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Human Behavior Recognition System Based on Infrared Array Sensors

WANG Zhaojun, XU Zhimeng, CHEN Lianggin
(College of Physics and Information Engineering, Fuzhou University, Fuzhou 350108, China)

Abstract: With the increase in the aging population, the demand to identify and monitor the daily activities
of the elderly is growing. A monitoring system can effectively prevent accidents of elderly people. The
traditional activity monitoring system based on the use of camera or wearable sensors has issues, such as
privacy violations and inconvenience of use. Therefore, this study designs a human behavior recognition
system based on infrared array sensors. The system recognizes activities on different temperature
distributions in the environment. There is no need for the sensor to be worn by the elderly. The sensor is
small in size, easy to install indoors, and can work in the dark. In addition, the data acquired by the sensor
have a low resolution; therefore, there is no privacy violation. The designed system has significant
advantages over the traditional systems. The features are extracted from the obtained temperature data, and
the K-nearest neighbors algorithm is used to identify the three poses of “walking,” “sitting,” and “falling.”
The experimental results show that the average accuracy can reach 95%, of which the accuracies for falling,
walking, and sitting are 97.5%, 100%, and 92.5%, respectively.

Key words: activity recognition, infrared array sensor, multi-feature extraction, KNN algorithm
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K1 AEEBFIMMESE Tablel Specifications of the sensor

Project Model / Performance

Model HTPA 32X 32 dR1L 5.0/0.85F7.7eHiC

Number of pixels 1024 (32X32)

Temperature range of

. —40-85C

measurement object
Angle 66°

60 frames per second or 2 frames per
Frame rate

second
Temperature  output ‘c
mode

Package size Diameter:9.9 mm;height:7.63 mm

Approx. 450 V / W without optics and

Sensitivity filters

Thermal pixel time
<4ms
constant

(@) LHMEEFEEIR T (b) AANEE A E
(a) Infrared array sensor physical map (b) Infrared temperature profile

1 ZAHNEFLEEE Fig.l  Infrared array sensor

Infrared array se

Raspberry

PC-side
Infrared temperature . -
. . . information
information collection .
processing

B2 HREGHHKE Fig2 System composition design
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Table 3 Comparison of the accuracy of the three algorithms
KNN SVM CNN
94.8% 100%

Walking accuracy 100%

Sit down accuracy 92.5% 70.0% 90.0%
Fall Accuracy 97.5% 82.0% 90.0%
Average accuracy 95.0% 82.3% 93.3%
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