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Human Activity Recognition Method Based on Millimeter
Wave Radar Sparse Point Clouds
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Abstract: At present, human behavior recognition methods based on millimeter wave radar cannot distinguish similar actions in
complicated scenes. In addition, these methods have the characteristics of low robustness and interference resistance. To address the
above two issues, a universal human behavior recognition method based on millimeter wave radar sparse point clouds is proposed.
Firstly, the method samples the point cloud using the K-means+ + clustering algorithm, and then adopts a point cloud activity classi-
fication network based on attentional feature fusion for the extraction and recognition of human behavior features, which can consider
both the spatial and temporal features of point clouds and has the sensitive perception of sparse point cloud motion. In order to verify
the effectiveness and robustness of the proposed method. the experiments are conducted on the MMActivity dataset and MMGesture
dataset, respectively, with the accuracy of 97.50% and 94.10% on both datasets, outperforming other methods. Furthermore, the
effectiveness of the K-means+ + point cloud sampling method is further verified, and compared to random sampling. the accuracy is

improved by 0.4 %. The experimental results show that the proposed method can effectively promote the accuracy of human behavior

recognition, and the model has a strong generalization ability.
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i MM-PCANet A] LLAR 4F 3t gt phe 3 A~ 18] . dn &l 9 fr 7R
MM-PCANet £ MMActivity 5045 42 (18 16 40 14 7 LA )%
IR R AR R AT, A B T R ER R AT E = R) Y AH
Ik, WEA SR, A ARZm MM-PCANet )% {4 i

REH.
F 1 ARJELE MMActivity 88548 By R3

TR MaFm | EWER/ | BHR/ %
RadHAR & 90. 47 90.98
PointNet+LSTM = 93.37 93.62
PointLSTM J= 94.97 95.27
Pantomime N 94.19 94. 95
MMPointGNN & 96. 97 97. 20
MM-PCANet N 97.50 97.78
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HA R e v, AR5 g HAt 3 A F 5w
JEARB R, WX 3 MA@ siB R . 3£ 2 BARTT
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T bR 2

K9 MM-PCANet 7£ MMActivity % 3% 42 19 VR V8 45 4

BETE MMGesture 284 F 323, H i PointNet+ LSTM
MIMET SRR 70.41%, X J& B H 3Z BRF PointNet fif %5 [
FROESEIURE 1, TEB AR o 9 F B8 ds 4 L R MR 2.
PointLSTM Fl MMPointGNN & # i 3% 43 5] &y 90. 35 % Fil
92.67%, i MM-PCANet 47 5 5 & i i % 94.10%, #*
W T £ 1 1) MM-PCANet 7 & T 22 K % 15 35 # i = 19
AR oA 2 TR A A R AE SR AR

TRH
g
= -0.8
#
o -0.6
l’é
K
= g -0.4
N
-0.2
R
gr
€
-0
i f5a=3 W) b api-¢z]
T bR

& 10 MM-PCANet 7 MMGesture 538 4 (1 1R 7 40 4

# 2 AR EFE MMGesture $04 4 -1 R

LT RuFm | s/ % | R/ %
PointNet+ LSTM Mz 70. 11 70. 47
PointLSTM Mz 90. 35 90. 58
MMPointGNN 92. 67 92. 69
MM-PCANet AZ 94. 10 94. 26

4.4 HEEE

W 3 R s 3 HIAE A B 4 B T MM-PCANet
fF- S 4fE BEE 2 . AT LAFE i Batch Size R, W45 (97 24 4
B LR, fE Batch Size iy 1IN, ERX P EE S B
- 35 e B B 23 BIAE 1 AEAD 19. 40 YR AR 50. 02 T,
6 A2 0T 2 K O T K R AT N MR Y S
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# 3 ANJAl Batch Size © MM-PCANet [ 5 ¥ 4k B 5 fiF fps

AR Batchsize-1 Batchsize-8 Batchsize-16
MMActivity 19. 40 128. 85 212.83
MMGesture 50.02 273.76 489. 70
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