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Abstract

Nowadays, the aging of society is gradually increasing, and the care of the elderly is increasingly
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prominent. The recognition of abnormal behaviors of the elderly based on video recognition aims
to help the elderly care problems. However, relevant public data on abnormal behavior of the el-
derly in this field are scarce. In response to this situation, this paper collected the data of abnor-
mal behavior of the elderly, and designed a recognition model of abnormal behavior of the elderly
(RAAE, Recognition model of Abnormal Action of the Elderly) based on few-shot learning. The
network obtains the patch-level spatial information through the patch-level enrichment module,
and then obtains the inter-frame temporal semantic information through the channel attention
module. Finally, time modeling is performed through Cross Transformer. The experiment shows
that compared with previous models, the recognition accuracy of the network for abnormal beha-
vior of the elderly has been improved by 4.7%.
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Figure 2. Example of abnormal behavior video
E 2. REITAIGRERE

AR 2N TR ETE R AT NN, HE T 12 AN FERERZFENREAT L. e 7
RIS . Forb EAEST I/ BB PR S AL S, M. . SRR, /Mt g4y
HOBEX. TR MRS, a1 B 2oRIET[24] [15]. R EN R, BN RET
NGRS E 900~1000 VBN . 5] 2 BoR 7 H A R EAT NG T, a ZEME, b M.

DOI: 10.12677/csa.2023.133045 468 HEYLUREE SR


https://doi.org/10.12677/csa.2023.133045

FHSH, AR

IET (%)
0.7
0.6
0.5
0.4
0.3
0.2
0.1
0
O O O O O O O O O O O O O O O o o o o o
O O O O O O O O O O O O O O O O oo O O O
N O 60 O < &N O 0 O < &N O 0 O < N O 0 O <
e NN NN O N0 000 d N MM N
D B I B B B |
episodes(1)
Figure 3. TRX training accuracy line chart
B 3. TRX g MR E
ER (%)
0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1
0
O O O O O O 0O O 0O O 0 O O O O O O O 9O O
O O O O O OO O O 0O O O O o o o o o O o
N O 00 O < N O 0 O I NN O 00 O < N O 0 W <
- = N MmO < NN O™~ 0 0O O Hd N M on < N
R I B I B B I |
episodes (1)

Figure 4. RAAE training accuracy line chart
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