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Abstract: Gesture recognition using millimeter—-wave(mmWave) radar offers advantages such as
contact—free operation, high detection accuracy, privacy preservation, and robust environmental
adaptability, making it promising for industrial human-machine interaction and smart—home
applications. However, existing mmWave—based dynamic—gesture recognition approaches suffer from
high model complexity, large computational cost, low accuracy, and slow inference speed. To address
these challenges, a lightweight gesture—recognition method is proposed based on an improved MobileViT
network that maintains high accuracy while significantly reducing computational complexity for
deployment on embedded devices. Firstly, dynamic—gesture echoes are captured with an mmWave radar.

After suppressing device noise and background clutter, the data are reorganized into a 3-D matrix
(sample points X chirps x frames). Range—time and Doppler—time maps are then generated via Fourier
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transform and fed into the enhanced MobileViT model for feature extraction and fusion, yielding the final
gesture classification. Experimental results show that the proposed MobileViT model has only 0.167 M of
parameter space complexity and 0.253 GFLOPs of computational complexity. Evaluated on a 12-class
dynamic—gesture dataset, the method achieves 99.31% of recognition accuracy, demonstrating its
effectiveness.

Keywords: gesture recognition; human-computer interaction; mmWave radar; lightweight neural

network
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Fig.5 Dynamic gesture recognition process
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Tablel Constructed MobileViT architecture

layer size stride repeat channels
image 256x256 1 - -
Conv-3x3, | 2 128x128 2 1 16
MV2 - - 1 32
MV2, |2 64x64 4 1 64
MV2 - - 2 64
MV2, |2 32x32 1 96
MobileViT block (L=2) h=w=2 - - 1 96(d=144)
MV2, |2 16x16 16 1 128
Conv-1x1 - - 1 640
global pool 1x1 256 1 1000
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Fig.13 Training loss change curve
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Table2 Comparison of gesture types, datasets, and recognition accuracy for different models

model types of gestures dataset average accuracy/%
1D-ScNN!* 5 4000 96.01
3DCNN-Transformer!'") 6 6000 97.14
TS-13D" 12 4000 96.17
Atten—TsNN!'®! 5 3750 98.15
2D CNN-Transformer!!” 6 3000 99.18
RD-Net!'® 11 5225 98.28
CNN!I 10 5000 96.61
DCNN 14 3500 95.00
transformer Meta—Learning Network!?!! 8 1200 97.18
2D CNN-Transformer!'”) 12 9 000 99.10
the proposed method 6" 1 800 99.20
the proposed method 12 9000 99.31
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Table3 Spatial and temporal complexity of the model in this paper compared with other models

model space complexity/10° time complexity (10° FLOPs) average accuracy/%
1D-ScNN B3] 0.156 0.503 96.01
TS-13D 1% 0.390 289.070 94.44
Atten—TsNN [ 2.520 9.800 98.15
CNN-LSTM 7 0.520 1.970 98.51
2D CNN-Transformer !'") 2210 9.310 99.18
transformer Meta—Learning Network!?!) 2.450 10.710 97.18
SRDS- Transformer %) 0.170 0.217 99.17
MC-CNNZI 0.550 0372 95.83
CNN-LSTM™ 0.520 7.840 98.61
MobileNetV3-small®! 1.520 0.122 94.17
ShuffleNetV2-x0.52¢! 0.350 0.697 96.67
MobileViT 0.955 0.271 97.58
the method in this article (improved MobileViT) 0.167 0.253 99.31
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(a) confusion matrix of the 2D-CNN-Transformer model (b) confusion matrix of the improved MobileViT model

Fig.14 Confusion matrix for gestures
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(a) feature scatter plot of the 2D-CNN-Transformer model (b) feature scatter plot of the improved MobileViT model
Fig.15 Comparison of feature scatter plots between models
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