o

(o A N T YW =2 X S8 8871
~ \ Journalier Advaneed Havigation Tecanology J. Adv. Navig. Technol. 25(5): 426-432, Oct. 2021

CW O]k 7|8k ARt S5 Q1A A|AR M7 2 7
Design and Implementation of CW Radar-based Human Activity
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CW (continuous wave) =2 gl o|the 7h|2ke) ge] AAE 28] FAE 24T 5= J, v P02 AT E IS 3
th= g o] vk whabA], 2 ol A= CW B8] glolthE o] &a Ale alE Q12 Al &8l AlQbetaL, 7S 918k st=glof
AA 2 FE A3E AA s W BT glo|th= AFE ] AgE Tl tigk A S E SA s o]dl], TR 2 RE T T ~
HAEZ IS A7) Al &5 T4 Sl5E Al 71U S Albeklh gk, Acke] Bk el v me) AL S H 4skel] 98l &

el kit BNNO| 444k A4ke: 7F

Z} 5-35-oll BNN (binarized neural network) = AH8-3}91 3L, 715 23} 94%9] A== H US89l
4317] 93l FPGAE ©]-8-3F¢] BNN 7}&-717F A Al 9 -8 = Atk Al ekel ALt 35 Q14 A] <812 logic 7,6737M, register 12,105
71|, combinational ALUT (adaptive look up table) 10,2117}, block memory 18.7 KbE A-8-5}o] THE| o™, A5 H7t A} AL EY
o] & thu] A4t 15271 99.97% - E Ak

[Abstract]

Continuous wave (CW) Doppler radar has the advantage of being able to solve the privacy problem unlike camera and obtains
signals in a non-contact manner. Therefore, this paper proposes a human activity recognition (HAR) system using CW Doppler
radar, and presents the hardware design and implementation results for acceleration. CW Doppler radar measures signals for
continuous operation of human. In order to obtain a single motion spectrogram from continuous signals, an algorithm for counting
the number of movements is proposed. In addition, in order to minimize the computational complexity and memory usage,
binarized neural network (BNN) was used to classify human motions, and the accuracy of 94% was shown. To accelerate the
complex operations of BNN, the FPGA-based BNN accelerator was designed and implemented. The proposed HAR system was
implemented using 7,673 logics, 12,105 registers, 10,211 combinational ALUTs, and 18.7 Kb of block memory. As a result of

performance evaluation, the operation speed was improved by 99.97% compared to the software implementation.
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H ZRbo]e] 2711 5-199] fF o= Qlste] vlgiH
5o F7Fsk= Aotk vt ghgo] S7stel webA A
el 4] A1t 85 214] (HAR; human activity recognition) A]
28] A7t 2s] AL AT [1]-[5]. ©1# 2 HAR A5
o= #l|°]t}, IMU (inertial measurement unit) A&, 755 Al
A, 7l A9 A 5 vreFsk Ak 7 ARS-E T [6]-[8]. 3t
ARFIMU AA Y 7HEE AA = AR el Foadalof ghot
= Blo] @xloly, FhulEke Aol A AH8-E 79 A e 3]
EAZE A 4 QLA o A= Q1A Eo] Wolzitk
= o] At [9]. o)< Hluate] lojthi= A& el F-
2512 Gobie AR = gl o, AR S Xl A7 R Ay aHA
i, WYl 5 FH e dFge AA weth 53], CW
(continuous wave) @|°]THe] 74-$- FMCW (frequency modulated
continuous wave) @l °|tte} Hlalsto] GFo|n] A7} o] 7}
TS 210 WA, CW ot AR B
He, HI-8, A SHAA A el 42 HAR A]Z=Flo|
A gairt.

HAR A]2=Hlo]= 72 $13F] CNN (convolutional neural
network), k-NN (k-nearest neighbor), SVM (support vector
machine) 5 TF¥F3F 7] 7] 8H5 (machine learning) 2 91¥ 4174
7} (neural network) ¥i1E]Eo] AFEETL}H [11]-[13]. ot
AHE3H= HAR Al2=El9] 749~ 2~HE 2 130 (spectrogram)=
Eshs Zlo] HAjo|m® ofn|x] 914 gl {7l &% CNN
= A8&3sh= Zlo] Agtait). shARE CNN9| 41 47 45l
L2 9E A BT} s Ao] o] EAIgT)[14]. o]
£ 1517 91814 BNN (binarized neural network)©] AFH&-%E
T} BNN< CNN9| §1e] do]ee} Aibol] ARE-E]= Theket
parameterS binarizedte] A4t E4E9} W] ARSI A
A1 5 SlTk[15].

olofl, & F=iteAE CW #HolthE 7[Rk = Aol A9 9
7H] &5 2Hs Q14 9 E73E HAR A 2~8S AR
ARk Al2ElE CW  HoltERY 4lsE FAlske
pre-processing ¥+ ¥ BNNS ©o]83dle] o] EFdl,
post-processingS A BF ZAAE AREAMIAl BAET
Pre-processing @} post-processing 342 A]2~Hl ] eFs) B A4
A3tE Tl FodS =017] $15e] Raspberry Pig AHE-3H
A T3t B3 ROI (region of interest)E %3] BNN
o] FF AEE Holal, T IFE AV A
pre-processing 2} |4 A8 = &5 319 counting ¢ILB|5F
<= AYat3iek

gk AIQHE BNN 77 vhekeh el 38 F3lA &
7 A% & parameter 7|5 # st A Q] F22 A
o Ak 714:38E 918ke] FPGA (field programmable gate
array) & ARE-31o] 715 sfEgo] & A A 9 @It

2 o] 73S o 2k DgelA = ew glolt 4

‘

¢
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Cw 2ot 7|8 Alzh &S olaf AJAR M7
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sk
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% A 2]l AFE-E]5= STFT (short time Fourier transform)3} 4
£ 9J3F CNN 2 BNN 7| 5H<& A3, gl A& E =i
] A= HAR Al2=8le] 7 Qe s A stel Vol
A ARl 25 AT digk HrF 2 A ARE AAIsE
I, VoA E Al=gle] A 9 87 #EE We-s Ay
Sio) upx|ulo 2 VoA B =Fo] A28 Pet)

[I. Backgrounds

2-1 STFT

o AR A7t Jelol Tjgt Fakg ANEH] gl A7l
webA] Skl Wk dlolelE Aelahle)

£ Hgsly] Q8] AEHE AT AxS- 45 Fako] Al
35 I AT A0 R AL, o] g2 7HA 9 415 e 7t
7} FFTE 7331= STFTE ARMS-gtt. o] & E3lo] e AlZE
Gl gt T JRE dS Utk

STFT z[n](m,w) = X(m,w) (D

2-2 CNN

CNN=2 19981 LeCun®] LeNet-5 networkol| 4] A]2t=o] &
A7 3] WSt [16]. NN 54S FEsh=
convolution layer®} H|o|E]E &53H= FCL (fully connected
laye) 2  TAEM ou]x] 14 B EFe] {E&3T
Convolution layeroll A= h5% weight2 o] Fo{%] HE & o]
5171 12 Hlo]E] ¢} convolution A4S E3 4 1= wle]
B¢ 545 =3tk FCLAA = 94 58 SHS gL
2 9 AAE wHaEFHe] AAks E8liA Y HolErt &

REAR A=)
3l classS ot

BNN-2 Q13 A7 e] gt /=, shg 2 &7 #7804 §
2 d]o]E] 9} parameter”} EF binarize ¥ ©] 14F Hth= A o]
E-AJ o]t} BNN2 53 %3} convolution layer2} H o] €
£ #75h= FCL layer® 73 €1 Th= Fol| A CNN3} -frAFa1A]
TE CNNQ| arithmetic operation THY-©] BNNoJ| A= H]o|E
9} parameter2] binarize *12]E E3}4] bit-wise operation .=
A e} webs] CNN3 B|aske] BNNS W Re] < 315
D | 2] AR S =Y g L, A ST uet AR 5

o)
AR
=5 9E e A9 a0 ks Ao AR oltH[15].
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. MCHEl A|AEISl L
3-1 A|JA”I E

AbE Alz=gle] 3= 9 13 Zth CW dlolthell A
USB UARTE $1E|#|0] & &3l 4] Raspberry Pi= 418 4l
35 STFT A& & &5 3= counting ¥ FS 483
o] &5 3159 feature maps FE3TE O] feature map
scaling} sign §<~ *]12] - SPI (serial peripheral interface)E &
3t FPGAE A2 H Ul FPGAN A= ¥ feature map©ll o
3 v2] e<5A1A A5 parameterS AHE-3F] BNN &
7 dake] =3 ¥Ith BNN /7] 9] dite] ¢s =™ A4k 2
F}+= Y}A] SPIE: §-51] Raspberry PiZ 212 %] 31, Raspberry Pi
| A softmax &5 2] 3}] feature map©] &3} classE &
gt v ko 2 B A3} 5 3lE RYE ] display

.,
3-2 Dataset H2|

Ak Al 220 A A3 CW 2| 0]t} Infenion TechAF2]
Sense2Go development kito]th #lo]the] FAFI= 24
GHzo] 11, €14 ¥ 9]+= horizontal 29 °, vertical 80 °©]t}. #|o|t}
of Q14 W9lE weistol thaat dlolk Abole] 5 1L 1
m, B} o]t Alo]e] Zhe 4502 A A o, Flojthe] &
o]+ 168 cm = A A3t Dataset2] F 5 732 2 a-7ko
2 A8k

%5 52 bicycle crunch, high kick, high knee jack, hollow
rock, leg raise, lunge, side lateral raise, sit up, squat & 9714 =
S, A, B 5 ) Tkl HES TRses Me)
Sk 18] 2% 7h 5 ko) Aol 17 3L 7 85 %
zpo] 2 ER T 3o|T},

3-3 Signal Pre-Processing

CW dlo|tt22E 3000 Hz2 =¥ 1 (In-phase), Q
(Quadrature) H©]E{E USB UART 5412 53]l Raspberry Pi7}
A%k, o] o] Efol] Hamming windowing3} 128 point STFT
£ 353tk o] % DC-offsets A7kl DC T35 7|5
© 2 A8} 10 point?) 20 point =712 Hlo]E]7} = T} 3
AIZE Zol| tiste] A &5 AlME Gl &5 S AeR
ekl 2 SIE A7) flEiA] AjFeE F 315 counting
darE]EE A-8skick

314 counting &2 HFS 7+ &5
= %

Ol

2

‘
i
Mo
off

a7 49] F A 19 o] AA -5 AR
A AIZE F] A TS T S ntl S n &
0] 7} threshold 2T} 2Fo.H 4= 3o 2 Q14 k), o]
49 Al A 117} o] = TS Vo E AT FellA
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20 point 7| 2 #-2]5}e] FF2 S 2 20 point * 20 point 7]
ol @l &5 2t gk A ER IS A=t oju e
H 2 ER T A FE Alo] &5 Sl oItk
274 shge] A Asks w7 fEiA FEE v &%
52} 29 E 2 738 standard scaling "2 0. 2 513151 T
Standard scaling=> 2] (2)¢} Zo] 9 Hlo|E 9] £ & Tolsh
S ATATEEE MEE z-scoredl] UI-SAIZITE A2) A p

= tlolEl o] steln, §& dloE] ] FHAte]th

(z — p)
1)

z =

@

Aitehet 2o E 23S BNNO| 92 wlo]E 2 AHEE}Y
A 2 3)3} 2ol sign F54E HE4F F 05 12 WP}
o] 13} -1 & binarize 5+ 2., FPGAY| 4] BNN ¢3RS %] )5}
7] 1A —15 007 W gkato] Ao 0 2 13} 0.2 binarize
af3ich

1 z >0
sgnx =40 r=1 3)
-1 <0

Raspberry Pi FPGA

usB | | STET | | Counting | | Scaling/ |[] ||

CW Radar  {j3RT] algorithm Binarize

BNN
Accelerator

[
2

Display Softmax

O3 1. HMotE HAR AlARIe| =R
Fig. 1. Structure of the proposed HAR system.
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Fig. 2. Examples of 9 exercise postures.
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Fig. 3. Spectrograms for 9 exercise postures.
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Fig. 4. Example of the proposed exercise counting
algorithm.

3-4 Signal Post-Processing

Raspberry Pioll 4] FPGA2] BNN #&5-7] 914l A3}l 972
=9 vlolEfo] 2] (4)9} - softmax FFE Zg-8lo] A E
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CW 01} 7|5k AL SE SIA] AJAE A7 2 73
2 class @ 100719] o] MEE dloe|= Ade Az}
99.9%°] FEES BTk
4-2 BNN 27 45 97}

CNN thal M=) AR e &8, P S d 53t =
WHoll A 2] 3k BNN= AR8-317] $13te] 31 13 o] of2] 714
CNN T-z=90] t&lj4 43 Hlo]E] S quantization 3= 28-S 7
Y31t A3 A7 floating 12 dlo|ElE AME-SF 79} 1]
asled 18 o8& quantization 3t 7490l = B A 50] A
Al A3} =4 e AL g1

BNN £7719] g5 2 H52 Y8l 2 class 3 <F 95071,
= 8,4607119] HlolEHE FH 551 o, d5S 213} training set

R =E=1
© 2 A dataset2] 70%S1 5,92270, AES 3 test set o= A

= o=
A dataset®] 30%<1 2,5387H2] HlolE{E AR&-3lQIT) 5o
adam optimizer, cross entropy loss function- A-8-3}%1 31, epoch
+ 200, batch sizex= 64, learning ratex= 0, 40, 80, 100, 120, 140
epoch™}t} 0.005, 0.001, 0.0005, 0.0001, 0.00005, 0.00001 = ¥
7dak zleystelt.

oJ2] 7}4] CNN¥} BNN 29 730 tisl|A] 3% 29} o] 4
AE APegich. AE A7 ONNF | g of 7719 A4
o] A AtEA] ko, 7719 Aibel AME-E= A
parameter =L7]7} FPGA©N A 2] A4t 2] &0l 2 gkx] 118 5}o]
FEH o= 17 59 9] 4 convolution layer, 2 FCL -329]
BNN &F/7]& Agstelcth

A

Convolution4 ~ FCL1  FCL2
(2¥5%5)  (800%128)  (128%9)

olution | Maxpooling | Comvolution2  Convolution3  Maxpooling 2

InputData  Conv ling 2
(20 20) (20%20) (2%20%20)  (2710%10)  (32%10%10)  (32%10%10)

Hardianh
+ Batchnorm

38 5. MekEl BNN &/F7(2f 7=
Fig. 5. Structure of proposed BNN classifier.

Hardtanh
+ Batchnorm

Hardianh
+Batchnorm

Hardianh
+ Batchnorm

Softmax

A Zn

E 1. CNN & tfo|&| quantization
Table 1. Experiment result of CNN with quantized input

data.

Case floating data 2bit quantized data
Model 2/1 41 2/2 2/1 4/1 2/2
Train Accuracy 99 99 99 99 99 99
Train Loss 0 0 0 0 0 0
Val Accuracy 98 98 99 98 98 98
Val Loss 4 5 1 5 5 10
Case 4bit quantized data 8bit quantized data
Model 2/1 41 2/2 2/1 41 2/2
Train Accuracy 99 99 99 99 99 99
Train Loss 0 0 0 0 0 0
Val Accuracy 97 99 99 98 98 97
Val Loss 9 3 3 10 7 14

Model: (number of convolution layers/number of FCL), Unit: (%)
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HE 2. CNNZ} BNN 7= 2F M=
Table 2. Accuracy for various CNN, BNN architecture.

Number of 5 3
conv layers
Number of FCL 1 2 1 2
CNN/BNN C B C B C B C B
Train Accuracy | 100 91 | 100| 93 | 100| 90 | 100| 91
Train Loss 0 1 0 1 0 1 0 1
Val Accuracy 92 86 94 | 85 95 87| 95 87
Val Loss 53 1 38 0 25 0 32 1
Number of 4 5
conv layers
Number of FCL 1 2 1 2
CNN/BNN C B C B C B C B
Train Accuracy | 100| 93 | 100| 94 | 100| 93| 100| 93
Train Loss 0 1 0 0 0 1 0 1
Val Accuracy 96 89 95| 89 95| 89| 95 89
Val Loss 19 1 40 1 23 0 29 1

C: CNN, B: BNN, Unit: (%)

V. RISHE AJARIS] TE MA Y P

5-1 Software &7 & 718

e

oA AIHE HAR AJ2~Blo] A ESo An]4
5] ARM architecture 7]+ SBC (single board computer)
spberry Pi Foundation2] Raspberry Pi 4 Model Bol| Python
}8-3to] FABFATE. A Qe HAR Al2=glo| A AA 2
St A E Qo= CW dlo|t} T4l BE, 4135 pre-processing
PGA 521 E5, 215 post-processing 25, w5 23}
2] HER ETE gk, =)ol 2 73 % BNN 771
A HEE nasly] $late] AXESolR FHH BNN
& AAEA

?oﬁ:

o o K

>~

kel
=
=,
=

(

F7

|

S A VS u s

5-2 Hardware M| 2 38

1 m=iol| Al AlRFEl HAR A|2=%1€] BNN I4kS 913 sh=
Aol F2+= a3 63} 22, A7) Raspberry Pig} 9174 % SPI
block, BNN ¢14H& %] 2]8H= BNN block &2 ¥t} 7 7}
A] block-> dual-port RAM (random access memory)S %3l 4]
t|o]E] & &5}, Raspberry Pi®} FPGAZ} 71" clockS A&
ato] SYA 08 RAMOI| HE 4 A== AT

SPI block-> Raspberry Pi2} FPGA2] SPI 5415 S5 d]o]
B ughs Bxjo . HAFHTE SPI E41S HEshes B,
RAMeI Hlo|El& 2MdatAY ¢17] 913+ read/write controller
5LE, dual-port RAM®I| Raspberry Pi2} FPGA 2] BNN block©]
SAlell ke 2ls W] 913 FLAGE A%t

BNN block-> 47]2] convolution layer2} 2712] FCL layer=
T3 =™, XNOR pop-count 4HS 7[iko 2 MAAEIGIch &
= convolution layer?} 2 }#] FCL layer= 7 7l 2] RAMS- A}
&3to] AAsklom, A Aol + HAY FCL layer®] 14

E
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RAM®] AHE- §lo] a3tk

A% BNN &7 7| Verilog HDLE 2Hd 3} 1, Altera
Cyclone V 5CSEMASF31C6N FPGAS AH&-3lo] A5 2 11&
sk FPGA 18 A3, & 33 o] 7,673702 logic¥}
12,10571 9] register, 18.7 Kb2] M| X2 S A}g-3lo] & F 0
™, # o 354.23 MHz &%} Fa}ol| Al A4k 7hs g 2S£
STt w3k, 19 99F e oA 17112] Y= dlo]E o o
gk BNN #-57719] "t 4k A e AT Eo|2 514
3 7% 7161.05 ms7} 225031, FPGAR &3+ 2% 2.35
ms7} &85 0] 99.97% 4% RS

vi.d E
B =l A= cw Elo|ukel BNNS 7]9ko 2 3 Alet ) F

1A Al 2=ELS AjFeIGITE A S A ] 97 5 FAbS
elakdlar, cw dlolth 2l 2] B4 -5 S5 counting
= Algkealtt. Arke] 71538kE 9184 BNN 2771
714 sl=dlo] R A AISI 01, software - thH] o
5527199.97% i s A3

o
£
&
il

f

SPI block BNN block
sl L led *l Conv 1 |*
protocol | i
port
Read/Write | RAM RAM
Controller
FCL1
FLAG
*| FCL2 |4

3 6. MotE BNN 2/7(2] 28k

Fig. 6. Block diagram of the proposed BNN classifier.
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-_‘ 1 . ,:'l Controller }— oEND
-:' 1 jil} il 1
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Fig. 7. Block diagram of the second convolution layer.
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Fig. 9. Verification environment of the proposed HAR
system.

E 3. ®MokE HAR A|ARIS| 78 Ao}
Table 3. Implementation results of the proposed HAR

system.
Parameter Value
Logic Utilization 7,673
Combinational ALUTs 10,211
Logic LABs 1,165
Logic Registers 12,105
Total RAM Blocks 368
Block Memory 18.708 Kb
Maximum Operating Frequency 354.23 MHz
SW Execution Time 7161.0572 ms
HW Execution Time 2.3591 ms
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