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Abstract This paper presents a channel state information (CSI)-based hierarchical temporal inference
scheme for recognizing human activity contexts in Internet of Things (IoT) environments. Accurate
context inference requires comprehensive consideration of not only the types of individual activities but
also their durations and the transitions between preceding and subsequent activities. However,
conventional CSI-based human activity recognition (HAR) approaches that rely on short-term activity
classification results have difficulty adequately reflecting these temporal characteristics. The proposed
scheme estimates a short-term activity probability vector from CSI observed over a fixed period and
accumulates consecutive probability vectors to derive a long-term activity state. It then infers the
human activity context by considering the duration and transitions of long-term activity states. The
proposed scheme uses the entire probability vector instead of assigning a single label to each
short-term activity, thereby mitigating the propagation of momentary misclassifications to context
decisions. Experimental results showed that the proposed scheme achieved higher context recognition
performance than the existing scheme using only the classification labels of short-term activities.

Key Words : Hierarchical temporal inference, Context recognition, Context-aware IoT, HAR, CSI
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[Fig. 1] CSI-based HAR system architecture
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(Table 1> Experimental environment and CNN
configuration

Parameter Value

TP-Link Archer A6 with
OpenWrt

Raspberry Pi 4B with
Raspbian OS

2.4GHz / 7 / 20MHz
Windows 10 / i7-14700K

Transmitter

CSI capture device

Frequency / Channel / Bandwidth

Analysis Server OS / CPU / GPU

/ RTX 4060
Python version 3.13.7
) TensorFlow 2.21.0, Keras
Deep learning framework 3132

10,000 per activity
500 CSI samples
100%51
20 CSI samples
32,64,9 /7,53

CSI samples
CSI block size

Input window size

Window step size

Conv1D filters / kernel sizes

] -]1— uﬂal—tﬂ X]—A]7]— CSI& Ei _/,\_;g@:}
A &, @] B59 5, ALHAE 9 Ho] A
Z35to] Table 29 5 W AU E 45131
g AuE] o= FA(Absence), S2HPassing),

J5(Static Stay) ¥ 54 AF(Dynamic Stay) U
714 3% ek Esksic)

e
i)
1191',
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_IE Tg i oy

(Table 2) Activity context scenarios

Index Context Transition Patterns & Duration

1 Absence Empty(16-24s)
) Empty(12-18s) — Walking(4-7s) —
2 Passing Empty(6-9s)

3 Static Stay | Empty(12-18s) — Standing/Sitting(15-24s)

4 Dynamic Empty(12-18s) — Walking(5-8s) —
Stay Standing/Sitting(3-6s) — Walking(8-12s)
W% it A3 1 1B P45 99, BEus
59 498 AY8 CS| OIS W] B5 5 0
o Yool g ¢ *"*éo}i o5 Table 29] Al

HE

Qo] met Idste] Wb 200704 & 800712 Al
A AEAE SIS @] s B oFE B9t
71 gall, ZF W5 e HEE 10%Y] FEE T2 A

gisto], A4 P53} thE ol 7MY =2 FES Ak
£ WA g =01 AA 5ol Walking?l 4%
StandingS QE5F P50 AElsHA [Empty, Walking,
Standing, Sitting]®] €& HEE [0.02, 0.02, 0.94,
0.02]2 #4335}k

el 0|5 9] do] M2 Table 29] Hdf AU 2(5
A A7) Aol 449} A 74l 2HARI 125 Jrest
o 448 A5k} ¥4 Zo ] & A7s7] {l9f i
g o9 dolg 1Astal, 4 dlole 2 g%t Al
UeleoA &1, 3,5, 7, 92 %9} 1A et Q4] A
= H]i’_‘é}‘ﬁq FHHEoA BE Aol 53t AlE
20 07 dYS Agsto] F 203] Hrlolelrt. Table
32 o] T A58 AU 9 Bt W 914 A
£ HojEth L=5°ﬂ*1 7P =2 B FEER] 89.91%
£ 715310, olF AFE AU 29 A5 7t AR
o +4 dolg A7gstltt.

=

(Table 3) Context recognition accuracy according

} to L
Fully connected units / dropout rate 64 / 0.25
Optimizer / learning rate Adam / 0.001 L Mean accuracy(%) L Mean accuracy(%)
Batch size / maximum epochs 64 / 50 L 71.19 3 88.4
5 89.91 7 89.16
9 85.18
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[Fig. 2] Confusion matrices for recognition results
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