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Fig. 1 Traffic police gesture recognition process
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016. mp4 161 161 0 0 0 1.0
002. mp4 161 161 0 0 0 1.0
004. mp4 99 99 0 0 0 1.0
018. mp4 161 161 0 0 0 1.0
102. mp4 161 161 0 0 0 1.0
014. mp4 161 161 0 0 0 1.0

Total 1709 1709 0 0 0 1.0

PoseL.STM 15 H At JL A AH SC A 7Y Y LE A2 3k 4
Pis . BT 2D NS 25 1 22 8 T HaRU O 1 0 v
i R 3 0l e X S O T RGB 7 kA 5 32 5|
FHME AT R R 0T ARSI 5 1k RE 8 A
B M 3hE G2 3X B2 0 . PoseLSTM 7 o [ 58 4 F #1444
R4 EFEZEFRHESELHXNEIR

PEAE I P AP DA B8 b T AR AR AT T 100 06 19 HE SR R
T HET Ly k. PoseLSTM 1 & M REA 25 T
HRs A B A BT AT PoseLSTM K 14 BE B i
THET GON RYBLRL 5% F 2 B B 2 10 5 Y 52 36 45
SRR B SCHRL 1T AR AL A 25 SR 25k F SCHRLS .

Table 4 Comparative experiment on gesture dataset of Chinese traffic police

H 21 #TF RGB BT ot 5 0 Y w2/ %
Models RGB-based Pose-based Edit-distance Accuracy/ %
ConvLSTM""] N/ X 82. 40
VGGNet-SSD+KEN+LSTM!! J X 87.04
C3D-Net"** N X 87.12
P3D ResNet™** N/ X 92.21
KEN+LSTM X N 91.18
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Continued table
A8 #F RGB T RE i 48 B i R
Models RGB-based Pose-based Edit distance Accuracy/ %
KEN+ Bidirectional LSTM" X N 91. 04
ResNet Part Localizer+LSTM™ X N 87.22
DenseNet Part Localizer+ LSTM* X N/ 89. 66
Convolutional LSTM"" X Ni 80.77
GRSCTFF!HY X N 94.12
MD-GCNH X N 98.95
PoseLSTM (this study) X N 100. 00 100. 00

Note: X indicates that the corresponding modality is not used.and ~/ indicates that the corresponding modality is used;bold indicates the best re-

sult.
3.2.2 75 LSA64 %3 % Legstb £3%

# 5 N PoseLSTM 1 LSA64 ¥4 I 5 HAth
AH AR R B X HE 25 5 . PoseLSTM B3 T 100.00%
M ERA 58, SEEE T 5 Y A S D B A W) By 14 g, SPO-
TER" i il Transformer FIiU45 4 35 18 5 553 184 o
THAE M, TE LSA64 B LR HER Ik B T
100.00% ,
R5 7 LSA64 HiEE LRI LL LI

Table S Comparison experiments on the LSA64 dataset

A #TF RGB  HTES R/ %

Models RGB-based Pose-based  Accuracy/ %
ELM-+MN CNN N J 97.81
LSTM-+DSC™"] N/ N/ 99. 84
SwC GRMMixer"*"] N X 98.75
R(2+DDM! N X 99.53
MEMP N X 99. 06
LSTM-LDS™ J X 98. 09
13D~ N/ X 98.91
SPOTER™" X N/ 100. 00
PoseL.STM (this study) X N/ 100. 00

Note: X indicates that the corresponding modality is not used,and ~/

indicates that the corresponding modality is used.
3.2.3 f£ WLASLI100 % # % kg 2 b 52 56
PoseLSTM 7F LSAG64 $H 5 - 5 H b A 56 A5 7Y
X LE A Rk 6 s, 5T RGB B ARIL TR T
A MBAL, X 7] e 2 oy WLASL100 #s % b F
OGRS BOE A AR TR L DA 28
e P AU AR AR X LA Al 4R B 40T R AE L R TR T
AIIX 53 BE 1. PoseLSTM AYHERGH A 59. 69 % . 1X —
AR MET R E Rl T PoseLSTM 75 % K & % 4
e 2 W Rz AR R AR FTEL S, SR T, WLASL100

BOHGEE R AR B /b, BRI T AR Y ) R I 22 2T RE
M Z R L R B 3 5 55k ) Transformer BERIAE
PN MERG R R E L,

% 6 7E WLASL100 #{#E & FHy 33tk X136
Table 6 Comparison experiments on the WLASL100 dataset
T T RGB  #HTES e/ Y
Models RGB-based Pose-based  Accuracy/%
13D N X 65. 89
TK-3D ConvNet"*"] N X 77.55
Fusion-3"*" N X 75. 67
GCN-BERTM" X N 60. 15
Pose-TGCNF X N/ 55. 43
Pose-GRU""] X N/ 46.51
SPOTER™" X N 63.18
PoseLLSTM (this study) X NG 59. 69

Note: X indicates that the corresponding modality is not used,and ~/

indicates that the corresponding modality is used.
3.2.4 f& CLS-500 ¥ & b ag 4 bk 5 5

% 7 A PoseLSTM 7 CLS-500 ##i I 5 HAth
FH AR X L4 2R . B2 72 B 500 4> 2851 Y
KA FERIEE b, PoseLSTM L BUAS T 4 4 19 1
ELUEW T PoseLSTM (4 %tk
R 7 7 CLS-500 ##E&E LAIXT L K18
Table 7 Comparison experiments on the CLS-500 dataset

B T RGB EFEE MR/ Y

Models RGB-based Pose-based  Accuracy/ %
R(2+ 1D NG X 97.45
3D CNNFJ N/ X 88.70
HTANM N/ X 93.10
Res-C3DM N X 89. 20
SwC GRMMixer ! N X 98. 54
PoseLSTM (this study) X N 96. 40

Note: X indicates that the corresponding modality is not used,and ~/

indicates that the corresponding modality is used.
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3.2.5 &HnEk

R T IR AR () e, T LA A s A
— B3 5T A5 RS X NP Sl L o] S ) e K
3 2o 7E YRR i R v R T AL 5 — A B AR G
R CEFME p) Bl APE 8, SR A 1 28 5% T 348K
P AT, N 8 FiR . PoseLSTM 7E p =1 W1
BT HERR AT B 1. 6900, 3% 22 B A AL L AT S 3 11
BN,
8 FARAEFWMEMIAIMLE

Table 8 Recognition performance of different dropout proba-

bilities
0 100. 00
1/8 100. 00
1/4 99. 60
1/2 98. 80
1 98. 31
3.2.6 M@k

J T B AE Attention LSTM i & i T4 A
BE B PoseLSTM 5 5IBRE = 1 14589 LSTM LA
K Mogrifier LSTM HE47 X b 525, S 56 78 o [ 52 %
FHRBARAEM 3 A FIEEIGE LT, M THRARL
SR — M T A LR R S B e AR R — B,
PR AEPEAE TR E F, LRI
P, LSTM My fERf R KA 97. 22%, & ik
Mogrifier LSTM B #ERGZ N 98. 44 % . 16T 18K IR
£, Mogrifier LSTM 1Y 14 68 £ 2 & W1 ¥ 3 19
LSTM, X & H kT8 50l S A F 3 L £, Mo-
grifier LSTM Wi+ )5 U8 T LSTM Hrdi A F &
FECR 25 1) B G 15 2., R BB AT A0 b [X 43 33K 26 A LT
SEERE T, Attention LSTM 7E 4 MR iy
P B FL T LSTM Ml Mogrifier LSTM, % B Hi¥:
BT A R SR K A A5 B AL 3 BE ) 7R KA
P AT 55 v J B0 o 4 ) M B

K EGAIE PoseLSTM A [] 2 450 ik 8 %o %5 A 1 i
M2, X Attention LSTM B &, A, £ 5 IR
JZ8 - Ml CTMM AY Mixer Layer Z40 N BUAIFME,
T3 AS ] 8 A5 R 1 B I S . oA T AR S B
L Y AR - H AT, Mixer Layer [9)2%50 N [ Hh
4980 N ERE, » HEE R 4. K WLASL100
55 CSL-500 PiA~ T 1B 506 SR AE o L B 42 1 7

}%%T% r E {2,39"'98} Hﬁ&%&%&ﬁ%ﬂ”ﬁ%ﬁg
WERRR K 8 /R T N HUHE R 2—8 i, WA £ i 4
W38 4 B ME R

R EANTHEELNEMIBER

Table 9 Results of ablation experiments on four datasets

Hih 4R e HER A/ %

Dataset Method Accuracy/ %
CTPG CTMM+LSTM 97.22
CTMM+ Mogrifier LSTM 98. 44
CTMM+ Attention LSTM 100. 00
LSA64 CTMM+LSTM 99. 84
CTMM+ Mogrifier LSTM 99. 37
CTMM+ Attention LSTM 100. 00
WLASL100 CTMM+LSTM 35. 20
CTMM+ Mogrifier LSTM 32. 94
CTMM+ Attention LSTM 59. 69
CSL-500 CTMM+LSTM 87.33
CTMM+ Mogrifier LSTM 86. 00
CTMM+ Attention LSTM 96. 40

Note: CTPG is the Chinese Traffic Police Gesture dataset.
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Fig. 7 Influence of iteration times r on experimental results
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FREE K r (8 7T Bl 20 R M BE I ifE— 2B $2 71 (HL ] B
23 BT S A . RR B AE CSL-500 %4k 4
LR r Z R EREZES NT 1%, HIL sl T
BN PR BB 25 MR - fE VT RE R R AU
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b B PR R Y I B AR fE R KL fE N =8 B ik B R K
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P T LSTM W 76 19 1 B8 R &0 0] 8, 42 7+ 7
LSTM 7 MU P AT 45 Hh B RE . 5 224 /i3 36 >R
)3T GCN BRI A L . PoseLSTM JEBL T H 41 Y

TS5 SALBLEE 7. 78 52 2l 25 50 % T SR

o T GON B TR 38 8 5 58— 2 5 3 1% 1 401 it A"
BETH I — A T3, 1M PoseLSTM 7] L 52 B B i A
I 2 F B AT M5 B 5 LR A — i ) T4
FREAR T H AL, PoseLSTM 7£ 3 A 8 44 5l 1y
TFIEREE LA SRS T R B RE. it R
FER R HE 46 8 2 /N R EHE 4 |, PoseLSTM #f 3%
R A 0z AR BE T I v [ A8 o T AR A v
T SRR . XL RIEH T PoseLSTM 1Y)
AR RIS R . AR AR A T AR L 4k S 0 5 i
4 PoseLSTM Jii H T #4325 4 42 5] 450 38, DA 56 ik
FEANTR 261 A R B0 5 A R0 0 S L

&% ik

(1] kg, B4 Be. B &K L5 G 7 7R 28 W N Z [EB/
OL]J. (2021-02-24) [ 2024-06-02 . https://www. gov.
cn/zhengce/2021-02/24/content_5588654. htm.

ERE —METAGESHFEPESZEF IR 5 W%

[2]

[3]

[4]

[5]

[6]

7]

[8]

[9]

[10]

[11]

[12]

XU B XGRS IVIESR A B TR E ¥ I M B oA
F A 5 R 7 kWAL ] BB DR R (3L
B2 5 TR MO . 2024,48(3) :441-447.
PNE LW, E#E, 5 45628 LT XEEMCE
FHARG F L] hm RE R %M A RFBEBO .
2023,42(3) :349-356.
SHI P C,ZHANG Q, YANG A X. Dual-module spatial
temporal information enhancement graph convolutional
network for recognizing traffic police command gestures
[J]. Signal,Image and Video Processing,2025,19:92.
FU Z,CHEN ] J,JIANG K,et al. Traffic police 3D ges-
ture recognition based on spatial-temporal fully adaptive
graph convolutional network [J]. IEEE Transactions on
Intelligent Transportation Systems, 2023, 24(9): 9518 -
9531.
KIPF T N,WELLING M. Semi-supervised classification
with graph convolutional networks [ C]//5th Interna-
tional Conference on Learning Representations (ICLR).
Toulon:ICLR,2017.:2713-2727.
YAN S J,XIONG Y J,LIN D H,et al. Spatial temporal
graph convolutional networks for skeleton-based action
recognition [ C]//Proceedings of the Thirty - Second
AAALI Conference on Artificial Intelligence and Thirtieth
Innovative Applications of Artificial Intelligence Confer-
ence and Eighth AAAI Symposium on Educational Ad-
vances in Artificial Intelligence. New York: ACM,2018:
7444-7452.
XIONG X, WU H Y,MIN W D, et al. Traffic police ges-
ture recognition based on gesture skeleton extractor and
multichannel dilated graph convolution network []J].
Electronics,2021,10(5) :551.
LIU K,ZHENG Y,YANG J Y,et al. Chinese traffic po-
lice gesture recognition based on graph convolutional
network in natural scene [J]. Applied Sciences, 2021,
11(24):11951.
ZHU D Y.ZHANG Z W,CUI P, et al. Robust graph
convolutional networks against adversarial attacks
[C]//Proceedings of the 25th ACM SIGKDD Interna-
tional Conference on Knowledge Discovery & Data
Mining. New York: ACM,2019:1399-1407.
Al IR B 5K IR L AL R TR I AL FIR BE i 2 Y
ZRY L T H R BB AR [T ], B 2% 27 4, 2020, 41 (3)
372-381.
HE J,ZHANG C,HE X L,et al. Visual recognition of
traffic police gestures with convolutional pose machine
and handcrafted features [J]. Neurocomputing, 2020,
390:248-259.



[13]

[14]

[15]

[16]

(17]

(18]

[19]

[20]

(21]

[22]

T ARE,2024 5,31 %, 5 5 #] Guangxi Sciences,2024,Vol.31 No.5

MELIS G,KOCISKY T,BLUNSOM P. Mogrifier L.S-
TM [C]//8th International Conference on Learning
Representations (ICLR). Virtual: ICLR, 2020. 13316 -
13329.

GENG Z G.WANG C Y.WEI Y X.et al. Human pose
as compositional tokens [ C]//Proceedings of the 2023
IEEE/CVF Conference on Computer Vision and Pat-
tern Recognition (CVPR). New York: IEEE, 2023.
660-671.

LIU Z Y.ZHANG H W,CHEN Z H,et al. Disentang-
ling and unifying graph convolutions for skeleton-based
action recognition [ CJ//Proceedings of the 2020
IEEE/CVF Conference on Computer Vision and Pat-
tern Recognition (CVPR). New York: IEEE, 2020
140-149.

LI M S,CHEN S H,CHEN X,et al. Actional-structur-
al graph convolutional networks for skeleton-based ac-
tion recognition [ C]//Proceedings of the 2019 IEEE/
CVF Conference on Computer Vision and Pattern Rec-
ognition (CVPR). IEEE,2019:3595-3603.

NIE B X H,XIONG C M,ZHU S C. Joint action recog-
nition and pose estimation from video [ C]//Proceed-
ings of the 2015 IEEE Conference on Computer Vision
and Pattern Recognition (CVPR). New York: IEEE,
2015:1293-1301.

HU J,SHEN L, SUN G. Squeeze-and-excitation net-
works [ C]//Proceedings of the 2018 IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition.
New York:IEEE,2018.7132-7141.

BOHACEK M,HRUZ M. Sign pose-based transformer
for word - level sign language recognition [ C]//Pro-
ceedings of the 2022 IEEE/CVF Winter Conference on
Computer Workshops
(WACVW). New York:IEEE,2022:182-191.

SHI X J,CHEN Z R, WANG H, et al. Convolutional

Applications  of Vision

LSTM network: a machine learning approach for pre-
cipitation nowcasting [CJ//Proceedings of the 29th In-
ternational Conference on Neural Information Process-
ing Systems. Cambridge: MIT Press,2015:802-810.
LIU W, ANGUELOV D,ERHAN D,et al. SSD: single
shot MultiBox detector [M]//Proceedings of the Com-
puter Vision-ECCV 2016. Cham: Springer International
Publishing,2016:21-37.

TRAN D, BOURDEV L, FERGUS R, et al. Learning
spatiotemporal features with 3D convolutional net-
works [ C]//Proceedings of the 2015 IEEE Interna-

tional Conference on Computer Vision (ICCV). New

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

York:IEEE,2015:4489-4497.

QIU Z F,YAO T,MEI T. Learning spatio-temporal
representation with pseudo - 3D residual networks
[C]//Proceedings of the 2017 IEEE International
Conference on Computer Vision (ICCV). IEEE.2017:
5534-5542.

PIGOU L, VAN DEN OORD A,DIELEMAN S,et al.
Beyond temporal pooling: recurrence and temporal con-
volutions for gesture recognition in video [J]. Interna-
tional Journal of Computer Vision,2018,126(2) :430-
439.

HE K M,ZHANG X Y,REN S Q,et al. Deep residual
learning for image recognition [C]//Proceedings of the
2016 IEEE Conference on Computer Vision and Pattern
Recognition (CVPR). New York: IEEE, 2016 770 -
778.

HUANG G,LIU Z, VAN DER MAATEN L,et al.
Densely connected convolutional networks [ CJ//Pro-
ceedings of the 2017 IEEE Conference on Computer
Vision and Pattern Recognition (CVPR). New York:
IEEE,2017:2261-2269.

JISW,XU W,YANG M,et al. 3D convolutional neu-
ral networks for human action recognition [ C]//Pro-
ceedings of the 27th International Conference on Inter-
national Conference on Machine Learning. New York:
ACM,2010:495-502.

IMRAN J,RAMAN B. Deep motion templates and ex-
treme learning machine for sign language recognition
[J]. The Visual Computer,2020,36(6):1233-1246.
KONSTANTINIDIS D,DIMITROPOULOS K,DAR-
AS P. A deep learning approach for analyzing video and
skeletal features in sign language recognition [C]//
Proceedings of the 2018 IEEE International Conference
on Imaging Systems and Techniques (IST). New
York:IEEE,2018:1-6.

LIUT Y.TAO T F.ZHAO Y Z,et al. A signer-inde-
pendent sign language recognition method for the sin-
gle-frequency dataset [J]. Neurocomputing,2024,582:
127479.

MARAIS M, BROWN D, CONNAN ], et al. Spatio-
temporal convolutions and video vision transformers
for signer - independent sign language recognition
[C]//Proceedings of the 2023 International Confer-
ence on Artificial Intelligence, Big Data, Computing
and Data Communication Systems (icABCD). New
York:IEEE,2023:1-6.

ZHANG X Y,LI X Q. Dynamic gesture recognition



ERE —METAGESHFEPESZEF IR 5 W%

based on MEMP network []]. Future Internet, 2019, of the 2021 IEEE Winter Conference on Applications of
11(4):91. Computer Vision (WACV). New York: IEEE, 2021 .

[33] KONSTANTINIDIS D,DIMITROPOULOS K,DAR- 3428-3438.

AS P. Sign language recognition based on hand and [37] TUNGA A,NUTHALAPATI S V,WACHS J. Pose-
body skeletal data [ C]//Proceedings of the 2018 - based sign language recognition using GCN and BERT
3DTV-Conference: The True Vision - Capture, Trans- [C]//Proceedings of the 2021 IEEE Winter Confer-
mission and Display of 3D Video (3DTV-CON). New ence on Applications of Computer Vision Workshops
York:IEEE,2018:1-4. (WACVW). New York:IEEE,2021.:31-40.

[34] LID X,OPAZO C R, YU X, et al. Word-level deep [38] HAN X Z,LU F,YIN J Q,et al. Sign language recog-
sign language recognition from video:a new large-scale nition based on R(2-+1)D with spatial - temporal -
dataset and methods comparison [ CJ]//Proceedings of channel attention [J]. IEEE Transactions on Human-
the 2020 IEEE Winter Conference on Applications of Machine Systems,2022,52(4) :687-698.

Computer Vision (WACV). New York: IEEE, 2020 [39] HUANG J,ZHOU W G,LI H Q,et al. Attention-
1448-1458. based 3D-CNNs for large-vocabulary sign language rec-

[35] LIDX,YU X,XU C C,et al. Transferring cross-do- ognition [ J]. IEEE Transactions on Circuits and Sys-
main knowledge for video sign language recognition tems for Video Technology.2019,29(9) :2822-2832.
[C]//Proceedings of the 2020 IEEE/CVF Conference [40] BEA. EFHWE I FEIRMNE AR [D]. M.
on Computer Vision and Pattern Recognition [E B} 22 F R K ,2018.

(CVPR). IEEE,2020:New York:6205-6214. [41] ZHANG S J,ZHANG Q. Sign language recognition

[36] HOSAIN A A,SELVAM SANTHALINGAM P, PA- based on global-local attention[]]. Journal of Visual
THAK P, et al. Hand pose guided 3D pooling for Communication and Image Representation, 2021, 80
word-level sign language recognition [C]//Proceedings 103280.

A Novel Chinese Traffic Police Gesture Recognition Network
Based on Human Pose

QIN Xiao'”,LI Yongyu', WU Kunsheng®, YUAN Chang'an'"*, TAN Sijing' , LIU Shanrui'

(1. Guangxi Key Laboratory of Human-Computer Interaction and Intelligent Decision Making, Nanning Normal University, Nan-
ning, Guangxi.530100.China;2. Guangxi Regional Collaborative Innovation Center for Multi-Source Data Integration and Intelli-
gent Processing . Guilin, Guangxi.541004 .China; 3. Nanning Arboretum,Guangxi Zhuang Autonomous Region.Nanning, Guangxi,
530225,China;4. Guangxi Academy of Sciences,Nanning,Guangxi.530012,China)

Abstract: Traffic police gesture recognition is crucial for autonomous driving technology. Existing traffic po-
lice gesture recognition methods based on human pose have shortcomings such as incomplete feature extrac-
tion and insufficient robustness in skeleton feature extraction. The extraction of time series features suffers
from dynamic information loss,weak time series dependency,and poor real-time performance. Additionally,
the extraction effectiveness is easily affected by environmental backgrounds. In view of the shortcomings a-
bove,a novel traffic police gesture recognition network Pose Long Short-Term Memory (PoseL.STM) based
on human pose is proposed. Specifically,the Compositional Tokens Multi-layer Perceptron Mixer (CTMM) in
PoseLSTM can capture the relational features between body joints and transform the joint information

through dependency modeling to form multi-part feature representations, addressing the problem of Long
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Shore-Term Memory (LSTM)-based algorithms failing to effectively extract skeleton features. Moreover, the
hybrid architecture Attention LSTM in PoseLSTM can better integrate input and hidden state information,
outperforming the original LSTM. Experimental results showed that PoseLSTM achieved the accuracy of
100. 00% on the open-source Chinese traffic police gesture dataset,achieving optimal performance. Further-
more,to demonstrate the generalization ability of PoseL.STM,experiments were conducted on open sign lan-
guage datasets LSA64, WLASL-100,and CSL-500, with the accuracy of 100.00% ,59. 69% ,and 96. 40 % , re-
spectively.

Key words: traffic police gesture recognition;attention mechanism; LSTM;joint combination
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