445 3
2022 4£ 3 H

gL Hh HOAR

Infrared Technology Mar.

Vol.44 No.3

2022

E TR ¥RAIMERSFZIRE R JFMEIRA TG A

REMH L,

= 2

x K

Bt

(1. BERY RO E AN E S0, [ 200444; 2. EEILEMERS: HRR, EMteM Srkta/g i)

THE: RFRNERAEA T ENARTBAA R E, TE TS UM EGATHAR, A4
B HRANEREREFNNEEHIE, BRET —AETHEALIIERBATRE RS WL EIR
R 77 ik o & (8] Fo b (B 20 4E 4 B DR 4808 B BRI Y A Bl B\ B LR A R E P 4, RAK TR
MG B R N EWMERERT RS, FRRENNERE . ZREREH, EFHREN
R L, FHIRAEHAETIAL 98.2%, HFTIE. HE FoAT &N IEH IR A f 7 E 2348 99%, ¥ LA
A O H AT IR A

ERIA): EIRA; WASERMENE, KoBRIIERE, REFI

FESHES: TP319.4 XEFRIRED: A X E4HS: 1001-8891(2022)03-0286-08

Deep Learning Method for Action Recognition
Based on Low Resolution Infrared Sensors

ZHANG Yutong!, ZHAI Xuping®, NIE Hong?
(1. Key Laboratory of Specialty Fiber Optics and Optical Access Networks, Shanghai University, Shanghai 200444, China;
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Abstract: In recent years, action recognition has become a popular research topic in the field of computer
vision. In contrast to research on video or images, this study proposes a two-stream convolution neural network
method based on temperature data collected by a low-resolution infrared sensor. The spatial and temporal data
were input into the two-stream convolution neural network in the form of collected temperature data, and the
class scores of the spatial and temporal stream networks were late weighted and merged to obtain the final
action category. The results indicate that the average accuracy of recognition can reach 98.2% on the manually
collected dataset and 99% for bending, falling, and walking actions, indicating that the proposed net can

recognize actions effectively.
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Fig.1 Flowchart of the proposed activity recognition approach
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Fig.2 Two-dimension heatmap for spatial data
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Table 1 Comparison of thresholds under different ambient
temperatures and installation spaces
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26°C 1.71 1.73
30C 1.75 1.76
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Fig.3 Two-dimension heatmap for temporal data
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Table 2 Accuracy of one-stream and two-stream

Temporal one- Spatial one- Two-
stream stream stream
Bend 97% 88% 99%
Fall 96% 91% 99%
Sit 84% 85% 96%
Stand 91% 81% 98%
Walk 98% 97% 99%
Accuracy 93.2% 88.4% 98.2%
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Table 3 Comparison of different network architectures
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