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[Abstract]

Existing human activity recognition systems detect activities through devices such as wearable sensors and cameras.
However, these methods require additional devices and costs, especially for cameras, which cause privacy issue. Using WiFi
signals that are already installed can solve this problem. In this paper, we propose a CNN-based human activity recognition
system using channel state information of WiFi signals, and present results of designing and implementing accelerated
hardware structures. The system defined four possible behaviors during studying in indoor environments, and classified the
channel state information of WiFi using convolutional neural network (CNN), showing and average accuracy of 91.86%. In
addition, for acceleration, we present the results of an accelerated hardware structure design for fully connected layer with the
highest computation volume on CNN classifiers. As a result of performance evaluation on FPGA device, it showed 4.28 times

faster calculation time than software-based system.
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Fig. 4. Experimental setup.

Subcarrier Index

5 10 15 2 25 30
Packets

5 10 15 20 2% 20 5 10 15 2 2 EY
Packets Packets

(d) Stand up/Sit down.

0.001, batch size+= 25, epoch+= 10022 X &5} T}

ofe] melS sh5et Av), 1 13} 3Fo] A we) vlehlE 4
7h BEEAE o] T, AE=TF90% ol dolHA Hit=rt 7t
ke 3l A S BRE SIS 1] 9 A AlS
o7 e mAg A wdlw ARkl s wde] e
2 30x302. 2 A AZoNA 27171 339 A ZE S
28314 30x30x16 54 WL =9k s Aol 2717F
2x291 A EH& 483} 15x15x16 54 WS E23 H &
198 (overfitting) WA & 18] FE0] 0121 EFob-S 14
3k olof - S Al W wkE3I) vpxEt 54 we
3x3x647}F 5|1 o] b A1 ATS AX ERdch 95 4
3}, B G 3 91.86%= B



E 1. CNN 2% 7x Mstze} mj2jolg %
Table. 1. Accuracy and number of parameters by CNN
architecture.

2 CONV 3 CONV
Accuracy Parameter Accuracy Parameter
1 FCL 87.28 11,024 91.86 25,488
2 FCL 88.04 205,968 92.37 97,424
3 FCL 89.06 213,904 92.11 105,360
4 FCL 90.08 215,824 91.35 107,620
4 CONV 5 CONV
Accuracy Parameter Accuracy Parameter
1 FCL 90.59 97,424 92.62 392,848
2 FCL 92.88 113,808 90.59 425,104
3 FCL 91.86 121,744 91.35 433,040
4 FCL 91.35 123,664 90.33 434,960

3-4 715 Si=4l0] &7l

AT HAR Al 2518 St=So] &2 14 A, A Al
°o]7] 93] CNN H-F7]0lA Arteo] 71 w-e A
Soll it 7145 sl=9lo] - AAIE X a1 62 A
AE CNN 715 st=dlolol 73S 9l Xilink PYNQ-ZI
FPGA tju}o]2s 75k SoC ZHF2] T2 [15]2, /W 1P}
ZYNQ Processor 7+ AMBA W2~ $415 918 AXI QIE| o]~
o} AAIG b A AT AN 7HE7 2 g

Hd AE A Axk 7H5719] RTL AAI= Verilog-HDLE
]33tk FPGA 78 A7}, 31 29F o] 3| tlufe] 2~ 7%
14.49% LUTE AR&-3laL 2t 107.44MHz2] 52t S-3}5=0l| A
At 7Hs 8-S 18Tt 14471 2] AUE ulolEldl] thal] 7k
Sh=9Jlo] 7]HFHAR A 2282 95.46ms 2 7]<= software 7|5+ A]
2= oju] 4.28u]) w2 14 AJ7HS H.QIT

v.sd 2

B =R M E WiFi Ao g A AR (CSI9F CNNS-
o]-&-gk Aleh dlE 12 A|~HLS Al Al A Bkt
th= 48ks 7Hgste] 5 5 vEhd o e ul 7HA] sl

3 Astglar, 7} ssol gisl] CSI7F 543 HS s
SIS ©] 5 CNNS ARE-8ke] EF/-3k3laL ﬁi:‘f Age=
91.86% 5 KT g, 7145315 91l CNN 77 ]elA] 4k
Zol 714 W ¢ A4 ATl gk 7 o}‘: o] 7z A
Al A= AABIRA AL, 7] software 7|3k A|2~Bl tH] 4.2841]
whE A% AIZHS E%‘ S Sl
NN A 2k A4 AlST 7531
ompg 3% ?;“é% ASS X3S CNN 7H57] AAI)
Quantizations &3 AHSE AT AlFolH, o& 3l
WiFi 2155 8 Q129 o]-&al= 318 WA A Al olth

rr

=
o

=
T
>
fol:
]
gt
0f0
il
@)
=z
=z
N
14
>
o
00\
ofn
o
1>
>
|>
iy
iz
x
a
-
o

CNN ! Master

a8 6. MokEl 2 ol A5 Jy| 255
Fig. 6. Block diagram of the proposed fully connected

layer accelerator.
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Fig. 7. FPGA-based experimental setup.
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Table. 2. Verification results of the proposed HAR system.

Parameter Value

Target FPGA XC72020-1CLG400C

Operating frequency 107.44MHz
LUT 14.49%

HW Execution Time 0.09546s

SW Execution Time 0.409s
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