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Abstract
The purpose of this paper is to explore how to achieve real-time monitoring of elderly safety
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through lightweight human motion recognition technology. The safety of the elderly has always
been a matter of great concern, especially in modern society where many elderly people live in so-
litary environments and lack timely care and attention. In order to monitor the safety of the el-
derly in a timely manner, this paper proposes a lightweight human action recognition algorithm
for a real-time monitoring system for the elderly. This paper uses a combined architecture of
convolutional neural network and recurrent neural network with long and short term memory,
combines the superior performance of convolutional neural network in image feature extraction
process and the characteristics of long and short term memory neural network for temporal data
processing process, and conducts detailed experimental validation, the experimental results show
that the lightweight human action recognition algorithm proposed in this paper has significant
advantages.
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Figure 1. Structure of RNN
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Figure 2. Structure of LSTM
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Figure 3. Structure of a Bidirectional-LSTM
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Figure 4. Structure of a Bidirectional-LSTM
& 4. W= LSTM 545
Table 1. CNN-LSTM network parameters description
% 1. CNN-LSTM MI4&&#i5AA
BB J==/ ZH i B e T
Conv2d 1 kernel size =[7,7, 3, 16], stride=2 [126, 126, 16]
MaxPool 1 kernel_size =[5, 5], stride = 2 [62, 62, 16]
Conv2d 2 kernel _size =[3, 3, 16, 32], stride =1 [60, 60, 32]
. B MaxPool 2 kernel_size =[5, 5], stride = 2 [29, 29, 32]
ML RHAE SR B (AR
Conv2d 3 kernel _size =[3, 3, 32, 32], stride =1 [27, 27, 32]
MaxPool 3 kernel size =[5, 5], stride = 2 [12, 12, 32]
Conv2d 4 kernel _size = [3, 3, 32, 64], stride =1 [10, 10, 64]
MaxPool 4 kernel_size =[5, 5], stride = 2 [4, 4, 64]
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iRt Fliping [1,4096]
LSTM 1 kernel size = [4096, 1024] [1,1024]
LST™M LSTM 2 kernel_size = [1024, 256] [1,256]
LSTM 3 kernel_size = [256, 128] [1, 128]
. B Attention_1 kernel _size = [128, 16] [1, 16]
TER I
Attention 2 kernel size =[16, 128] [1, 128]
) FC 1 kernel size = [128, 32] [1,32]
IR
FC 2 kernel size =[32, 1] [1, 1]
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Figure 5. Real-time monitoring system composition for the safety of the elderly
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Table 2. Hardware platform description
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. 16 #Z:0 24 £6F2, 8 MEREZ S 8 MRERUZ, 45T
2 CPU Inter Core i9-12900KS PRI
meroret LI TRERSHEAT T 1R
izl FS Ny
3 B NVIDIA RTX 3090 NVIDIA Ampere 2844, A 5] A\ NVIDIA DLSS(i%

JE2E ST GCR AR B I MERESRTH,  \BAF 24GB

AR E B R AT 6 KRB LA 3.

Table 3. Software platform and version description
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1 THENAMHAIEEE  Opencv-python 4.5.5.64

Jp1A H 2
2 TG S Python 3.7.6 SR T4 -
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Figure 6. The convergence of the model with different learning rates

6. ERRREIRIE > REHRER A UEE I

HIF 6 AIkD, 2% 5] R BLE N 0.0005 I AR RIS SRR JBE 5l 2 PR, 4 2] R BN 0.001 5 0.005 I
B WSIOR A ZZ AR, B2 2R BE N 0.005 I RCRIE . IR IE A STHE H ) AR SR IR ) 50923 1
HRa:, S 2SR I R B X 2% (Spatial-Temporal Attention Temporal Segment Network, STA-TSN) [27]+
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LA Transformer (Multi-Modal Video Transformer, MM-ViT) [28]#1i %538 X J3: & /) Transformer
(Spatio-Temporal Cross Attention Transformer, STAR-Transformer) [29] 5.5 7E A FF #¥54E UCF101 [30] Lt
AT 7RI, gt B e R AR ] 7 Fros .
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Figure 7. Accuracy curves of different models using the same environment and parameters

[ 7. FHBENFER S B NEER AR T Lk
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HEERM, H5 STAR-Transformer. MM-ViT SyE R BRI R X BB AR SCR . TR EELEN
R R ARSI 25 R an e 4 Fios.

Table 4. Detection speed and average accuracy of different models on the test set

4. PEERENNE ERNIEE R FIEHRE

AP BRI 2 () ZHEM) DA AR R A 2
STA-TSN [27] 0.243178 60 0.89
STAR-Transformer [29] 0.565114 11 0.93
MM-VIT [28] 0.480212 24 0.95
Our method 0.149286 5 0.97
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