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Millimeter Wave Radar Human Activity Recognition Algorithm Based on Feature Fusion

HAN Chong,FAN Weibei and GUO Ao

College of Computer,Nanjing University of Posts and Telecommunications, Nanjing 210023, China
Abstract The human activity recognition method based on millimeter-wave radar captures the electromagnetic wave signals of
human activities in non-contact way for recognition. It is not easily interfered by smoke and light, which has a certain degree of
privacy protection,and has become a research hotspot at present. However, the existing algorithms have some problems, such as
single feature input,complex model structure,and insufficient generalization ability verification. A human activity recognition al-
gorithm with two stream feature fusion convolutional neural network is proposed,named 2S-FCNN, which uses the residual neu-
ral network equipped with attention mechanism as the backbone network, inputs the time-distance image and the time-velocity
image in parallel,and uses the feature weighted score fusion method to fuse the features for classification and recognition, so as to
achieve a high recognition accuracy. A set of in-depth comparative experiments are conducted with other existing algorithms on
both public and self built datasets,and the experimental results show that the proposed algorithm has good performance in recog-

nition rate and generalization ability.

Keywords Millimeter wave radar, Human activity recognition, Feature fusion, Attention mechanism
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Fig. 4 Model network structure
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Table 1 Experimental results of different fusion strategies
Bu AR
P & BHBEE
AAER 1 98.75 97.42
AAHR 2 97. 66 96. 54
a3 95.32 93. 41
2S-FCNN 99.70 99. 49
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Table 2 Experimental results of weight score fusion/weight division
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Bo R E L L Tb E—
AFHERE  BREER
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IR 2 T LA SR 525 Lo A0S XL 53 32 00 2% 114 45 SR ik
T, AR WL R L TR - ARER, X2
P AEAT 29 20 JAT 55 v B {5 T e 1) B P ) 2R T

PP P IR BE B R, AN & RO R s R AR . [ A
b, 2o R e I S PR A AL ol B R DU 2 I e ] BB T
BARAT AT R A . R SE 0 i B ] S R TR RT
P ] S 5 PR A R f AN B HE Ry 822,

3)HEET Glasgow 2 TR 4R 1 52 95 45 8 Bt L

ARSI 2R FIASL G B 19 T 2, 8 U AR AE il A A5 Y
5O AR AN TR RO 4 L EAT T 10 KSR IR AR TR
PRMERG 2 4T [0 3 K 5 3 A F1-Score B9 X Hb 25 5, B A& 40
% 35,

3 WS A R (AT RS

Table 3 Comparative experimental results(public dataset)

A EHE/% RS RS F1-Score
ResNet18L13] 98. 40 0.9221 0.9180 0.9200
Taylor %11 95. 30 0.9917  0.9927 0.9919

VGG19K17] 96. 86 0.9583  0.9603 0.9591
Victoria % [15] 97.58 0.9500  0.9500 0.9500
Abdu % [16] 99. 77 0.9689 0.9704 0.9696
2S-FCNN 99. 70 0.9976  0.9975 0.9970
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Table 4 Comparison of model computation, parameter quantity,

and inference time

) Flops Params Time Inference/ms
ResNet18L13 1. 01Gmac 11,27 108 214
VGG19LHT] 4. 92 Gmac 33.68 X108 623
Taylor 411 674. 35 Mmac 24, 32X 105 301
Victoria 4 [15] 979. 2 8Mmac 27.87x108 412
Abdu % L[16] 4. 96 Gmac 30.26 <108 368
2S-FCNN 2. 04 Gmac 22.83X108 284
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Table 5 10-fold experimental results of 2S-FCNN(self-built dataset) B M AT X 48, 1 HL B 5 A 2 AT R B B AT o B e 1 1R
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LA T B 2 4 B 0 B0 1 B S AT AR B AR AL O T B B
2 00, 21 S50 245 70 U 9 1 B R R BV X 4y 5 OR F R L AR
3 99.43 P& HH 1 U A A 7R s (] S R RN B ) B S R RE B 4 A
4 99. 43 e s e e . '
. 90, 62 2 AEAE AT A TE S5 B I AT A 43 2R U T AL A,
6 99.81 F 6 AL AR CH AR
; ;; zz Table 6 Comparative experimental results(self-built dataset)
9 99. 43 # A wHE/Y  AEER/Y% KEER/% F1-Score
10 99. 62 2S-FCNN 99. 49 99. 76 99.75 0.9970
AVG 99. 49 ResNet18[13] 97.02 95. 83 96.03 0.9591
VGG19017] 83.78 96. 89 97. 04 0.9696
16 HEHYEE L 2S FCNN #E 47 10 WSE5: . F 3 1 % Victoria 415 92.71 92.21 91. 80 0.9200
RefigikF) 09.488% . 32 6 FIH T 2S-FCNN HI 4 fi it 3 7 A Abdu %[16] 97.97 99.17 99.27 0.9919
Taylor % [11] 94, 23 95. 00 95. 00 0.9500
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Table 7 Comparison of predicted results for each behavior in different models
HA A7 % AT 35 5L AR HE B K e 2 7R HHy %1% 5k
2S-FCNN 99.5 99.9 99.9 99.8 100 100 99. 1 99.8 100
ResNet18L13] 97.4 96. 2 97.7 98.3 97.6 99. 4 96. 23 95.5 96. 6
VGG19H17) 57.6 93.3 90. 4 96.7 89. 4 84.0 98. 4 65.2 75.0
Taylor % [11] 96. 2 94.1 94,2 93.2 94.5 96. 3 95. 4 87.5 90. 2
Abdu %[16] 98.0 97.1 98.5 97.1 98.9 99.7 97. 4 89.3 90. 4
Victoria 4 [15] 95.9 96. 7 97.9 95.8 93.0 94. 6 94.7 80. 0 73.9
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