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i E 2YFEREANA—ATT) AHAMKEZRAR, LB ABERFHIHIE. o EREFL MPA Wi-Fi, 332
IR TG F R, P, T — A R E A WA AR A M % (Two-Stream Fusion Networks, TFNet) 8 &, 3% £ A BE ¥ VA @k
&P F B4R F A (Air-writing Energy Images, AEls) #= & = B 18] 5 %] 4% /£ B (Point Cloud Temporal Feature Maps, PT-
FMs), LA EBESH B A MG hia N, Rt , AT —HEETENSBRIEZFTFERRANA L, ZEAARARMMA
FRBAFERSERBHIERE S ANLEE A9 A6 E G S = 348, £ & AELs /= PTFMs, % 3L % £ & 204 o 18] xf
Fo B XML S F R UA M FEHELRTRERR . ELHEDMRRE, BRERX S L ARER BLT SHEE T
R IER I XL ARG TERGH R, RESLEREZEZTHF 09X 10 AMKFH T FF 5HRIEFHER k477
L EREP IRBRAERANFETERTARAZSER AAARBRGEHR. A5 FFERAANES PR BN ZRY,
TRASHERBEZTFERRANESTHAZT L,

KER ZERATEFAMNMERAEFT SRS 2P F 5hiA

HESES TP391

Multimodal Air-writing Gesture Recognition Based on Radar-Vision Fusion

LIU Wei, XU Yong, FANG Juan, LI Cheng,ZHU Yujun, FANG Qun and HE Xin

School of Computer and Information, Anhui Normal University, Wuhu, Anhui 241002, China

Abstract Air-writing gesture recognition is a promising technology for human-computer interaction. Extracting gesture features
with a single sensor, such as mmWave radar, camera, or Wi-Fi, fails to capture the complete gesture characteristics. A flexible
Two-Stream Fusion Networks(TFNet) model is designed, capable of fusing Air-writing Energy Images(AEIs) and Point Cloud
Temporal Feature Maps(PTFMs) ,as well as operating with unimodal data input. A robust and reliable multimodal air-writing
gesture recognition system is constructed. This system utilizes a hard trigger to start and end multi-sensor data acquisition, pro-
cessing image and point cloud data within the same time sequence to generate AEls and PTFMs,achieving temporal alignment of
multimodal data. Branch networks are employed to extract features of gesture appearance and fine-grained motion information. A-
daptive weighted fusion of the dual-stream decision results is used,avoiding the complex interactions of intermediate multimodal
features and effectively reducing model loss. Data of ten air-writing gestures representing digits 0—9 are collected from multiple
participants to evaluate the model. The results indicate that the proposed model outperforms other baseline models in recognition
accuracy and demonstrates strong robustness. The model shows significant advantages in air-writing gesture recognition tasks,
making it an effective tool for multi-sensor air-writing gesture recognition.

Keywords mmWave radar,Computer vision,Deep learning ., Multimodal fusion, Air-writing gesture recognition
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Fig. 1 Air-writing gesture recognition system based on multimodal fusion
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Fig.4 Structure of PTFM
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Fig. 8 Data collection equipment and visualization interface
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Fig. 9 Trajectories of ten types of air-writing gestures and

experimental environment
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Table 2 Air-Writing dataset

fﬁ J-E N AEIs # & SR s
Bk NOE  DOE NOE  DOE
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3 840 840 840 840 3360
4 840 840 840 840 3360
5 840 840 840 840 3360
6 840 840 840 840 3360
7 840 840 840 840 3360
8 840 840 840 840 3360
9 840 840 840 840 3360
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Table 3 Baseline model testing results
FHERE/ K
W 4 FE 7% —_—
NOE DOE
1 LSTM 75.97 75.63
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Fik
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5 PointNet 85. 40 85.12
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A .
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EES . -
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i 3 TFNet 98. 48 95.56
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Fig. 12 Recognition performance on public datasets
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