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Abstract

Based on the shortcomings of some existing human fall detection models, such as complex imple-
mentation and poor applicability, this paper proposes a new simpler and more applicable human
fall detection model. This model is a human fall detection model based on GRU neural network and
key points of human bones. In this model, the key points of human bones are identified and de-
tected through Alphapose for each frame of image, Then the obtained bone key point data is nor-
malized data processing, and then grouped and input into the GRU neural network for time series
feature extraction, finally, the output vector of the hidden layer in the GRU model is input to the
fully connected layer for processing and the detection result is obtained. This article uses the UR
Fall Detection Dataset Rzeszow University fall data set for test experiments, and horizontal com-
parison with the experimental performance of a variety of detection models. Experimental results
show that the model in this paper has higher detection accuracy than other models in multiple
scenes, multiple perspectives, and multiple falling postures, and the difficulty of implementation
is lower than other models.
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Figure 1. Fall detection flow chart
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Figure 2. Alphapose skeleton point detection
model
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Figure 3. RNN structure diagram
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Figure 4. LSTM structure diagram
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Figure 5. GRU cell structure
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Table 1. RNN experimental sample classification results
2 1. RNN SEIG#F AR5 28R

P1 P2 P3 P4 P5 average
TP 22 19 18 24 22 21
FP 5 1 1 6 2 3
FN 2 5 6 0 2 3
TN 27 31 31 26 30 29

Table 2. LSTM experimental sample classification results
2 2. LSTM SLIGHEAR 3 XKL R

P1 P2 P3 P4 P5 average
TP 21 21 22 21 23 21.6
FP 2 2 2 0 2 1.6
FN 3 3 2 3 1 24
TN 30 30 30 32 30 30.4

Table 3. GRU experimental sample classification results

5% 3. GRU SEIgfEAR 9 HRER

P1 P2 P3 P4 P5 average
TP 24 21 21 22 24 22.4
FP 2 0 0 0 2 0.8
FN 0 3 3 2 0 16
TN 30 32 32 32 30 31.2

L 3 AMANERERI) TP, FP, FN, TN 0] LLREL GRU AN TE BRI A I I A& 18 A RS FE A 1
IR 2 v T AT . (R 3 MY average FOEER T HAFALTL ) Accuracy il MA, &5 UnEE 4
Fime MEFFTTLUE H, ASCHEH 1 GRU (R IR T 78 #E A R AR X L0 2 T RNN fil LSTM £
A,

RNV BAREEMM R, B 6, K7 2Rl ARSI A B 3 AN HER) % Accuracy il
TR MA ST LT 2R I N ] DU, GRU B TE AN [] (1) S A R 24 R B H AR - LA B TR () M e

Table 4. Comparison results of different models
4 FEEBFELER

RNN LSTM GRU
Accuracy 89.3% 92.9% 95.7%
MA 12.5% 10.0% 6.6%

A GRU #AjET 5 RNN, LSTM #RIFE T X LS 2] 530208 TP, FP, FN, TN [SRIGREAR, 153
{14 ST 56 B 0455 R FH 58 SCEAIEVE (1) LA MR BEA AP 34 (8 . S0 K3 % 1 GRU AHEL T RNIN R R 215
6.4%, FHELT LSTM 7242 2.8%. A 1R Sl R ABEREI IR AR D KR BEIFEAR, MA B/NMERE
M. E3 AT, GRU A RIKMIINER MA.
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Figure 6. Accuracy comparison line chart
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