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Abstract: Compared with narrowband Doppler radar, ultrawideband radar can simultaneously acquire the
range and Doppler information of targets, which is more beneficial for behavior recognition. To improve the
recognition performance of fall behavior, frequency-modulated continuous-wave ultrawideband (UWB) radar
was applied to collect daily behavior and fall data of 36 subjects in two real indoor complex scenes, and a
multi-scene fall detection dataset was established with various action types; the range-time, time-Doppler, and
range-Doppler spectrograms of the subjects were obtained after preprocessing radar data; based on the
MobileNet-V3 lightweight network, three types of deep learning fusion networks at the data level, feature level,
and decision level were designed for the radar spectrograms, respectively. A statistical analysis shows that the
decision level fusion method proposed in this paper can improve fall detection performance compared with those
using one type of spectrogram, the data level and the feature level fusion methods (all P values by significance
test method are less than 0.003). The accuracies of 5-fold cross-validation and testing in the new scene of the
decision level fusion method are 0.9956 and 0.9778, respectively, which indicates the good generalization ability

of the proposed method.
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Fig. 1 Overall research block diagram of deep learning fusing ultrawideband radar spectrograms for fall detection
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Fig. 15 Curves of accuracy and cross entropy loss of 5-fold cross-validation using one kind of spectrograms for fall detection
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Fig. 16 Curves of accuracy and cross entropy loss of 5-fold cross-validation using fusion methods for fall detection
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Tab. 2 Comparison of evaluation indicators for 5-fold cross-validation of fall detection (Scene 1)

eit) Ac Pr Se Sp F1 score
S B BT ) 1 0.9923 0.9899 0.9889 0.9950 0.9894
A PR £ il 0.9822 0.9712 0.9756 0.9856 0.9734
B [0) 22 3 i 0.9893 0.9834 0.9844 0.9917 0.9839
LACE Ll ey 0.9933 0.9911 0.9889 0.9956 0.9900
il 779 FROE RS 0.9866 0.9757 0.9844 0.9878 0.9801
RS 0.9956 0.9933 0.9933 0.9967 0.9933
7 3 TRIER Z BB EI MM s Xt EE (55 2)

Tab. 3 Comparison of fall detection performance between different models (Scene 2)
o gis Ac Pr Se Sp F 1 score
B B9 I [ 3 0.9537 0.9235 0.9389 0.9611 0.9313
Hf A P 2 0.9167 0.8571 0.9000 0.9250 0.8781
I [1] 22 3 i 0.9519 0.9231 0.9333 0.9611 0.9282
Eie i e 0.9574 0.9701 0.9000 0.9861 0.9337
[ RrS FRIESR Al 0.9482 0.9750 0.8667 0.9889 0.9177
PRGNS 0.9778 0.9883 0.9444 0.9944 0.9659
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