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Real-time fall detection method for FMCW radar based on LACNN
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Abstract: Aiming at the problems of excessive computational complexity and large number of parameters in existing
radar fall detection methods, this paper proposes a lightweight adaptive convolutional neural network, LACNN,
Firstly, micro-Doppler features are extracted from the human activity echo signals acquired by the FMCW radar.
Secondly, Initial extraction of features using an improved lightweight ShuffleNet network. Then, the features are
refined using a lightweight channel-space attention module with an efficient asymmetric convolutional kernel parallel
multi-scale feature extraction module. To improve the generalisation ability of the model, a convolutional batch
normalization AconC module is embedded in the model. Finally, the fused features are fed into the fully connected layer

for detection. Comparison results with other network models show that the proposed model achieves an F1 score of

99. 33% , which is an improvement of 0. 61% ~4. 10% , while maintaining a lower computational cost, with FLOPs of

only 1. 047 M and model parametric quantities of only 69. 09 M.
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S R R RGBS B 5 SRS T P R AE
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Fig. 1 Schematic diagram of DTM with different behaviors
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Fig. 4 Structure of the improved ShuffleNet model
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Fig. 6 Network structure diagram of CA module
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Table 1 Parameters of the experimental environment

W53 BARfEE
GPU NVIDIA GeForce RTX 2080Ti
0S Linux
Python 3.9.6
Pytorch 2.1.0
Learning rate 0.001
Epoch 100
Batch size 64
Optimizer Adam
Input image pixels 224 X224

(b) EMREFEAR
(b) Image flipping results
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Fig. 10 Schematic diagram of the expanded DTM
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Fig. 11 Loss curves for model training
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a5 RN 2 fis, WA RBW L AU R £
BEM S bR ARG T A B A R B T AR e RE . HAA
Ui, RETE FLOPs Jr M, 4% SCAE 3 MobileNetV3 _
small 3§ I 7 0.006 G, {H 76 4 W K B2 b, P AT
4.655% . [G1FEH, 45 F Parameters J7 1A, 4~ SC A AU [
LWCNN ZH T 0.833 M, HEEK RG-S 88 m T
3.53% . IXELELHE T, A OB R E AR R AR 1Y
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Table 2 Comparison results of different network models

A A P R F1 FLOPs/G Para/M
ResNetl8 0.959 0 0.963 4 0. 986 4 0.974 7 1. 824 11.178
ResNet34 0.976 9 0.978 4 0.996 7 0.987 2 3.678 21. 286
MobileNetV3_small 0.917 3 0.916 5 0.995 9 0.952 3 0. 063 1. 520
MobileNetV3_large 0.926 6 0.923 4 0.999 2 0.957 8 0.233 4. 205
LWCNN 0.940 8 0.959 0 0. 965 3 0.961 9 0. 220 0.214
RNCK-SENet 0.956 5 0.967 2 0.986 8 0.976 1 1. 854 12.083

7R3 0. 988 2 0.989 7 0.997 0 0.993 3 0. 069 1. 047

3.4 iffl CBA #AIXF BRI

NRGNERTE CBA BEHAE AR R RE L A9 7 7 TTRK

o 40 o

ASCBLE T CBA 5 CBR SR XT LE S50, 253 W3k 3 B
R R B, CBA B9 hf FH 75 4E :5 B Parameters 5
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Table 3 Comparison of results between CBA and CBR
Y A P R F1 FLOPs/M Para/M
LACNN-CBR 0.978 5 0.9913 0.980 7 0.986 0 69. 09 1. 047
LACNN-CBA 0.988 2 0.989 7 0.997 0 0.993 3 69.09 1. 047
FLOPs ARG BL T » 58 3 42 T+ T 45 B (19 2% 300 2F 47 45 4% RSB AR IER 4 TR

Ak Ul, AVR.F1 HA4 A& T 0.97%. 1.63%.
0.73% . X —Z5RIRA ST AconC A i R 3 Bl
il FE R R AT 55 R i A AL MR e . ST SRS IT N
Z T CBA B HESR L & R IT .
3.5 HELMER

ST OB T AR R e 0 A R, AR SO L e i
ShuffleNet fEAFEEHEM 4 GERBER A& iF T — R FIH

ARSOKE CSA 55 He 4 5 28 36 v 45 L Mg B S B B,
ZER R R B AP.R DL M F1ESE TR A, X
FEAFUEM] T CSA BEH AL 48 T4 8 P B 5 T A9 A 2k .

A SCH ACK-PMFE #5532 bl 28 B 1 9 45 vh DL el B
BC, ZERPR,BM CH AP.R K FLEITH
AL FRY] ACK-PMFE £ e X F 48 7 #8201 i [7) B B
B ESR.

x4 EHRHARERE
Table 4 Ablation study results
1 51 Base Line CSA ACK-PMFE A P R F1
A J 0.929 7 0.966 6 0.959 0 0.959 0
B N J 0.980 3 0. 986 0 0.997 4 0.988 9
C N/ J 0.981 0 0.9855 0.993 0 0.988 9
D N NG J 0.988 2 0.989 7 0.997 0 0.993 3
AR CSA Fl ACK-PMFE WA 45 B 7] i 4% in 3] 3 T
WER 25 LI AR D, 25 BoR B DM AP LK
F1 {08 T H A k76 AE W] T A SO oo s |l ——(O—1880—— v |
A TE AR BT P RE T A O 555
3.6 HBRLIFRIEXS LR I comosin @ cooerain

N T AT PR AR SCHR 1 ACK-PMFE #4858 He #6527
REFE TH . 2 M2 U5 1 LA R vk B3 0% 5 i 1 0 5 s AS F 5T i
T — X B 4 B IT AT 22 RUBE FRAE $2 B (symmetric
convolution kernel-parallel multi-Scale feature extraction,

SCK-PMFE) L H 1 A X} BESZ 8, anfel 15 s,

B 15 SCK-PMFE f4 ™ 4% 45+ &

Fig. 15 Network structure diagram of SCK-PMFE

Mg R an sk 5 B, Bk E . ACK-PMFE 1& i 7
FEARIYE B8 5 0 R R A B . A A, 8 SCK-PMFE,

RS BREXMREMEERE

Table 5 Comparison results of symmetry

5Ll A P R F1 FLOPs/M Para/M

A 0. 9297 0. 966 6 0. 959 0 0.959 0 38.63 0.243

A+ SCK-PMFE 0.970 6 0.989 6 0.976 9 0.983 2 93.05 2. 983
A+ ACK-PMFE 0.988 2 0.989 7 0.997 0 0.993 3 68.98 1.014

ACK-PMFE f4 Parameters Fl FLOPs 23 %3 /> T 1. 969 M
24,07 M, X —25 R FEAPUESL T A FRE BV BETT 78 BR
AR 4 B 5 AR LA B 48 T 90 465 1 68 T I A sk
FOL R E

4 % it

AT 0T 28 A N R AR A I R 32 R T R A O

N B2 M 4% (LACNND B2 8, B3 7 18 3 A 3.
LACNN 1§28 9% ShuffleNet ZERll I, 635 1 @ & T &8
TE-25 (A 3 L AR X RS BRI AT 22 R R AT 2 OB
B e B 10— 1k AconC AR, SEEE T 7E FR IE A5 R 4%
HALY R B, W R A A P RE . LIRS R AR,
LACNN 7E R % ORSif FE VH 1R F1 2805 48 4 L B0
TF ResNet. MobileNetV3 4¢ £ i [ 4% DL & LWCNN,

o 4]
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