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Research on Wi-Fi gesture recognition system based on DSC-SGRU model
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Abstract: Wi-Fi wireless sensing technology has become a research hotspot in the field of perception, which can realize intelligent
perception of human activities and the surrounding environment. The existing wireless sensing models have a large number of parameters,
which makes it difficult to sense in real-time in scenarios with limited computing power such as mobile devices. To this end, a
classification and recognition model based on a mixture of a lightweight feature extraction module based on depth-separable convolution
and a stacked gated recurrent unit is proposed. Firstly, a lightweight feature extraction module based on depth-separable convolution is
constructed to capture the spatial features of human gestures and keep the temporal nature of the features unchanged; then the spatio-
temporal features of human gestures are learned using a two-layer stacked GRU network; finally, the performance of the model is
validated using the open-source dataset Widar, and the BVP features in the CSI information are extracted to improve the recognition of
cross-domain scenes accuracy, and a weighted loss function is utilized to solve the sample imbalance problem. The results show that the
proposed model achieves an accuracy of 77. 6% in cross-domain scenarios with a parameter count of only 236. 891 K. Compared with
other existing Wi-Fi gesture recognition models, the proposed model greatly reduces the parameters and computational complexity of the
model while its performance remains basically unchanged, which lays a foundation for the popularization of the Wi-Fi wireless sensing
technology in practical applications.
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Table 3 Specific gestures corresponding to serial numbers
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(a) DSC-SGRUAR B! IR 4 B
(a) DSC-SGRU model confusion matrix
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0.0 0.0 0.0 0.0 0.0/02 0.0 0.2 0.0 0.0/0:2 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.2 0.0
701 0.1 00 0.0 00 0.0 00 0.0[XJ0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
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(b) ResNet5045 % 5 ¥ 4 B

(b) ResNet50 model confusion matrix
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(¢) LeNet model confusion matrix

LERARAE
NHOWONOUAWNKF

RREEEREECE

NNN
NFO Lo~

FN™)

ResNet18
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0.0 0.0 0.0 0.0 0.0 0.0 [J] 0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.1 0.0 0.0 0.0 0:2 0.0 0.0
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(d) ResNet1 SR ¥R 5 4 I

(d) ResNet18 model confusion matrix
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Fig.9 Comparison between DSC-SGRU and

typical neural network results



- 104 - LSRR R e o

38 &

AR TFHAR BN R LIS T . ResNet50 SLHZE T n 5]
9(b) Fi7R , % Draw-9 MTEUMNAERR 825 U 24 20% , XF
Draw-2 BRI HE iR R B 29 40% , HAT 30% 09 HE 26t
Draw-2 1255 Draw-Z( H) , %T F-# Draw-3 AR B HERE R
218 50% X A TR IAHER R I 7E 60% L) I

LeNet SZE 25 R ANIE 9 (¢) Pra, %) Draw-7 A Draw-
10 TCHEIR A, 3 B X Draw-3 1 Draw-0 (V) 15 51l 45 S 4%
%, 1M DSC-SGRU X} Draw-7 , Draw-3 F1 Draw-10 i 51|
R ITE 70% LA F, ALK Draw-0 (V) BY TR 5 7 8 2%
20% . ResNetl18 SZEZE K ANE 9(d) s, %F Draw-4 AJiR
BRI R K 30% , HA 30% A HEZ W Drawd 523
Slide , & 80% # %6 Draw-10 % $] & Draw-0 (H) . i
DSC-SGRU %} F #' Draw-8, Draw-9, Draw-10, Draw-2 £
Draw-Z( H) RN HERA 558 100% ,60% ,90% , 100% Fil
90% . X} F-# Draw-6 I Draw-7 I HIHERRLE 70% ) |,
Xt F-# Draw-4, Draw-9, Draw-1, Draw-2, Draw-N ( V) H
Draw-5 151 HE B R 78 80% LA b, HEAx 5 v #  4n
MLP T34 $2 U P AR E A RE 11 R LA 22 GRU A&
SRAG e BRI PP A5 8. A S SR BUCRFIE RE 7, (ELRE XS T 04k
155 B T HoX 2 g 4k T 42 1 B0 s R 2, AlexNet,
GoogleNet, VGG-16 Hl ViT & & £ B 4 22, H
GoogleNet, AlexNet Fl VGG-16 S % & Fl Flops #B H 45
KOAFEMBR RSN S, VIT BARSHEK
JIN AR F B R T AL R R 5 D 2% 1 T R A
SECHOE R, B Flops 42 9. 302 M & DSC-SGRU
BT Flops 1Y 2.7 %, t THAMRES CNN MLP fl GRU
AL, RIIE VIT ANl A Wi-Fi AZIRATE 55

DSC-SGRU #5155 i DSC 21 Al 5% 1 90 4 i 42 B
B 7R ] RECRHE IR UG F 35 B P AR AR 5 L T, $2
FRGEIE, 225 DSC #EE A FRE PR A SGRU [ 45
P JREH T A5 B2 S F M RARAE . 530 1T HR 51
FERUAH H, DSC-SGRU ZEVEREIT LAY E OL T, B K A BAIK
THRI SR, BR T 515 5000 £ W 4% 147 4] B L G
AN BRI T AR MR 2 A i PEfE , DAME B 45 41
BRI SLSTM %5, LA CNN ZH 1 i 5 AiF 42 BURE He 1
HAR A FLEE S 1 W 45 (RNN (LSTM ,GRU ) 41 A5 [ 45
BIF CNN-BIiLSTM %5, LA DSC £H 1l 1) 457 AiF 45 BORE B il
Af P A FRAR B 4 A RS AL DSC-GRU %8, S T X} Eb K
B DL AR B H Ay R 43 25 5 DSC-SGRU
BRI — 2, AL FR VI GRALIR DAL RS, 402K pR AL, 24 ) R
%, GnFEE CNN-SBIiLSTM BEAI e ffi I LA CNN by 3 22
P B R IE SR BT H B B T340 )RR IR PT RE DR R T
PP PRI R AR, ARG BEICRRIE#E A SBILSTM
W 26524 2] R Y B 05 L, SBILSTM 26 7% B 1~ BiLSTM
HeBmi, b —> BILSTM X 4% [0 )2 19 A R —
> BiLSTM M2 (1% A, CNN-SBiGRU %5 #BJ& 2 (L i #4

AR o 3 R U RE A i BB RS S5 SR I 10
Fi7s

CNN-SBILSTM

% j¥ 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

3 0.0 g8 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

2 "0.0 0.1 [ 0.0 0.0 0.0 0.0 0.0 0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.1 0.1 0.0 0.1 0.0 0.0

5 "0.0 0.0 0.0} 0.0 0.0 0.0 0.0 0.0 0.0 04 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
6'00000000ooonooooonooooonoooooooooooooooooo
770.0 0.0 0.0 0.0 0.0[ 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
8’0.0 0.0 0.0 0.0 0.0 {0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
g'ooonooooozooon' 0.2 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.2 0.0 0.0 0.0 0.0 0.0

w 10 :o.o 0.0 0.0 0.0 0.0 0.0 0.0 0.0 K 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
lﬁ 77 .00 0000000000 0000 00 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 00
< 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0[g¥J 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
E %%'000002 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0:4 0.0 0.0 0.0 0.0 0.0 [0:4/0.0 0.0 0.0 0.0
-H( 12 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 o.omﬁo.l 0.0 0.0 0.0 0.0 0.0 0.0 0.0
15 ~0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 [} 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

16 90 00 0.0 00 0.0 0.0 0.0 0.0 0.0 0,0 0.0 [0 00§ 0.0 0.0 0.0 0.0 0.0 0.0 00
17 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 fJ0.0 0.0 0.0 0.0 0.0 0.0

18 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.0 [ 0.0 0.0 0.0 0.0 0.0

lg'oonnouooonooonon000001000000000100o1aouooo

0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.4 0.0 0.0 0.0

0.0 0.2 0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 [ 0.0 0.0

5D .00 0000 00 00 00 00 00 00 00 00 00 00 00 0.0 00 00 01 0.0 0o 00

0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.2 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0t

12345678 910111213141516171819202122
bR 2

(a) CNN-SBILSTMAZ 7 Y835 46 R
(a) CNN-SBIiLSTM model confusion matrix

CNN-SBiGRU
[ 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.2 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
0.0 0.0 0.0 0.0 0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
"0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.1 0.0 0.0 0.1 0.0 0.0
0.0 0.0 0.0fJ 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
"0.0 0.0 0.0 0.0f§] 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
0.0 0.0 0.0 0.0 0.0[gJJ 0.0 0.0 0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
0.0 0.0 0.0 0.0 0.0 0.0 ¥ 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.1 0.0 0.3 0.0 0.0 0.0 0.0
0.0 0.0 0.0 0.0 0.1 0.0 0.0[J 0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.0

w 1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
lﬁ 77 .00 0000000000 0.0 0.0 00 [ 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 00
% =

0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0[E§d 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

13700 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 ] 0.0 0.0/0:3/ 0.0 0.0 0.0 0.0 0.0 0.0 0.0
'H( 12 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

16’00 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.3 0.0[§] 0.0 0.0 0.0 0.0 0.0 0.0 0.0
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.0 [§J0.0 0.1 0.0 0.0 0.0 0.0

18 700 0.0 0.0 0.0 00 0.0 0.1 0.0 0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.0[J 0.0 0.0 0.0 0.0 0.0
19 0000 0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 00 0.0 0.0 0.0 0.0 0.0 00
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.4} 0.0 0.0 0.0

70.0 0.2 0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0%l 0.0 0.0
22 70.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0]

70.2 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
123456 78 910111213141516171819202122
B4R %

(b) CNN-SBiGRU % I ¥ 46 K
(b) CNN-SBiGRU model confusion matrix

CNN-SLSTM
mo.o 0.0 0.0 0.0 0.0 0.0 0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
0.0[E%3 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.2 0.0 0.0

"0.0 0.0[J 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
0.0 0.0 0.0 (¥ 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.0
"0.0 0.0 0.0 0.0 0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
70.0 0.0 0.0 0.0 0.0[FFJ 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

0.0 0.1 0.0 0.0 0.0 0.0[gf§0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.1 0.1 0.0 0.0 0.0 0.0
"0.0 0.0 0.0 0.0 0.0 0.0 0.0[IF] 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

w 10 :0.1 0.0 0.0 0.0 0.0 0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 [ 0.0 0.0 0.0 0.0 0.0 0.0 0.1 0.0 0.0 0.0 0.0 0.0

CONOUVTAWN

li}é 11 70.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
13 0.0 0.2 0.0 0.0 0.0 0.2 0.0 0.0 0.0 0.2 0.0 04 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
,H( 14ioo 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0fF] 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0/0:3 0.0 0.0 ] 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
0.2 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
16’00 0.0 0.0 0.0 0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.0 [FJ 0.0 0.0 0.0 0.0 0.0
70.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.1 0.1 0.0 0.0
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.2 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.4 0:4 0.0 0.0 0.0
21 0.0 0.2 0.0 0.0 0.0 0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.1 0.0 0.0 [ 0.0 0.0
70.0 0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.1 0.0 0.1 0.0
"0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

12345678 910111213141516171819202122
T bR 4
(c) CNN-SLSTVIKE 78 5 95 4 B
(¢) CNN-SLSTM model confusion matrix
Bl 10 2GR 52 25 S TR 1 HE R 5]

Fig. 10 Combined model classification results
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Comparison results of 2-layer GRU and

4-layer GRU for the DSC-SGRU model
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Table 4 Comparison of various evaluation indicators for each type of model

R R/ % KGR/ % HE /% F1 3 80/%  4F0F AT (Flops) S ¥k (Params)
MLP 64.2 65.2 62.9 63.0 9.145 M 9.146 M
LeNet 71.5 70. 3* 68.8 68. 8 3.370 M 298. 838 K
RNN 43.2 47.9 46.5 46. 4 658. 944 K 31.254 K
LSTM 59.0 67. 1 65.2 65. 4 2.637 M 120. 726 K
BiLSTM 57.3 58. 4 55.6 56.3 5.273 M 240.022 K
GRU 58.2 59.6 59. 4 58.8 1.980 M 90. 902 K
BiGRU 54.6 59.3 57.6 57.2 3.958 M 180. 374 K
SRNN 58.7 46.1 56.3 50. 2 4.168 M 190. 486 K
SLSTM 73.3 72.3 71.9 71.9 16.695 M 757. 654 K
SGRU 70. 4 71.9 70.9 70.8 12.528 M 568. 598 K
SBiGRU 71.3 71.8 71.2 70.9 15.558 M 706. 326 K
ResNet18 71.3 69.7 71.1 69.7 50.524 M 11.192 M
ResNet50 72.9 69.5 68.6 68.6 87.005 M 23.583 M
ResNet101 67.8 69. 1 67.4 67.6 163.183 M 42.602 M
CNN-RNN 42.0 28.3 43.4 33.5 2.163 M 42.574 K
CNN-LSTM 76.1 76.0 74.2 74.5 3.928 M 117.374 K
CNN-GRU 73.5 71.8 69.7 69.9 3.379 M 92,542 K
CNN-BiLSTM 76.2 77.3 75.8 76.2 6.040 M 216. 654 K
CNN-BiGRU 73.7 76.5 74.2 74.6 5.038 M 167.038 K
CNN-SLSTM 78.7* 80. 8! 78.9! 79. 4! 4.062 M" 249. 470 K"
CNN-SGRU 76.7 76.2 74.8 75.1 5.579 M 191. 614 K
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23k
LAY HER 3/ % KL/ % AR/ % F1 2380 % HBEFPIE TR (Flops) Z 4t (Params)
CNN-SBiLSTM 78.8' 75.9" 74.4" 74. 410 14.877 M* 611.966 K**
CNN-SBiGRU 78.5° 73.7" 76.9° 77.1° 5.534 M% 365.230 K*!
DSC-RNN 54.0 63.4 64.8 62.8 2.175 M 91.051 K
DSC-LSTM 74.7 77.5 75.0 75.7 2.831' M 116. 187 K
DSC-GRU 72.4 72.0 69.0 69. 4 2.282 M 91.355 K
DSC-BiLSTM 74.1 75.2 72.9 73.5 5.039 M 215.515 K
DSC-BiGRU 72.4 75.3 71.3 72.7 3.940 M 165. 851 K
DSC-SLSTM 76.5 76.9 75.8 76.0 13.779 M 610.779 K
DSC-SGRU 77.6" 76.77 75.17 75.5° 3.407 M" 236.891 K'®
DSC-SBiLSTM 73.7 77.8 77.2 77.2 14. 877 M 611.966 K
DSC-SBiGRU 76. 1 77.2 76.6 76. 4 5.534 M 365.230 K
ViT 63.0 63.0 59.2 59.5 9.302 M 86.262 K
AlexNet 57.4 59.0 57.4 57.4 228.206 M 6.921 M
Vge-16 43.2 45.2 43.2 43.3 229.689 M 5.369 M
GoogleNet 60. 8 62.0 61.9 61.5 34.946 M 6.010 M
STk Electronics (ICCE), 2021.
[ 1] ZHOUY, JIANG G, LIN Y. A novel finger and hand [7] AMIRTHA VARSHINI A, BHAVANL G, VITHYA, et
. . . al. Real-time hand gesture recognition for robotic arm
pose estimation technique for real-time hand gesture
. . and home automation [ C ]. Proceedings of the 2021
recognition [ J ]. Pattern Recognition, 2016, 49.
102114, International Symposium on Electrical, Electronics and
L o - e “ Information Engineering, 2021.
[2] WT%&]’ R, B E@Am*ﬁﬁgiﬁhﬁﬂ [ 8] LIENJ, GILLIAN N, KARAGOZLER M E, et al. Soli:
fliitJrk (0] MUE AR =M, 2023, 44 (3): o o
Ubiquitous gesture sensing with millimeter wave radar [ J].
200-208. ACM Transactions on Graphics (TOG), 2016, 35(4) .
CHEN R J, FEIM R, YANG A L. Estimation of gesture 1-19.
pointing for human-robot interaction [ J ]. Chinese 9] YOUSEFI S, NARUI H, DAYAL S, et al. A survey on behayior
Journal of Scientific Instrument, 2023, 44(3) :200-208. recognition using WiFi channel state information [J ] TEEE
[3] VEN.KATNARAYAN R H, .?AGE .6’ SHA.HAZAD M. Communications Magazine, 2017, 55(10) ; 98-104.
Multi-user gesture recognition using WiFi [ C ]. [10] CHU X ZH, LIU J, SHIMAMOTO S. A sensor-based
proceedings of the Proceedings of the 16th Annual hand gesture recognition system for Japanese sien
and g g Yy p g
International ~ Conference  on  Mobile  Systems, language[ C]. proceedings of the 2021 IEEE 3rd Global
Applications, and Services, 2018. Conference on Life Sciences and Technologies
[ 4] BOTROS F S, PHINYOMARK A, SCHEME E J. (LifeTech) , 2021.
Electromyography-based gesture recognition: Is it time to (11 AReig, £, TR, 4. BT U0k ResNet50 B3
change focus from the forearm to the Wrist? [ J]. IEEE FL AL {52 4GRS [J]. AR T 04 4 R
Transactions on Industrial Informatics, 2022, 18 (1): 2024, 43(4): 181-189.
174-184. NIU Q F, SHI L, JIA K M, et, al. SEMG gesture
(5] BUER, Jde, Rak. EEIHLH CNN 255 recognition based on improved ResNet50 [ J]. Foreign
FEEALRR A TS BB 5T [J]. B I i 5 {7 Electronic Measurement Technology, 2024, 43(4) ; 181-
i, 2023, 37(6) : 59-67. 189.
ZHAO SH H, ZHOU J H, FU Y F. Investigation of [12] HUANG J CH, DUAN N, JI P, et al. A crowdsource-
gesture recognition using attention mechanism CNN based sensing system for monitoring fine-grained air
combined electromyography feature matrix [J]. Journal quality in urban environments [ J]. IEEE Internet of
of Electronic Measurement and Instrumentation, 2023, Things Journal, 2019, 6(2): 3240-3247.
37(6) :59-67. [13] WU CH SH, WANG B B, AU O C, et al. Wi-Fi can do
[6] HUUPN, NGOC T L, MINH Q T. Proposing gesture more; Toward ubiquitous wireless sensing [ J]. IEEE
recognition algorithm using two-stream convolutional Communications Standards Magazine, 2022, 6 (2):
network and LSTM[ C ]. Proceedings of the 2020 IEEE 42-49.
Eighth International Conference on Communications and [14] X, #ER. ET WiFL 5500 24EAFEIT



108 - R R % 38 %
PUIRL (7). W78 HOR, 2023, 46 (6): 473-484.

185-192. [26] MAY S, ZHOU G, WANG SH G. WiFi sensing with
LIU M M, FAN CH L. Human activity recognition channel state information; A survey [ J ]. ACM
algorithm for elderly home based on WiFi signal []J]. Computing Surveys (CSUR), 2019, 52(3) . 1-36.

Electronic Measurement Technology, 2023, 46 (6): [27] CHEN Z, ZHANG L, JIANG C, et al. WiFi CSI based
185-192. passive human activity recognition using attention based

[15] RUAN Y L, CHEN L, ZHOU X, et al. iPos-5G: Indoor BLSTM [ J]. TEEE Transactions on Mobile Computing,
positioning via commercial 5G NR CSI [J]. IEEE 2018, 18(11): 2714-2724.

Internet of Things Journal, 2023, 10(10) . 8718-8733. [28] WANG F, GONG W, LIU J, et al. Channel selective

[16] CHOI H, FUJIMOTO M, MATSUI T, et al. Wi-CaL; activity recognition with Wiki: A deep learning approach
WiFi sensing and machine learning based device-free exploring wideband information [ J]. IEEE Transactions
crowd counting and localization [ J]. IEEE Access, on Network Science and Engineering, 2020, 7(1) ; 181-
2022, 10: 24395-24410. 192.

[17] MENG W, CHEN X C, CUI W, et al. WiHGR: A [29] KABIR M H, HASAN M A, SHIN W. CSI-DeepNet: A
robust WiFi-based human gesture recognition system via lightweight deep convolutional neural network based hand
sparse recovery and modified attention-based BGRU [ J]. gesture recognition system using Wi-Fi CSI signal [J].
IEEE TInternet of Things Journal, 2022, 9 (12): IEEE Access, 2022,10.:114787-114801.

10272-10282. [30] XIAO CHJ, LEIY, LIU CH, et al. Mean teacher-based

[18] JAEHYUN P, YEOJIN J, GAEUN L, et al. 915-MHz cross-domain activity recognition using WiFi signals [ J].
continuous-wave doppler radar sensor for detection of vital IEEE Internet of Things Journal, 2023, 10(14) ; 12787-
signs [ J]. Electronics, 2019, 8(5) : 561. 12797.

[19] ABDELNASSER H, YOUSSEF M, HARRAS K A. [31] CHOLLET F. Xception; Deep learning with depthwise
WiGest; A ubiquitous WiFi-based gesture recognition separable convolutions [ C ]. Proceedings of the
system[ C]. proceedings of the 2015 IEEE Conference on Proceedings of the IEEE Conference on Computer Vision
Computer Communications (INFOCOM) , 2015. and Pattern Recognition, 2017.

[20] ZHANG Y, ZHENG Y, QIAN K, et al. Widar3.0: Zero- [32] CHUNG J, GULCEHRE C, CHO K, et al. Empirical

[21]

(22]

(23]

(24]

[25]

effort cross-domain gesture recognition with Wi-Fi [J].
IEEE Transactions on Pattern Analysis and Machine
Intelligence, 2022, 44(11) ; 8671-8688.

YANG J, CHEN X, ZOU H, et al. SenseFi: A library
and benchmark on deep-learning-empowered WiFi human
sensing [ J]. Patterns, 2023, 4(3) . 100703.
GRINGOLI F, SCHULZ M, LINK J, et al. Free your
CSI: A channel state information exiraction platform for
modern Wi-Fi chipsets [ C]. Proceedings of the 13th
International Workshop on Wireless Network Testbeds,
Experimental Evaluation & Characterization, 2019.
WANG W, LIU A X, SHAHZAD M, et al. Device-free human
activity recognition using commercial Wiki devices [J]. TEEE
Journal on Selected Areas in Communications, 2017,
35(5) . 1118-1131.

FENG C, ARSHAD S, LIU Y. Mais: Multiple activity
identification system using channel state information of
proceedings of the Wireless Algorithms,
12th

wifi signals[ C].

Systems, and  Applications: International
Conference, 2017.
FUZH J, XU J SH, ZHU ZH D, et al. Writing in the

air with WiFi signals for virtual reality devices [ J].
IEEE Transactions on Mobile Computing, 2018, 18(2) .

M. Sc.

evaluation of gated recurrent neural networks on sequence

modeling [ J]. ArXiv preprint arXiv:14123555, 2014.
EEE N

A H R, 2021 4F T A Be 4R 453 5 1
S, B RO B AR I E K= 5 A
ERWI T ) TRLIEA
E-mail: 0521221006@ tute. edu. cn

He Yulang received his B. Sc. degree

i from Longdong university in 2021. Now he is a

candidate in Tianjin University of Technology and

Education. His main research interest includes wireless sensing.

RER (EAEEHR) , 2012 4F Tag Lk
SARAG S 24, 2019 4R THE L K 3RS
Ttz i, B KA L B AR I =
Ui, 32 BF 5 77 1) S Tl R e g L BL AR
S

E-mail: zhaozhibiao@ tute. edu. cn

Zhao Zhibiao ( Corresponding author ) received his B. Sc.

degree from Yanshan university in 2012 and received Ph. D.

degree from Yanshan university in 2019, respectively. Now he is

tutors in Tianjin University of Technology and Education. His

main research interests include industrial intelligent control and

machine learning.



