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Design and implementation of edge-based
human action recognition algorithm
based on ascend processor

Zhao Dongdong, Lai Liang, Chen Peng’, Zhou Hongchao, Li Yiran, Liang Ronghua

College of Computer Science and Technology, Zhejiang University of Technology, Hangzhou, Zhejiang 310023, China

Abstract: Aiming at the problems of existing human action recognition algorithms such as insufficient accuracy,
large amount of calculation, and lack of deployment on edge devices, this paper proposes an edge-side lightweight
human action recognition spatial temporal graph convolutional algorithm based on the Ascend processor. By
designing an implicit skeletal connection method and constructing an implicit adjacency matrix, combined with the
natural skeletal connection adjacency matrix, we create an explicit-implicit fusion spatial graph convolution. A
spatial attention mechanism is added to the temporal dimension, enabling the model to focus on spatial features of
joint positions across different frames. Furthermore, we design a temporal graph convolution to construct a
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spatiotemporal graph convolution. Additionally, the Ascend-Enisum operator is designed within the network to

perform tensor fusion operations, reducing computational complexity and lightening the model. Experimental

validation on the KTH dataset demonstrates that, compared to the classical single-stream ST-GCN algorithm, our

model achieves a 22.28% reduction in computational cost while attaining a Top-1 accuracy of 84.17%, representing

a 5% improvement. Based on this algorithm, we have designed the Ascend Al human action recognition system,

which has been successfully deployed on edge devices for real-time human action recognition.

Keywords: edge human action recognition; ascend processor; spatial temporal graph convolutional; lightweight
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Table 1 Comparative experiments on the KTH dataset

Algorithm Top-1/% Params/M Flops/G
ST-GCN 79.17 3.68 5.88
AS-GCN 83.08 7.00 10.69
ST-TR 83.83 11.51 13.88
PoseConv3D 85.67 3.23 16.1
This paper 84.17 3.01 4.57
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Table 2 Ablation experiments on the KTH dataset

Algorithm Top-1/% Params/M FLOPs/G Epochs/4t
ST-GCN (EC+TC) 79.17 3.68 5.88 50
EC+TC+AE 81.67 2.93 457 50
EC+TC+IC 82.50 3.79 5.88 50
EC+TC+SA 83.33 3.68 5.88 50
Ours (EC+IC+TC+AE+SA) 84.17 3.01 4.57 50
2 | e/ o | L
1 L EZR A
IRk i
/ Atlas200
B, / ¥ H B b

(S

i 10

Fig. 10 Device structure diagram

Atlas200

H AL FRSS
1
FEBHEMA

240072-10


https://doi.org/10.12086/oee.2024.240072

, S5 JEHL T #E, 2024, 51(6): 240072

https://doi.org/10.12086/0ee.2024.240072

Pose Estimation

Voting result: handclapping

Handclapping

Motion + Prediction Skeleton + RGB

A 11
Fig. 11

PR YOLOVS B3k A4l 1T OpenPose 3%, ¥

i1 YOP-Ascend-STGCN %43, ¥ H:%
b, ST SRR ARSI
PR AR

3% 2 55 b 1
SEERUE, AC
BIAABIVE A B ARG E AT L

FRE ST ARSI R G
S5 3CRR

[1]

[2]

[3]

[4]

[3]

[6]

[7]

[8]

Li Y D, Xu X P. Human action recognition by decision-making
level fusion based on spatial-temporal features[J]. Acta Opt Sin,
2018, 38(8): 0810001.

Zetfifk, RERT. BT A - R R Rl & 1 R AT
WA ez, 2018, 38(8): 0810001.

Sun Z H, Ke Q H, Rahmani H, et al. Human action recognition
from various data modalities: a review[J]. |IEEE Trans Pattern
Anal Mach Intell, 2023, 45(3): 3200-3225.

Chen C, Liu K, Kehtarnavaz N. Real-time human action
recognition based on depth motion maps[J]. J Real-Time
Image Process, 2016, 12(1): 155-163.

Li C K, Hou Y H, Wang P C, et al. Joint distance maps based
action recognition with convolutional neural networks[J]. [EEE
Signal Process Lett, 2017, 24(5): 624-628.

Kumar S S, John M. Human activity recognition using optical
flow based feature set[C]//2016 IEEE International Carnahan
Conference on Security Technology (ICCST), Orlando, 2016:
1-5.

https://doi.org/10.1109/CCST.2016.7815694.

Leng J X, Tan M P, Hu B, et al. Video anomaly detection
based on implicit view transformation[J]. Comput Sci, 2022,
49(2): 142-148.

AR, T, B, . ST R A A A R R[],
LR, 2022, 49(2): 142-148.

LiG Y, Li C G, Wang W J, et al. Research on multi-feature
human pose model recognition based on one-shot learning[J].
Opto-Electron Eng, 2021, 48(2): 200099.

ZEE A, BRI, EHEIL, . JE T RREAR S S I ZRE ARETS
RERLRSIRFSR[J]. Dt T/, 2021, 48(2): 200099.

Wu H B, Ma X, Li Y B. Spatiotemporal multimodal learning

Dﬂjﬁ

(9]

[10]

(1]

[12]

[13]

[14]

[19]

[16l]

240072-11

= .- Inputs of ascend-STGCN
1] ¢

| ]

Pose Estimation

Votlng result: handwaving

Handwaving

Motion + Prediction Skeleton + RGB

R ShVE e R34 XA A

Screenshot of inference results for simulated actions

with 3D CNNs for video action recognition[J]. /EEE Trans
Circuits Syst Video Technol, 2022, 32(3): 1250-1261.

Liu Z Y, Zzhang H W, Chen Z H, et al. Disentangling and
unifying graph convolutions for skeleton-based action
recognition[C)//Proceedings  of the 2020 IEEE/CVF
Conference on Computer Vision and Pattern Recognition,
Seattle, 2020: 140—-149.
https://doi.org/10.1109/CVPR42600.2020.00022.

Cheng K, Zhang Y F, He X Y, et al. Skeleton-based action
recognition with shift graph convolutional
network[C]//Proceedings of the 2020 IEEE/CVF Conference
on Computer Vision and Pattern Recognition, Seattle, 2020:
180-189.

https://doi.org/10.1109/CVPR42600.2020.00026.

Xie Y, Yang R L, Liu G X, et al. Human skeleton action
recognition algorithm based on dynamic topological graph[J].
Comput Sci, 2022, 49(2): 62-68.

BT, Mt s, AL, 55, F2F oS FNE AR B 2L s R
B[] AR, 2022, 49(2): 62-68.

Liu BL, Zhou S, Dong J F, et al. Research progress in skeleton-
based human action recognition[J]. J Comput-Aided Des
Comput Graphics, 2023, 35(9): 1299-1322.

XTI, JRIAR, A, 5. S TR ARA ARSI ER I AR5 i
JELL. VAL B T S EDE 244, 2023, 35(9): 1299-1322.
Law H, Deng J. CornerNet: detecting objects as paired
keypoints[C]//Proceedings of the 15th European Conference
on Computer Vision (ECCV), Munich, 2018: 765-781.
https://doi.org/10.1007/978-3-030-01264-9_45.

Duan KW, Bai S, Xie L X, et al. CenterNet: keypoint triplets for
object detection[C)//Proceedings of the 2019 IEEE/CVF
International Conference on Computer Vision (ICCV), Seoul,
2019: 6568-6577.

https://doi.org/10.1109/ICCV.2019.00667.

Zhu C C, He Y H, Savvides M. Feature selective anchor-free
module for single-shot object detection[C]//Proceedings of the
2019 IEEE/CVF Conference on Computer Vision and Pattern
Recognition, Long Beach, 2019: 840-849.
https://doi.org/10.1109/CVPR.2019.00093.

Zhu C C, Chen F Y, Shen Z Q, et al. Soft anchor-point object
detection[C]//Proceedings of the 16th European Conference


https://doi.org/10.3788/AOS201838.0810001
https://doi.org/10.3788/AOS201838.0810001
https://doi.org/10.1109/TPAMI.2022.3183112
https://doi.org/10.1109/TPAMI.2022.3183112
https://doi.org/10.1007/s11554-013-0370-1
https://doi.org/10.1007/s11554-013-0370-1
https://doi.org/10.1007/s11554-013-0370-1
https://doi.org/10.1007/s11554-013-0370-1
https://doi.org/10.1109/LSP.2017.2678539
https://doi.org/10.1109/LSP.2017.2678539
https://doi.org/https://doi.org/10.1109/CCST.2016.7815694
https://doi.org/10.11896/jsjkx.210900266
https://doi.org/10.11896/jsjkx.210900266
https://doi.org/10.12086/oee.2021.200099
https://doi.org/10.12086/oee.2021.200099
https://doi.org/10.12086/oee.2021.200099
https://doi.org/10.12086/oee.2021.200099
https://doi.org/10.1109/TCSVT.2021.3077512
https://doi.org/10.1109/TCSVT.2021.3077512
https://doi.org/https://doi.org/10.1109/CVPR42600.2020.00022
https://doi.org/https://doi.org/10.1109/CVPR42600.2020.00026
https://doi.org/10.11896/jsjkx.210900059
https://doi.org/10.11896/jsjkx.210900059
https://doi.org/10.3724/SP.J.1089.2023.19640
https://doi.org/10.3724/SP.J.1089.2023.19640
https://doi.org/10.3724/SP.J.1089.2023.19640
https://doi.org/10.3724/SP.J.1089.2023.19640
https://doi.org/10.3724/SP.J.1089.2023.19640
https://doi.org/https://doi.org/10.1007/978-3-030-01264-9_45
https://doi.org/https://doi.org/10.1007/978-3-030-01264-9_45
https://doi.org/https://doi.org/10.1007/978-3-030-01264-9_45
https://doi.org/https://doi.org/10.1007/978-3-030-01264-9_45
https://doi.org/https://doi.org/10.1007/978-3-030-01264-9_45
https://doi.org/https://doi.org/10.1007/978-3-030-01264-9_45
https://doi.org/https://doi.org/10.1007/978-3-030-01264-9_45
https://doi.org/https://doi.org/10.1007/978-3-030-01264-9_45
https://doi.org/https://doi.org/10.1007/978-3-030-01264-9_45
https://doi.org/https://doi.org/10.1109/ICCV.2019.00667
https://doi.org/https://doi.org/10.1109/CVPR.2019.00093
https://doi.org/10.12086/oee.2024.240072

A4 2 S TR, 2024, 51(6): 240072

https://doi.org/10.12086/0ee.2024.240072

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

on Computer Vision, Glasgow, 2020: 91-107.
https://doi.org/10.1007/978-3-030-58545-7_6.

Ma L, Gou Y T, Lei T, et al. Small object detection based on
multi-scale feature fusion using remote sensing images[J].
Opto-Electron Eng, 2022, 49(4): 210363.

O AT, TR, S R T 2 RS RHMERA 19 R E 5N B AR
K], JEH TR, 2022, 49(4): 210363.

Girshick R, Donahue J, Darrell T, et al. Rich feature
hierarchies for accurate object detection and semantic
segmentation[C]//Proceedings of the 2014 IEEE Conference
on Computer Vision and Pattern Recognition, Columbus, 2014:
580-587.

https://doi.org/10.1109/CVPR.2014.81.

Girshick R. Fast R-CNN[C]//Proceedings of the 2015 IEEE
International Conference on Computer Vision, Santiago, 2015:
1440-1448.

https://doi.org/10.1109/ICCV.2015.169.

Peng H, Wang W Q, Chen L, et al. Few-shot object detection
via online inferential calibration[J]. Opto-Electron Eng, 2023,
50(1): 220180.

PR, B, Bie, 5. FELAMEWTROERY/IMVEA B AR [J]. O
i T, 2023, 50(1): 220180.

Liu W, Anguelov D, Erhan D, et al. SSD: single shot MultiBox
detector[C]//Proceedings of the 14th European Conference on
Computer Vision, Amsterdam, 2016: 21-37.
https://doi.org/10.1007/978-3-319-46448-0_2.

Lin TY, Goyal P, Girshick R, et al. Focal loss for dense object
detection[C]//Proceedings of the 2017 IEEE International
Conference on Computer Vision, Venice, 2017: 2999-3007.
https://doi.org/10.1109/ICCV.2017.324.

Chen X, Peng D L, Gu Y. Real-time object detection for UAV
images based on improved YOLOv5s[J]. Opto-Electron Eng,
2022, 49(3): 210372.

M, 32455, 23 F. 2EF et YOLOVSs L AHLIENZR S H bk
R[], JeH TR, 2022, 49(3): 210372.

Zhao D D, Xie D H, Chen P, et al. Lightweight YOLOV5 sonar
image object detection algorithm and implementation based on
ZYNQ[J]. Opto-Electron Eng, 2024, 51(1): 230284.

WAL, W, BRI, 55, 2R T ZYNQ RY§2 3816 YOLOVS iy
PG B ARG K S BRJ]. Sl T, 2024, 51(1): 230284.
Fang H S, Xie S Q, Tai Y W, et al. RMPE: regional multi-
person pose estimation[C]/Proceedings of the 2017 IEEE
International Conference on Computer Vision, Venice, 2017:
2353-2362.

https://doi.org/10.1109/ICCV.2017.256.

Debnath B, O’Brien M, Yamaguchi M, et al. Adapting
MobileNets for mobile based upper body pose
estimation[C]//2018 15th IEEE International Conference on
Advanced Video and Signal Based Surveillance (AVSS),
Auckland, 2018: 1-6.

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[39]

[36]

[37]

240072-12

https://doi.org/10.1109/AVSS.2018.8639378.

Qiao S, Wang Y L, Li J. Real-time human gesture grading
based on OpenPose[C]//2017 10th International Congress on
Image and Signal Processing, BioMedical Engineering and
Informatics (CISP-BMEI), Shanghai, 2017: 1-6.
https://doi.org/10.1109/CISP-BMEI.2017.8301910.

Kipf T N, Welling M. Semi-supervised classification with graph
convolutional networks[C]//Proceedings of the 5th International
Conference on Learning Representations, Toulon, 2017.

Zhao L, Song Y J, Zhang C, et al. T-GCN: a temporal graph
convolutional network for traffic prediction[J]. IEEE Trans Intell
Transp Syst, 2020, 21(9): 3848-3858.

Klaus J, Blacher M, Giesen J. Compiling tensor expressions
into einsum[C]//Proceedings of the 23rd International
Conference on Computational Science, Prague, 2023:
129-136.

https://doi.org/10.1007/978-3-031-36021-3_10.

Zhao D D, Zhou H C, Chen P, et al. Design of forward-looking
sonar system for real-time image segmentation with light
multiscale attention net[J]. IEEE Trans Instrum Meas, 2024, 73:
4501217.

He Y C, Zhan Y G, Xu G Q, et al. Progress in the application
of OpenPose technology for human pose estimation in
rehabilitation[J]. Chin J Rehabil, 2023, 38(7): 437-441.

TYets, e, VPHE, 55, ALl OpenPose HiAERE
S N TR ]. TP IEI S, 2023, 38(7): 437-441.

Qi Y M, Chen S Y, Sun L. Two-stream CNN fall detection
based on improved ViBe algorithm[J]. Comput Eng Des, 2023,
44(6): 1812-1819.

RO, AR, PINEE. BEF G ViBe S U CNN RS K
. THEHL TR S 3T, 2023, 44(6): 1812-1819.

Yan S J, Xiong Y J, Lin D H. Spatial temporal graph
convolutional networks for skeleton-based action
recognition[C]//Proceedings of the 32nd AAAI Conference on
Artificial Intelligence, New Orleans, 2018: 912.

Li M S, Chen S H, Chen X, et al. Actional-structural graph
convolutional networks  for  skeleton-based action
recognition[C)//Proceedings  of the 2019 IEEE/CVF
Conference on Computer Vision and Pattern Recognition,
Long Beach, 2019: 3590-3598.
https://doi.org/10.1109/CVPR.2019.00371.

Plizzari C, Cannici M, Matteucci M. Skeleton-based action
recognition via spatial and temporal transformer networks[J].
Comput Vision Image Underst, 2021, 208-209: 103219.
https://doi.org/10.1016/j.cviu.2021.103219.

Duan H D, Zhao Y, Chen K, et al. Revisiting skeleton-based
action recognition[C]//Proceedings of the 2022 |IEEE/CVF
Conference on Computer Vision and Pattern Recognition, New
Orleans, 2022: 2959-2968.
https://doi.org/10.1109/CVPR52688.2022.00298.


https://doi.org/https://doi.org/10.1007/978-3-030-58545-7_6
https://doi.org/https://doi.org/10.1007/978-3-030-58545-7_6
https://doi.org/https://doi.org/10.1007/978-3-030-58545-7_6
https://doi.org/https://doi.org/10.1007/978-3-030-58545-7_6
https://doi.org/https://doi.org/10.1007/978-3-030-58545-7_6
https://doi.org/https://doi.org/10.1007/978-3-030-58545-7_6
https://doi.org/https://doi.org/10.1007/978-3-030-58545-7_6
https://doi.org/https://doi.org/10.1007/978-3-030-58545-7_6
https://doi.org/https://doi.org/10.1007/978-3-030-58545-7_6
https://doi.org/10.12086/oee.2022.210363
https://doi.org/10.12086/oee.2022.210363
https://doi.org/10.12086/oee.2022.210363
https://doi.org/10.12086/oee.2022.210363
https://doi.org/https://doi.org/10.1109/CVPR.2014.81
https://doi.org/https://doi.org/10.1109/ICCV.2015.169
https://doi.org/10.12086/oee.2023.220180
https://doi.org/10.12086/oee.2023.220180
https://doi.org/10.12086/oee.2023.220180
https://doi.org/10.12086/oee.2023.220180
https://doi.org/10.12086/oee.2023.220180
https://doi.org/https://doi.org/10.1007/978-3-319-46448-0_2
https://doi.org/https://doi.org/10.1007/978-3-319-46448-0_2
https://doi.org/https://doi.org/10.1007/978-3-319-46448-0_2
https://doi.org/https://doi.org/10.1007/978-3-319-46448-0_2
https://doi.org/https://doi.org/10.1007/978-3-319-46448-0_2
https://doi.org/https://doi.org/10.1007/978-3-319-46448-0_2
https://doi.org/https://doi.org/10.1007/978-3-319-46448-0_2
https://doi.org/https://doi.org/10.1007/978-3-319-46448-0_2
https://doi.org/https://doi.org/10.1007/978-3-319-46448-0_2
https://doi.org/https://doi.org/10.1109/ICCV.2017.324
https://doi.org/10.12086/oee.2022.210372
https://doi.org/10.12086/oee.2022.210372
https://doi.org/10.12086/oee.2022.210372
https://doi.org/10.12086/oee.2022.210372
https://doi.org/10.12086/oee.2024.230284
https://doi.org/10.12086/oee.2024.230284
https://doi.org/10.12086/oee.2024.230284
https://doi.org/10.12086/oee.2024.230284
https://doi.org/https://doi.org/10.1109/ICCV.2017.256
https://doi.org/https://doi.org/10.1109/AVSS.2018.8639378
https://doi.org/https://doi.org/10.1109/CISP-BMEI.2017.8301910
https://doi.org/https://doi.org/10.1109/CISP-BMEI.2017.8301910
https://doi.org/https://doi.org/10.1109/CISP-BMEI.2017.8301910
https://doi.org/10.1109/TITS.2019.2935152
https://doi.org/10.1109/TITS.2019.2935152
https://doi.org/https://doi.org/10.1007/978-3-031-36021-3_10
https://doi.org/https://doi.org/10.1007/978-3-031-36021-3_10
https://doi.org/https://doi.org/10.1007/978-3-031-36021-3_10
https://doi.org/https://doi.org/10.1007/978-3-031-36021-3_10
https://doi.org/https://doi.org/10.1007/978-3-031-36021-3_10
https://doi.org/https://doi.org/10.1007/978-3-031-36021-3_10
https://doi.org/https://doi.org/10.1007/978-3-031-36021-3_10
https://doi.org/https://doi.org/10.1007/978-3-031-36021-3_10
https://doi.org/https://doi.org/10.1007/978-3-031-36021-3_10
https://doi.org/10.1109/TIM.2023.3341127
https://doi.org/10.3870/zgkf.2023.07.012
https://doi.org/10.3870/zgkf.2023.07.012
https://doi.org/10.16208/j.issn1000-7024.2023.06.030
https://doi.org/10.16208/j.issn1000-7024.2023.06.030
https://doi.org/https://doi.org/10.1109/CVPR.2019.00371
https://doi.org/https://doi.org/10.1016/j.cviu.2021.103219
https://doi.org/https://doi.org/10.1109/CVPR52688.2022.00298
https://doi.org/10.12086/oee.2024.240072

A4, 45 JGHL TR, 2024, 51(6): 240072 https://doi.org/10.12086/0ee.2024.240072

fEZ BT
BAAA(1990-), B, i+t AlEER, BtHES
U, FEERFSTT A R DL RS S b HE

E-mail: zhaodd@zjut.edu.cn

[@EfEES ] B (1981, B, i+, 47,
WA S0, FEERE T O ERALER . i A
RAGIT

E-mail: chenpeng@zjut.edu.cn

e (1997), H, LB, EEM5I5m
NS IRAR RGBT
E-mail: 2112112110@zjut.edu.cn

MY, JREPDF£3C

240072-13


mailto:zhaodd@zjut.edu.cn
mailto:2112112110@zjut.edu.cn
mailto:chenpeng@zjut.edu.cn
https://doi.org/10.12086/oee.2024.240072

A4, 45 JGHL TR, 2024, 51(6): 240072 https://doi.org/10.12086/0ee.2024.240072

Design and implementation of edge-based
human action recognition algorithm
based on ascend processor

Zhao Dongdong, Lai Liang, Chen Peng’, Zhou Hongchao, Li Yiran, Liang Ronghua
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Overview: In practical applications, human action recognition has always been an immensely challenging task in the
visual domain, demanding not only the system's ability to comprehend and categorize a wide range of human
movements but also to perform real-time analysis and provide instant feedback. Presently, most human action
recognition algorithms are deployed in the cloud, which poses issues such as network dependency and computational
resource wastage compared to edge-based deployment. Therefore, deploying human action recognition on resource-
constrained edge devices has emerged as a significant research focus. Addressing the challenges of insufficient accuracy,
high computational complexity, and limited deployment on edge devices in current human action recognition
algorithms, this paper presents a lightweight spatio-temporal graph convolutional algorithm for human action
recognition optimized for the Ascend processor. It introduces an implicit connection-based skeleton approach and
constructs an implicit adjacency matrix, which is combined with the explicit skeleton connection adjacency matrix to
create a fused spatial graph convolution encompassing both explicit and implicit connections. Meanwhile, to overcome
inadequate attention to joint spatial position information across frames, spatial attention is introduced in the temporal
dimension, enhancing the focus on spatial features of skeletal points between frames. Furthermore, temporal graph
convolution is designed and integrated with spatial graph convolution to form a spatio-temporal graph convolution. To
address the computational intensity and incompatibility issues of the Enisum operator with the Ascend processor, an
Ascend-Enisum operator is devised, optimizing the computational load and facilitating model lightweighting. The
trained model, converted into Ascend-compatible format, is integrated with the YOLOV5 object detection algorithm and
the OpenPose pose estimation algorithm to develop an end-to-end YOP-Ascend-STGCN human action recognition
system. Experimental deployment on cameras equipped with Ascend processors demonstrates the high accuracy of the
proposed method, suitable for real-time human action recognition in edge devices.

Zhao D D, Lai L, Chen P, et al. Design and implementation of edge-based human action recognition algorithm based on
ascend processor[J]. Opto-Electron Eng, 2024, 51(6): 240072; DOI: 10.12086/0ee.2024.240072
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