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Human motion recognition method based on

pyroelectric infrared sensor

Xu Xiaobing, Zuo Taotao’> Sun Baishun, Li Qiyue, Wu Gang

(School of Electrical Engineering and Automation, Hefei University of Technology, Hefei 230009, China)

Abstract: Aiming at the privacy exposure, high technical complexity, and low recognition accuracy existing in
the current human motion recognition technology, this paper proposed a human motion recognition method based
on a pyroelectric infrared (PIR) sensor. Firstly, a set of PIR sensors placed on the ceiling and modulated by the
field of view were used to collect the infrared heat radiation signal emitted by the human body when moving, and
the voltage analog signal output by the sensor was filtered and amplified, and then transmitted to the PC through
the ZigBee wireless module and packaged into raw data. Secondly, the two-way sensor output data of the original
data feature was fused, and the fused data was standardized and packaged into training dataset and test dataset.
Then, a two-layer cascaded hybrid deep learning network was proposed to be a classification algorithm of human
motion based on the characteristics of the data. The first layer used one-dimensional convolutional neural network
(IDCNN) to extract features from the data, and the second layer used gated recurrent unit (GRU) to save
historical input information to prevent loss of valid features. Finally, the training dataset was used to train the

network model to obtain a classification model with the best parameters, and the correctness of the model was
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verified through the test dataset. The experimental results show that the accuracy of the proposed motion

recognition technology model for basic motion classification is higher than 98%. Compared with image motion

recognition or wearable device motion recognition, it realizes high-precision human motion recognition with real-

time, convenience, low cost and strong confidentiality.

Key words: pyroelectric infrared sensor; action recognition; one-dimensional convolutional neural

network;  gated recurrent unit
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Fig.5 Diagram of one-dimensional convolutional neural network structure
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Tab.1 Parameter settings for IDCNN-GRU model

Layer(type) Output shape Parameter
Convl d_1(ConvlD) (None,1200,256) 1536
Max_poolingld 1 (None,300,256) 0
Convl d_2(ConvlD) (None,300,128) 98432
Max_poolingld 2 (None,75,128) 0
Convl d_3(ConvlD) (None,75,64) 24640
Max_poolingld 3 (None,18,64) 0
gru_1(GRU) (None,256) 246528
dense_1(Dense) (None,32) 8224
dense_2(Dense) (None,5) 165

P 22 X 2 2 2 I 2 (1) 3 FEKE S 50 epochs 13 N
300, B 300 6. & 10 2280 300 IRIEAC 2 5 15
FI) AR 2 R B, TR 11 SRR R A Y SR L Y
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Tab.2 Accuracy of 5 types of action classification

Action category Recognition accuracy

Run 98%
Walk 100%
Sit 100%
Stand 100%

Fall 95%
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Tab.3 Performance comparison of different models

Network model Accuracy Training time/s
IDCNN 93.8% 178
GRU 88.6% 467
LSTM 91.8% 543
IDCNN-LSTM 98.6% 245
IDCNN-GRU 98.8% 195
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