k
(1] e M3k LT HM AR 2D MAZSAMTTHEER[]. BT BRI, 2021,47(6):15-21. (QTAO Yi,QU Yi. Overview of

[2]

[3]

[4]

[5]

[6]

[7]

[8]

[9]

[10]

[11]

[12]

[13]

2D human pose estimation based on convolutional neural network[J]. Application of Electronic Technique, 2021,47(6):15-21.)
doi: 10.16157/j.issn.0258-7998.201087.

X 25 4, B TR, 4 bR . B F IR 24 ) B ARG T ik g2 (0], TFEHL TR SR, 2019(19):22-42. (DENG Yinong,
LUO Jianxin,JIN Fenglin. Overview of human pose estimation methods based on deep learning[J]. Computer Engineering and
Applications, 2019(19):22-42.) doi:10.3778/j.issn.1002-8331.1906-0113.

TOSHEV A,SZEGEDY C. DeepPose:human pose estimation via deep neural networks[C]// 2014 IEEE Conference on Computer
Vision and Pattern Recognition. Columbus,OH,USA:IEEE, 2014:1653-1660. doi:10.1109/CVPR.2014.214.

CARREIRA J,AGRAWAL P,FRAGKIADAKI K, et al. Human pose estimation with iterative error feedback[DB/OL]. (2015-07-
23)[2022-08-09]. https://arxiv.org/abs/1507.06550. doi: 10.48550/arXiv.1507.06550.

WEI S E,RAMAKRISHNA V,KANADE T,et al. Convolutional pose machines[C]// 2016 IEEE Conference on Computer Vision
and Pattern Recognition(CVPR). Las Vegas,NV,USA:IEEE, 2016:4724-4732. doi:10.1109/CVPR.2016.511.

NEWELL A, YANG Kaiyu, DENG Jia. Stacked hourglass networks for human pose estimation[J/OL]. Springer International
Publishing, 2016:483-499. doi:10.1007/978-3-319-46484-8_29.

CHEN Yilun, WANG Zhicheng, PENG Yuxiang, et al. Cascaded pyramid network for multi—person pose estimation[C]// 2018
IEEE/CVFE Conference on Computer Vision and Pattern Recognition. Salt Lake City, UT, USA: IEEE, 2018:7103-7112. doi:
10.1109/CVPR.2018.00742.

FANG Haoshu, XIE Shuqin, TAI Y W, et al. RMPE: Regional Multi-person Pose Estimation[C]// 2017 IEEE International
Conference on Computer Vision(ICCV). Venice,ltaly:IEEE, 2017:2353-2362. doi:10.1109/ICCV.2017.256.

SUN Ke,XIAO Bin,LIU Dong, et al. Deep high—resolution representation learning for human pose estimation[C]// 2019 IEEE/
CVF Conference on Computer Vision and Pattern Recognition(CVPR). Long Beach, CA, USA: IEEE, 2019: 5686-5696. doi:
10.1109/CVPR.2019.00584.

LI W,WANG Z,YIN B, et al. Rethinking on multi—stage networks for human pose estimation[DB/OL]. (2019-01-01)[2022-08-
09]. https://arxiv.org/abs/1901.00148. doi: 10.48550/arXiv.1901.00148.

INSAFUTDINOV E,PISHCHULIN L,ANDRES B, et al. DeeperCut:a deeper,stronger, and faster multi—person pose estimation
model[C]// The 14th European Conference. Amsterdam, the Netherlands: Springer International Publishing, 2016: 34-50. doi:
10.1007/ 978-3-319-46466-4_3

PISHCHULIN L, INSAFUTDINOV E, TANG Siyu, et al. DeepCut: joint subset partition and labeling for multi person pose
estimation[C]// 2016 IEEE Conference on Computer Vision and Pattern Recognition(CVPR). Las Vegas,NV,USA:1EEE, 2016:
4929-4937. doi:10.1109/CVPR.2016.533.

NEWELL A, HUANG Zhi'ao, DENG Jia. Associative embedding: end—to—end learning for joint detection and grouping[C]//



55 7 KX : ETF MobileViT BRI S AR ESMEITE X 791

Proceedings of the 31st International Conference on Neural Information Processing Systems. [S.l.]: Association for Computing
Machinery, 2017:2274-2284.

[14] CAO Zhe,SIMON T,WEI S,et al. Realtime multi-person 2D pose estimation using part affinity fields|[DB/OL]. (2016-11-24)
[2022-08-09]. https://arxiv.org/abs/1611.08050. doi:10.48550/arXiv.1611.08050.

[15] KREISS S,BERTONI L, ALAHI A. PifPaf: composite fields for human pose estimation[C]// 2019 IEEE/CVF Conference on
Computer Vision and Pattern Recognition(CVPR). Long Beach, CA, USA: IEEE, 2019: 11969-11978. doi: 10.1109/CVPR.
2019.01225.

[16] CHENG Bowen,XIAO Bin,WANG Jingdong.et al. HigherHRNet:scale—aware representation learning for bottom—up human pose
estimation[C]// 2020 IEEE/CVF Conference on Computer Vision and Pattern Recognition(CVPR). Seattle, WA, USA:IEEE, 2020:
5385-5394. doi:10.1109/CVPR42600.2020.00543.

[17] MEHTA S, RASTEGARI M. Mobilevit: light—weight, general-purpose, and mobile—friendly vision transformer[C]/ IEEE
Conference on Computer Vision and Pattern Recognition(CVPR). 2021. doi: 10.48550/arXiv.2110.02178.

[18] SANDLER M,HOWARD A,ZHU Menglong,et al. MobileNetV2:inverted residuals and linear bottlenecks[C]// 2018 IEEE/CVF
Conference on Computer Vision and Pattern Recognition(CVPR). Salt Lake City,UT,USA:IEEE, 2018:4510-4520. doi:10.1109/
CVPR.2018.00474.

[19] LIN T Y,DOLLAR P, GIRSHICK R, et al. Feature pyramid networks for object detection[C]// 2017 TEEE Conference on
Computer Vision and Pattern Recognition(CVPR). Honolulu,HI,USA:IEEE, 2017:936-944. doi:10.1109/CVPR.2017.106.

[20] BISWAS K.KUMAR S,BANERJEE S,et al. Smooth maximum unit:smooth activation function for deep networks using smoothing
maximum technique[C]// IEEE Conference on Computer Vision and Pattern Recognition(CVPR). New Orleans, LA, USA:IEEE,
2021:784-793. doi:10.1109/CVPR52688.2022.00087.

[21] FU Jun,LIU Jing, TIAN Haijie,et al. Dual attention network for scene segmentation[C]// IEEE Conference on Computer Vision
and Pattern Recognition(CVPR). Long Beach,CA,USA:IEEE, 2019:3146-3154.

[22] HE Kaiming, ZHAGN Xiangyu, REN Shaoqing, et al. Deep residual learning for image recognition[C]// IEEE Conference on
Computer Vision and Pattern Recognition(CVPR). Las Vegas,NV,USA:IEEE, 2016:770-778.

[23] SIMONYAN K,ZISSERMAN A. Very deep convolutional networks for Large—Scale image recognition[DB/OL]. (2014-09-04)
[2022-08-09]. https://arxiv.org/abs/1409.1556. doi: 10.48550/arXiv.1409.1556.

[24] YU Changgian, XIAO Bin, GAO Changxin, et al. Lite—HRNet: a lightweight high—resolution network[C]// 2021 IEEE/CVF
Conference on Computer Vision and Pattern Recognition(CVPR). Nashville, TN, USA:IEEE, 2021:10435-10445. doi: 10.1109/
CVPR46437.2021.01030.

[25] HU Jie, SHEN Li, SUN Gang. Squeeze—and—Excitation networks[C]// 2018 TEEE/CVF Conference on Computer Vision and
Pattern Recognition. Salt Lake City,UT,USA:IEEE, 2018:7132-7141. doi:10.1109/CVPR.2018.00745.

[26] ZHANG Qinglong, YANG Yubin. SA—Net: shuffle attention for deep convolutional neural networks[C]// ICASSP 2021—2021
IEEE International Conference on Acoustics, Speech and Signal Processing(ICASSP). Toronto, ON, Canada: IEEE, 2021:2235-
2239. doi:10.1109/1CASSP39728.2021.9414568.

EEE N

WX (1998-), B, fEERM A, EEIR
I 1M A AR A7 AR email:zwy1005713095@163.
com.

®BTCA993-), FH, WL, TEW, FEET
] A £E AN G AR BREE A .

Xl B§1995-), &, Wi+, TR, FERN
0] A 2L AN B8 B AT IER A 1 .

EFRE(1962-), B, H+, #E, BEAET,
FE B 5T ) A BB TR U A R 4 L I g o
W AR M aREEE . RS AEYRAE R
EREHLIE S IR G M R 5. BUNRMLER N RS

ET#1990-), B, Wi+, Brs R, BhFEEsE,
T EAGE T ) AR A B AL . E AR
M. MLaser ) R B9 UF 58 T4k .

FEkWR1990-), FB, #HL, ETWIFRFHNAT
Bhe . KGRI EEE .

A % (1989-), B, m-b, TR, FEEMFR I
] Ay R A B



