wfﬁ-’ffh?f*l'?

COMPUTER SCIENCE

BFazMiEHERS SHNEGRRFHRE
SKRRE, B 2T XURKE

5IAEX

KR B, BF XRE ETRaNEHESESSHNERSFBERU]. HENRE 2024,
51(2): 182-188.

ZHANG Hongwang, ZHOU Rui, CHENG Yu, LIU Chenxu. Cross-scene Gesture Recognition Based on

Point Cloud Trajectories and Compressed Doppler [J]. Computer Science, 2024, 51(2): 182-188.

BUXEEE (BERXINE IE JEREENE)

Similar articles recommended (Please use Firefox or IE to view the article)
FEBRFINBENRFEFHRINGE

Transfer Learning Based Cross-object Sign Language Gesture Recognition Method

HEHRIE, 2023, 50(6A): 220300232-5. https://doi.org/10.11896/jsjkx.220300232

ETLSTMRS RIS AEF B LR IRE!
Real-time LSTM-based Multi-dimensional Features Gesture Recognition

HHEMREIEE, 2021, 48(8): 328-333. https://doi.org/10.11896/jsjkx.210300079

ETF3DERBEMBNCS | BIHEFHIRAGE
CSI Cross-domain Gesture Recognition Method Based on 3D Convolutional Neural Network

HEMREIEE, 2021, 48(8): 322-327. https://doi.org/10.11896/jsjkx.200600122

EFUNITY3IDHIK TS AMRIBERSE
Underwater Robert Visual Simulation Based on UNITY3D
IHENEE, 2021, 48(6A): 281-284. https://doi.org/10.11896/jsjkx.200700131

ETHENZ D REMEHFHIR
Hand Gesture Recognition Based on Self-adaptive Multi-classifiers Fusion

HENES, 2020, 47(7): 103-110. https://doi.org/10.11896/jsjkx.200100073


https://www.jsjkx.com/CN/10.11896/jsjkx.230400184
https://www.jsjkx.com/EN/10.11896/jsjkx.230400184
https://www.jsjkx.com/CN/10.11896/jsjkx.220300232
https://doi.org/10.11896/jsjkx.220300232
https://www.jsjkx.com/CN/10.11896/jsjkx.210300079
https://doi.org/10.11896/jsjkx.210300079
https://www.jsjkx.com/CN/10.11896/jsjkx.200600122
https://doi.org/10.11896/jsjkx.200600122
https://www.jsjkx.com/CN/10.11896/jsjkx.200700131
https://doi.org/10.11896/jsjkx.200700131
https://www.jsjkx.com/CN/10.11896/jsjkx.200100073
https://doi.org/10.11896/jsjkx.200100073

http: /www. jsjkx. com

+ #u A
O tﬁlm wic? DOI.: 10. 11896/jsjkx. 230400184

ETRZHNTEMERZ L P EGH=FEIRA

KEE B IWm B F  XRE
BIFHBEAFEEEHFEIRFRE A 610054
(zhw6770@qq. com)

W OE %*& B A T AN B AE S, R FRRAN SRR T, FHRRAIEAE T RAE, T EILE

fRAMKE, BWMRSBXTFHANARMENEZRES L LY BB LA ZERMBRAITIRN K dn A2 R X 5 kA — P4

CERE ﬁbﬁr£‘§#f?~i$xf mmu/\m RAGEERATRAL Y BRI GZRERES RALHE., LR X8 F /2

BOEB S EHARMANEZRNLRTEN A TATPEERS SR ESFR LG RSB BAL L AENEET RIS, AMB

sz%l‘ﬂ%ﬂ»‘é'itlki%éﬁz'Iw’ié%%&%&‘#’%i%%‘%ﬁ»ﬁ&/&%x‘%%7fl’ﬂ‘iftE%Z%%ﬁ@i&ﬁ%%“r"m%‘d%E/M;—J“;?{i%*’”ﬁ5JL

?ﬁ@ﬁié#f’,iﬁ#}biﬁ ZHRHRSEDA SN RTAE RS FIERRE Xﬂ‘#%‘ﬁﬁﬁ&?‘]‘%é?«f%,ﬁiié‘:‘é%%#‘%’é’éWl%z;ﬁ"’\%‘éo
FHEREAR IR FEFET TR AEBAD OSUMRANERE, EAR EFlL B LT AF#7 A P Ae A #7045 B 69 4R )

R RS ARG EF 93% R 92% .5 FIA F %,

KB ZREFTRA; FHRINE R EERLALX

hESES TP391

Cross-scene Gesture Recognition Based on Point Cloud Trajectories and Compressed Doppler

ZHANG Hongwang,ZHOU Rui, CHENG Yu and LIU Chenxu
University of Electronic Science and Technology of China,Chengdu 610054 ,China

Abstract Millimeter wave radar can be used for various sensing tasks,such as activity recognition, gesture recognition, heart rate
perception. Among them, gesture recognition is a research hotspot, which can realize contactless human-computer interaction.
Most existing studies on gesture recognition make use of point cloud or range-Doppler for pattern recognition through neural net-
works to achieve sensing. However, there are some problems. Firstly, the robustness of these methods is poor. The changes of the
user and his/her location affect the received millimeter wave signals,causing the accuracy of the sensing model to reduce. Second-
ly,these methods input the complete range-Doppler map into the neural network, which makes the model complicated and makes
it difficult for the model to focus on the sensing task,because there are many unrelated regions to the sensing task. To solve these
problems, this paper first builds the gesture trajectory from multiple continuous {rames of point cloud,and then cuts and compres-
ses the multiple continuous range-Doppler maps to obtain the two-dimensional local Doppler map. Finally, the features are extrac-
ted from the point cloud trajectory and the two-dimensional local Doppler map respectively by the neural networks, concatenated
and classified by a fully-connected neural network. Experiments show that the proposed method focuses on gestures and can
achieve a recognition accuracy of 98 % ,and can achieve a recognition accuracy of 93% for new users and 92% for new locations in
the cases of user changes and location changes,better than the state of the art.

Keywords Millimeter wave radar,Gesture recognition, Across scenarios,LLocation independent, User independent
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Table 1 Gesture recognition results in an invariant scene

A= —hkL LY B AL Bt
3 A I 0.90 0.98 0.98
3SAH P 0.93 0.99 0.99
LALE 0.93 0.97 0.99

4.2.2 #A P FHaRR

9 B AR A SC 7 I X5 0 B AR L T (R — J7 18] [R] — {2
BT R 3 ABAREAT ISR 5 A0 1A P
BEATIAR . AR UK B AR 7 L B T B s 2 B R 2
SR AR PE T . TS 2 B0 R g 2 )
ARG 3 FOF LTS SLI AT RN 2 YA, ATLLE
T P AR SR 050 B U P BOR AN SR — 4 2
HBCE Y ROR . RlE R RUIDRS B B R AR T

®2 B FRPES

Table 2 Gesture recognition results for new users

BRI —hEEY R AE PF B2
A AL 0.85 0.94 0.96
H P2 0. 86 0.88 0.90
il 0.91 0.95 0.98
iRk 0. 84 0.89 0.90
ERY) 0.87 0.92 0.94

4.2.3  # 5 A F B A

SR UE AR SCT7 20 B 18] A2 Ak 1) & 0 1, SEBG pE IR 2 AN B
()BT S B L 55 40 1 A s VB AR S B — A
M PS50 7e s ) b B8 E . RO BURE A  a] AT
T 2 T 2 B R i 4 2 M AR 3 b T
FHPUNEER MR 3 Pro, 7 —4E 28 W i AR L B A
B E e AR RS T TRHBIRE L.

F 3 BTN S

Table 3 Gesture recognition results in new rooms

BRI —k S LY B AE B
X7 0.89 0.96 0.99
LHE 2 0.89 0.97 0.97
LR E 1 0.88 0.94 0.96
3y 0.89 0.96 0.97
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4.2.4 #AZEF HRA

Ry B AR ST 1 6 AL B Y R e IR — B R 3
A BAE RN EAE . 55 1 A B AR R s | R — A
ATTEE AR U B AT IR A SR R R
W2 E GG 3 Mors., THHEBLER WK 4 5,
MALE AR AT SR T 4k 2 RO AR S B R R, &
FRE N ZE MBS, SR - ESER AEEH
XA AR B B RS Z RIS RN RRE .

T4 HOLETF RGN R

Table 4 Gesture recognition results for new positions

BRI —kLEY B AE B
fHE 1 0. 900 0. 8600 0.920
L& 2 0.910 0.8800 0.950
& 3 0.900 0.8500 0.91
fr & 40 0.915 0. 8800 0.920
T 0.900 0.8675 0.925
4.2.5 Rtk

A UE AR SCO7 75 B9 A 28T oA FE Al S A g ik gk
Frrscsxt b, SCBRE6 T #2 T — A0 37 19 /7 5 it PRM.,
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CNN+LSTM u PRM  m AX#

i Bz A 5 O 2 U 2 W 4 AT R AR B L SR
ANTERF ARG, SCHk8, 19 H = 4k 2 % ¥ % s, R H
LSTM 454 — 4k & 1 # 2 M 4% ( Two-dimensional Convolu-
tional Neural-Network,2DCNN) ) 7 3% #4743 2810501 . HE
it ] 2DCNN #E A7 R AL $2 B0, 10 /5 46 LSTM X 4 B3] 11y
T WURCHE TR AE HEAT B P RRAE A9 48 B0, 43 2548 BRI 45 8 . X
LB RN 7 B 7R, 76 b [l 2 Ak B 00T . a7 Cad TR
CNN-+LSTM Fl PRM J5 ¥ 14 1 28 46 3T , 11 4 FH A 307 i
RIMERR RIS, 7ER AR A5 B0 T AR 307 i 2 AR R
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Fig. 7 Comparison of experiment results
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