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ABSTRACT

In this paper, we implement a fall detection system through combining CNN(convolutional neural network)
and LSTM(long short term memory) that are kinds of image data processing and sequence data processing,
respectively. A dataset of three common human postures(standing posture, sitting posture, and lying posture)
was collected using a non-contact infrared thermal array sensor. The output is obtained by employing a
CNN-LSTM combination method, in which the sample data is first fed into the CNN, and the output of the
CNN is then utilized as an input for the LSTM network. In this paper, the accuracy was compared and
analyzed after implementing fall detection systems in two deep learning models,(CNN-LSTM,
ResNetCNN-LSTM), through video datasets collected using non-contact infrared thermal array sensor. Future

research directions are proposed based on the accuracy of the experimental data.
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Table 1. Input parameters for each model. 2004 — "ait"
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1.75 1
Model Parameter Value
Number of epoch 1010 1301
Learning rate 1074 1.251
Dropout rate 0.5 2 1.001
CNN-LSTM Input du.n, 512 0.75 A
Output dim 256 0.50 4
ResNetCNN- Input dim 512 0.25 1
LSTM Output dim 256 ‘ ‘““ i) 1 1 I
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Table 2. Experiment equipment training scores
1.0 — train
Company Sparkfun NVIDIA NVIDIA R R— ‘TS‘ | I
Model MLX Jetson RTX 0.8 r
name 90640 nano Titan 0.7
-
Z
g 0.6
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Table 3. The number of classes and datasets used in the 04 ]
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0.3 1
Class Number of dataset 0.2
Normal 551 0 200 400 600 800 1000
Sit 592 epochs
Fall 500 2] 9. CNN-LSTM<®| A8 ZH3KAl : Loss 3} : Accuracy)
Total 1643 Fig. 9. CNN-LSTM’s result of experiment(upper : Loss
lower: Accuracy)
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Fig. 11. CNN-LSTM prediction result

filename Yy y_pred

0 v_Fall_g01_c415 Fall Fall

1 v_Sit_g01_c435 Sit Sit
2 v_Sit_g01_c288 Sit Sit
3 v_Sit_g01_c313 Sit Sit

4 v_Fall_g01_c317 Fall Fall

1638 v_MNormal_g01_c93 Normal Normal
1639 v_Sit_g1_c117y Sit Sit
1640 v_Sit_g01_c455 Sit Sit
1641 v_Normal_g01_c434 MNormal Normal

1642 v_Fall_g01_cg8 Fall Fall

1613 rows = 3 columns

32 12. ResNetCNN-LSTM ©il5 A%}
Fig. 12. ResNetCNN-LSTM prediction result
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