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W E AWML TAME S K (Frequency Modulated Continuous Wave, FMCW) & A 9 ARAT AR FE R Z R AR E A
AP Z R TR AL E ML K AR IR AN G ERRIFERBRARA G F M, 4T F A, 2k — A TREMEL
o FMCW F X ARITHRAN F ik, BE N FEAERBMIBES LR BT A G M S S P 38E 8, A AR A AR 6 5
E A A B AR iE & A 3 (Convolutional Block Attention Module, CBAM) 5] A\ 3% 2 M % 64 3% £ 3 F M2 5 LA ,CBAM %
EHEBARETEAFERAFTEHRENEERSE . ANIANAERET KPR TRERAT SO ERENRGEL G
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FMCW Radar Human Behavior Recognition Based on Residual Network

LUO Jinyan' ,CHANG Jun'?,WU Peng' ,XU Yan' and LU Zhongkui'

1 College of Information Science &. Engineering, Yunnan University , Kunming 650500, China

2 University Key Laboratory of Internet of Things Technology and Application, Kunming 650500, China
Abstract For the existing FMCW radar human behavior recognition methods are mostly done by deep convolutional neural net-
works, however, with the deepening of the network,there will be problems such as the difficulty of network training will increase
or the feature extraction will be insufficient. A method for FMCW radar human behavior recognition based on residual network is
proposed. The micro-Doppler time-domain spectrogram of each behavior is obtained by analyzing and processing the radar echo
data,which is used as the classification feature of the recognition model. The convolutional block attention module(CBAM) is in-
troduced into the residual block of the residual network to build a recognition model. CBAM pays attention to the color change of
the spectrogram and the position information of each color in the spectrogram, while introducing adaptive Matching normalization
and changing the convolutional structure of the input part of the network improves the feature extraction ability of the model.
Through experimental verification, the average recognition accuracy of the model can reach 98. 17 % ,and for behaviors with simi-

lar micro-Doppler features, the recognition accuracy can reach 95% , which prove that the model has good recognition perfor-

mance.

Keywords FMCW radar, Micro-Doppler spectrograms, Behavior recognition, Residual networks, Convolutional block attention

module
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Fig. 8 Chart of learning rate training comparison
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Table 1 Model parameter setting
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3, 1 128)
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Table 2 Cost comparison
ik Params FLOPs FHEH R/ Y
AR CHE AL 11761976 35612184960 98.17
Resnetl8 11689512 2382254592 95.50
)7 — 1% % % BN 11769656 35738014080 96. 83
& CBAM 11761192 35595125120 96.5
BMNKRH TXT AR 11768872 34325126784 95.3
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Table 3 Comparison of the proposed model and other models

Fh XA THER O AE TRERE KEWER % LA REBEBRE/%
% 5 0F w22 1-ER & E K EE — BERXEIHTR 87.00
FMCW 5 (23] 12-% W B 4 4 3 A 11 REAREDETE 94. 20
FMCW & #015]  6-(ZER+%E4) HE-ES.HE-SEH EH-SLH Kb 56 CNN+LSTM 94. 25
FMCW 7 £ [24] T-EnN EH-%EHEE 20 CNN 95. 00
FMCW & %210 6-(Z A+ %4 Wi EH R+G+B =@ 56 CNN 97.58
FMCW & % 6-CE W+ % 45 % % &k A 56 A A A 98.17
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