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Q % H =RoiE $A8A0 wet Halsh= QI7t % 914 (Human Activity Recognition, HAR)S A8EES
SFAAZ]17] Y8l A AMe] A X (Chanel State Information, CSDE &85t Line-of-Sight (LoS)/Non-Line-of-Sight
(NLoS) 4] 7|9t HAR AlA®E At At AlAHS 418748 183k HAR AlAFE 93] Preprocessing
phase, Classification phase, Activity recognition phase®] Al &2} @AS X3St} Preprocessing phase©fA]
£ CSI 9A] Ho[E| 21 E X&Eo] &5, 24 = 5__017\7} AAH}. Classification phaseolA1& Ho]H
4180l LoS 87 = NLoS B4 02 RiRH1l, $A87 Ef 275 7|WC & HAR Wdo] 2R €. npAgo
2, Activity recognition phase°lA+= A% ¥ HAR EH‘O &g ]'O% A7 & 7], A7), A A7), EAEeR
EFS. At AL 2= 4S5 A, AEH —_v"‘d—% Yot om At AL FEEE 7]E HAR Al
A" Forol vwsigtt. A Adk, A AL R thH] 16.25% T B2 AL E 2445

FHO - HAEY, A4S 27, A FE A4, Ad AdH HE, LoS/NLoS 4

Abstract In this paper, we propose a Line-of-Sight (LoS)/Non-Line-of-Sight (NLoS) identification- based
Human Activity Recognition (HAR) system using Channel State Information (CSI) to improve the
accuracy of HAR, which dynamically changes depending on the reception environment. to consider the
reception environment of HAR system, the proposed system includes three operational phases:
Preprocessing phase, Classification phase, and Activity recognition phase. In the preprocessing phase,
amplitude is extracted from CSI raw data, and noise in the extracted amplitude is removed. In the
Classification phase, the reception environment is categorized into LoS and NLoS. Then, based on the
categorized reception environment, the HAR model is determined based on the result of the reception
environment categorization. Finally, in the activity recognition phase, human actions are classified into
sitting, walking, standing, and absent using the determined HAR model. To demonstrate the superiority
of the proposed system, an experimental implementation was performed and the accuracy of the
proposed system was compared with that of the existing HAR system. The results showed that the
proposed system achieved 16.25% higher accuracy than the existing system.

Key Words : Machine learning; Reception environment categorization; Human activity recognition;
Channel state information; LoS/NLoS identification
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(Table 1> Experimental parameters

Parameter Value

Number of Tx antennas 1

Number of Rx antennas 1

Number of subcarriers 64

Indexes of null, pilot subcarriers, |1, 2, 3, 4, 5, 6, 11, 25, 32, 39, 53,
and DC component 60, 61, 62, 63, 64

Data set 20

42 N3 #}
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LoS 83 0
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(Table 3> Confusion matrices for experiment results
(a) proposed system (b) legacy system

Walking Sitting Standing Empty
Walking 37 0 0 0
Sitting 2 33 0 0
Standing 0 0 42 0
Empty 0 0 0 46
(@)
Walking Sitting Standing Empty
Walking 32 0 5 0
Sitting 3 27 5 0
Standing 3 8 30 1
Empty 1 2 0 43
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