Journal of The Institute of Electronics and Information Engineers Vol.52, NO.3, March 2015 http://dx.doi.org/10.5573/ieie.2015.52.3.089
ISSN 2287—5026(Print) / ISSN 2288—159X(Online)

= 2015-52-3-12

WAE/2AE/ AR R AT
( Study on Compressed Sensing of ECG/EMG/EEG Signals for Low

Power Wireless Biopotential Signal Monitoring )

o s -7 =3 k%
o] & &=, Al d #H

’

(Ukjun Lee and Hyunchol Shin®)

A dxAo] Mujzol A AANE BUHY Alz~de] d¥ARE giHog AaAZ § e 45Ad He oY
AT Hgste] tHES HuTh A 7IHE o] g5t dubHel AR AL HAE N5 457 Bds

Festlal, o8 B3 HdE Asel YAEE nugoezH A fFads dusinh fARE AES AMEE A
A BANTE gt on, =9 235+ Block Sparse Bayesian Learning(BSBL) ¢ig]&S Algale] Batgt. 7h4
A EAE VA E 2HE *Ji of Hu ¢EEo] 1082 =] /M =okon AdE Az Hu dHES 5uTh
7VE A B0l A2 HAE Awe Ad E2 ATk e AdE 2AE, HHE AEe] g4EEL T 454
AE H83 F4 AANE 2y 1 32 P A 2E A %f& NZAER &8dE F 9k

Abstract

Compresses sensing (CS) technique is beneficial for reducing power consumption of biopotential acquisition circuits in
wireless healthcare system. This paper investigates the maximum possible compress ratio for various biopotential signal
when the CS technique is applied. By using the CS technique, we perform the compression and reconstruction of typical
electrocardiogram(ECG), electromyogram(EMG), electroencephalogram(EEG) signals. By comparing the original signal and
reconstructed signal, we determines the wvalidity of the CS-based signal compression. Raw-biopotential signal is
compressed by using a psuedo-random matrix, and the compressed signal is reconstructed by using the Block Sparse
Bayesian Learning(BSBL) algorithm. EMG signal, which is the most sparse biopotential signal, the maximum compress
ratio is found to be 10, and the ECG'sl maximum compress ratio is found to be 5. EEG signal, which is the least sparse
bioptential signal, the maximum compress ratio is found to be 4. The results of this work is useful and instrumental for
the design of wireless biopotential signal monitoring circuits.

2

Keywords : 34 &2=Ao] AAAT A AAdE 2HE HALE

Tt A, Feuetn dy st
(Department of Wireless Communications Engineering, Kwangwoon University, Korea)

© Corresponding Author(E-mail: hshin@kw.ac.kr)

¥ B oA E AdAYE V) 2ATAA(NRF-2012R1A1A2038649) 2 vl g2}ty A w B A A& 0] tfeHTA
TFAEITRC) 4 A LA (NIPA-2014-(H0301-14-1008))2] A Yoz 435 2.

Received ; December 26, 2014 Revised ; February 5 2015 Accepted ; February 27, 2015

(41)



90 MNEHE FM MAME ZLHE S ¢
I.M B

o|57)&e] Wyl A Aoz 3k Qzke] A
g atel die i S7ER IT §§ 74 98 RUEY
71719] ko]l A Frbskal dth Al oMy A}
Aol A dElE Z4sta ZUHY & £ Qe
U-healthcare AH]2= AdS fsixds A AE
(Biopotential Signal)& 853t AMA 9 T84 7%
of Agd Fd AA BEUHY Alx=®E (Wireless

Biopotential Signal Monitoring System) 7]%ro] =4

ot} o]#gt 9857|7152 Wireless Body Area
Network(WBAN)E 74 A% 2Fo = AR 27
waaiglon, Htddl= 71719 Fuds Eola, oY
A ZuES FolE Ao FL@ o]rolr” 3].

A =25 233 74 A4S RUHE A2
o] YA AM[FE FE FAHOE HEHE dHolH 9
ol ofal] A7) wfzol] A|A LnFs Eol7] 9
s HolHE st A5 o] Basu, o
=2 & FT g4 (Compressed Sensing)o] &9 Z
gol A7HIL vk SFAA ol2el wEw AbAE
(Sparse) 213= Nyquist rate ©|3l2 MZHE o=
A MNsE Bd 5 %F}M o olglgk A
S 3 133Ee] AR el AkAE BEAS 7=
BANT] Sh=ell 48 4 9o, 7]F9 Digital
Wavelet Transform(DWT), Discrete Cosine
E 1. YeHoz 5ME MAAse 53
Table 1. Common measured biopotential signals

characteristics'” .
Signal Sanpling | Frequency | Event Duty
Rate of Events | Duration | Cyde(%9)
Bracdliar
30kHz |10 -150/s |1 -2nm8 | 210 30
A

EMG | 15kHz |0 - 10 /s | Ql -10s | O to 100

ECG 20Hz | 0 - 4/s |M-07s | Oto 100

EEG,

100Hz | 0 - 1/s [05-1s | 0to 100

LFP

i | os | owa |V
Temp. low

5 Al

(472)

He/2HE/AEES ¢

=AM

JEIPY

Transform(DCT)¥ Z 2 \1r) gL &2

A 285 /MY 71E W Nqust rateol|
39 ggEH} 2u) ol FirE MEYHS

g %

o]
BER
3o ¢

A B (Samphngfthenf

NEE
compress transform)é}
o] DWT % DCT ®
wf 2o A e 0}‘:‘3]01 744
Ao &gzl AHgslit
Aol A (DAAME
seslol Fx ATt
}1\_];% sdske B ¢
|H Al=He] ol
u}[“’ o] FellA

O

L
rt
° Lo

ED

L gy o

ol
—_

fo

o e % mORNID
o

(1)

[X]= Zol7} N9l 131, [@]= M x N9
=24 3 (measurement matrix), 18|11 [Y]&= ZAo|7}
o] ot=xH AT 2 ou|dtt) o]F =23} i 19 1
| 298 + Aok dEAE [XI= oael Ao

H 1w

AHA T o

=

]

Z

Ay
2ol &

E

%)



20154 38 MX3E ==X M52 HM3E 91
Journal of The Institute of Electronics and Information Engineers Vol.52, NO.3, March 2015

|o

o

[X]

[@] w [Y]

0

Anj
o
ful
>,
=
D‘ 1-0[1
il
o,
Jot
ob
=
ol
o

> =l
o Ay
ol
ol
rlr
S
T
=
=

i olN
fo
o
s
Mo
o

My
i3
Y
o
iy
]
-
xo 32

folr

(o3

4 iz
e

ki

= gEE Az MY #e o
= |4 515 [ %

& A% [X1AE NAe mas 3e

M<<N). ~1&] =

EA A

ol
2L
>
rd
>

e
o
o,

o

18 9
o?‘:‘
i /-\J
o

1~4

[®]+= non-squaredt =
?%7] o] o] M¥s)
1 under—-determined® ] +#-2 & 7HAA €k
a2 1. 2SN A ()XY gk [X]E 2HAE AEel7] wie] sbse e =
Fig. 1. Compressed Sensing (®IXI=[Y). A5e s 2S = ok o] 3 sparse solutions 2+

=

7] 918141 Ll-norm minimization A-g-5HA g ep!,

x| O|lo|®| oo |& | O
o > 9 N
flo > K

4
2

N

2 4o B,
X ] 2) Min I X | 1subject to [Y]:[@]DA( (4)

(4)¢] Ll-norm minimizationg AF&sHAl =W

[al= el N7 A1E YgEalsoe 2]
= G [X-XIL @A de e T 5 QA

I, [W]J&= N x N

o] A3} 8 E (sparsifying matrix)o]2} &tk [al2] 3k =

& tjFato] 0o]aL 0of ofd & &zt A5 KUl A=

AS 4% K-sparse 2lae} F2t} o]2A HoH ©]#]8t L1-norm minimizations &3] N7j2 <

g 25 [X]E e S4s 7RG H UAAS & u 259 Zol7k AW siE et Sl
AR EAS 7 fdEalE [XIE 2 14 ofE) 3 B2 ARbe AH|EjoRdtte EAFle] Y ol

A5 W AAE gE (e SAYE [ HE Y sAsty] sl EAe] EAAS Folal o EeAoE

¥4 (coherence)o] Zojokdit} [W]gl [d]rto]e] A% 7191 daglFe] A7 AP vk 27]ol=

Aol vk sERT 1 He =HWM)OEE Al Basis Pursuit''S 283 A7So] vgton 1 o]F

52 gda B3 5 o [w]el [o]ato] o] 2= Orthogonal Matching Pursuit(OMP)"? Least

AL ZHA szl YelA [l Lubd o2 Gaussian Angle Regression(LARS)"™  Normalized Iterative

Random §3& A4 M « N9 [0] o)A Hard ThresholdingNIHT)"™ Block Sparse Bayesian

Az Ve MO #e vkt ol Aojurit Learning(BSBL)"5-9] W o] w1},
> K* -
M 2 KoV © I 8 e Y AS2I0K 2t
oA 4 1 wEew A5E dEeE BEe &
SA a6, 45E ASE B FEe PS4 o] &2 vt o R AA A, 24, HA
Compressed Sensing Encoder Compressed Sensing Decoder
MIT-MIH arrhythmia Measurement matrix:
database Pseudo random matrix
| i > Fast Recovery | |
‘ Algorithm: ‘
‘ | = :> i | ‘
\‘ Wl = Block Sparse Bayesian :<>
““'””f”’"“"“‘"*’\r’w ; ; Learning(BSBL) “Mﬂww”\h
|
Original signal [Y] [Y] Reconstructed signal

T 20 AA dAalse ARE el fIE AFZMY AEHolM W,

Fig. 2. Simulation method of Compressed Sensing for researching of Raw-bio signals compress ratio.

(473)



92 MNEE 2M MHYNE BLEEES
T A5 EES Folshs AY WS Y 29 2
o, A4 AAAESE MIT-MIH  Arrhythmia
database @' M 9] ATHE ARE AP, =43

42 Psuedo-random 3 Abga] N = 50002 14
Al71aL M& ZAste] 4555 A7 Zel7t 2000
e AANZTE FE39TE 45E 25 E BSBL ¢
&P Ahgate] 2at Al g o] a2
MATLABS AH&-3to] =333l

Hdd ALz AR
7] flelA e dwrd o s de] AREE= A3ER] Percent
Root Mean Square Difference(PRD)E A}g3}310H,
PRD= 4] 59 o] Aojdtt.

N
> 2% (n)

n=1

i

x(n)2 Yo NFE gujsiy, z = 9" NFE
on|3la, N& PRD7F A4bEE windowe] 2

n gt} o] gk PRDE #8319 Zigel> H-9d 4
%= A5 9] PRDe} Aeke]=H(diagnostic distortion)7+2]

o]%

=L o

K st b i i by 110K 113

-::““ [ Cll .:!\-5. I : o
iR Mu,-""“'*w Y -.,.-’*Uf""“""‘ SLp, P L
al [

57 N, O 5T 5, O EBE B B e

© d

a2 3. 4EMAS 0|23 ECG AMEe o ¢ S
(@eelel ECG A5, (b4u] 2FE SO =
2ol LHE AMSo| = (deH] LFE A
s =4,

Fig. 3. ECG signal compress and reconstruction using
CS: (a)Original ECG, (b)Reconstruction of 4x
compressed  signal.(c)Reconstruction  of  5x
compressed  signal  (d)Reconstruction of  6x

compressed signal

(474)

A1l PQRST 33 ARPo] Az
s RN F Qlrk SR FE 4

19 3(c) T3 PRDFr] 17.66%% LHA]
PQRST Aol Avz B 2& 3138 4 gk
shAIRE Gul = QFEE Alse] HQl 1% 3(d)+ PRD

Aw %o ST Aust

Al

grol 3262%7F ugkom, Al A
Al As FAT 5 Qe o] thE A= Al
Tofl FFAES LS vk giFE 5ule] A5 E
S Bt

O% 4 AA SRR NEE 4F F B3 s
Hwd o)tk Aol 2AE A5 a9 4(a)S 8Hj
2 4% F 599 a9 4h)ZIel AAE Azt

— S——

W
E I I T

(b)

B e el M i By 1MW B

ash

a3 4. AFMA =S 0|E8 EMG otE 3 =
(@dehel EMG &5, (b)gul 2HE Al =
Hetonl == MSo H. (d)i2u] LSE
MSo 2.

Fig. 4. EMG signal compress and reconstruction using

CS: (a)Original EMG, (b)Reconstruction of 8x
compressed  signal.(c)Reconstruction  of  10x
compressed signal  (d)Reconstruction of  12x
compressed signal



| ] I: ¥ -« ¥ & B

& & & 8§ . 4 B B
———

20154 38 MX3E ==X M52 HM3E
Journal of The Institute of Electronics and Information Engineers Vol.52, NO.3, March 2015

B et e e L L

R R T e R P ) EBCE R
(©) (d
a8 5 ¢EMAS 0|88 EEG A3 o4& I =
@ehel EEG A%, bidsl 25e Aol =
lcueh EE Asol =2 (5 EE Al
59| 22
2= .

EEG signal compress and reconstruction using
CS: (a)Original EEG, (b)Reconstruction of 3x
compressed  signal.(c)Reconstruction  of  4x
compressed  signal  (d)Reconstruction  of  5x
compressed signal.

WA R AHAE AEE Bste 454
wjitoll Fheo] AAE o] PRDFL] 41.11%=

93

oX

o] EH

A Lk

|

HH
N

o

A5k A EAL e SAE A5 25907}

Az B8 AL FAF 5 ok oM dEH A
B =)

31.89%
2 = UgAR Az 54d9 AL S0 5 Ak
ez st Ao Bl a9 5(e)d¥ E3 PRD
kol 4367%°] YtARE Avz 2dd A& & 5 3
oh shARE SR ShsE AT HQl " S
PRD#ke] 62.66%7}F Lhskom, 73w Ase) HH7E o
a2 AE gl = gtk ol9le] v Al HAk=

CS Encoder SAR ADC

Sensor <
Node ﬁ: (X
[]

v <Q ™

Transceiver

@
y A SAR ADC CS Encoder
Sensor L S
MI§ S e " Transceiver
L\ [@]
b)
( N
SAR ADC
IA
\ T
Node AI Transceiver
PN Clock
Generator
\_ J
©
T2l 6 EMA olmM FE: (otdza ToeloAel EMAl olaH, (bCIXE ZoQloMel oFEMAl Q1AM
(c)Pseudo number 22} WAMI|E MESH SAR ADC 7|8t efSMlAl ol 3H,
Fig. 6. Compressed sensing(CS) encoder architecture: (a)CS encoder at nalog domain, (b)CS encoder at digital domain,

(c) CS encoder based on SAR ADC with Pseudo number clock generator.

(475)



94

AS AL g e 4HES AT

AAYA NG AEate] AlgdEeldS
gelgk A3 AANS 5 7P AAE
TAE ABe Ay kEEc] 1M1= 7}
, U-healthcare A]Z=gloj A

of Aol A=E2 5Tk 7HE AbAlE

bix
Hy
£
o>,
tjo

;O.LL
o
Ay
e
fr ao

ox.
o

.
N
X
B

o
H

7V o] o]

o> i

N
i

o,

o,
O
2L
2 1

o,
Mo
o

o
it
2
fol
lo

rio,
i i:z
>y >
o,

lo

e o ) Jzod dlo Jmorr o i ofm
X,
v
I =

2
o
o
=,
:oé

[e3
3
ot
k)

u
T
b
[
tob

!
)
&

2 o
ro

2
il
CE -
boH o
oo ol

o
=X
3

4

A7)}
g Pz o)
3 YA
=wol A AAE SEFES V]

FdefoF dirt

HEREE

o g3tel HAE AL,
FasT. 1 A

Hdl g=Eo] 1082 7}

oX o Jm £

=
o
e
)
do |
o

ol
=
X

Horlo mu =
Nl
e
P,E

r> L ol

folr o
ot 1o
At Lo
tob

2
>
folr

o ART/2HE MY ASMY BT

(476)

REFERENCES
[1] 2utg Adach “sh=Al4 7IRke] FHFA A~
€” The Magazine of the IEIE, vol. 38 no. 1,
pp. 56-67, Jan. 2011.
e, SUA5HEs Aot “AENAY b=
AA 28" The Magazine of the IEIE, vol. 41,
no. 6, pp. 48-59, Jun. 2014.
A. Milenkovic, C. Otto, and E. Jovanov,
“Wireless sensor networks for personal health
monitoring: Issues and an implementation,”
Comput. commun., vol. 29, Issue 13-14, pp. 2521
- 2533, Aug. 2006.
D. Donoho, “Compressed sensing,” IEEE Trans.
on Information Theory, vol. 52, no. 4, pp.
1289-1306, Apr. 2006.
E. Candes, J. Romberg, and T. Tao, “Robust

(2]

(3]

[4]

[5]

uncertainty principles: Exact signal
reconstruction from highly incomplete
frequency information,” IEEE Trans. on

Information Theory , vol. 52, no. 2, pp.
489-509, Feb. 2006.
E. Candés and T. Tao, “Near optimal signal

recovery from random projections: Universal

[6]

encoding  strategies?” IEEE Trans. on
Information Theory , wvol. 52, no. 12
pp.5406-5425, Dec. 2006.

[71 F. Chen, A. P. Chandrakasan, and V.
Stojanovic, “A  signal-agnostic compressed
sensing acquisition system for wireless and
implantable sensors,” in Proc. 2010 IEEE
Custom Integrated Circuits Conf., pp. 1-4,
Sep. 2010.

[8] J. N. Laska, S. Kirolos, M. F. Duarte, T. S.

Ragheb, R. G. Baraniuk, and Y. Massoud,

“Theory and  implementation of  an

analog-to-information converter using random

demodulation,” in Proc. IEEE Int. Symp.

Circuits and Systems(ISCAS), pp. 1959-1962,

May. 2007.

F. Chen, A. P. Chandrakasan,

Stojanovic, “Design and analysis of a

hardware—efficient compressed sensing

architecture for data compression in wireless

sensors,” IEEE ]. Solid-State Circuits, vol. 47,

no. 3, pp. 744-756, Mar. 2012.

[10]M. Trakimas, T. Hancock, and S. Sonkusale
“A Compressed Sensing
Analog-to-Information Converter with
Edge-Triggered SAR ADC Core,” in Proc.

[9] and V.



2015 38 MAZets
Journal of The Institute of Electronics and

IEEE  Int. Symp. on Circuit
Systems(ISCAS), pp. 3162-3165, May 2012.

[11]S. S. Chen, D. L. Doncho, M. A. Saunders,
“Atomic decomposition by basis pursuit,”
SIAM J. Sci. Comput., vol. 20, no. 1, pp.3
3-61, 1998.

[12]1]. A. Tropp and A. C. Gilbert, “Signal
recovery from random measurements via
orthogonal matching pursuit,” IEEE Trans.
Inf. Theory, vol. 53, pp. 4655 -4666, Dec.
2007.

[13]B. Efron, T. Hastie, I. M. Johnstone, and R.
Tibshirani, “Least angle regression,” Ann.
Statist., vol. 32, no. 2, pp. 407-499, 2004.

[14] T. Blumensath and M. E. Davies, “Normalized
iterative  hard  thresholding: Guaranteed
stability and performance,” IEEE J. Sel.
Topics Signal Process., vol. 4, pp. 298 - 309,
Mar. 2010.

[15]Z. Zhang and B. D. Rao “Extension of SBL
Algorithms for the Recovery of Block Sparse
Signals With Intra-Block Correlation,” IEEE
Trans. on Signal Processing, vol. 61, no. 8
pp. 2009-2015, Apr. 2013.

[16]H. Mamaghanian, N. Khaled, D. Atienza, and
P. Vandergheynst, “Compressed Sensing for
Real-Time Energy-Efficient ECG compression

and

I
of & =AY
20134 Fouslu AuFaa)
SALES.
2015 F- st uh- 3}t
MAES
<FHAEoR AvtE A uhx,
A5 TF7], d=5448>

3
nfor

=}
[y
ormal

(477)

X H528 M35 95
ation Engineers Vol.52, NO.3, March 2015
on Wireless Body Sensor Nodes,” IEEE

Trans. Biomed. Eng. vol.

24562466, Sep. 2011.

[17]F. Chen, F. Lim, O. Abari, A. Chandrakasan
and Vladimir Stojanovi¢, “Energy-Aware
Design of Compressed Sensing Systems for
Wireless Sensors under Performance and
Reliability Constraints,” IEEE Trans. on
Circuits and Systems-I, vol. 60, no. 3, Mar.
2013.

(18] A5 “g=xd3  F4H=E 87, The
Magazine of the IEIE, vol. 41, no. 6, pp. 27-38,
Jun. 2014.

[19]E. J. Candes and M. B. Wakin, “An
introduction to compressive sampling,” IEEE
Signal Process. Mag., vol. 25, no. 2, pp. 21 -
30, Mar. 2008.

[20] MIT-BIH arrthythmia database. (2006). [Onlinel. Available
» http//swww.physionet.org/physichank/database/mitdh/

58, no. 9, pp.

[21]Y. Zigel, A. Cohen, and A. Katz, “The
weighted  diagnostic  distortion  (WDD)
measure for ECG signal compression,” IEEE

Trans. Biomed. Eng., vol. 47, no. 11, pp. 1422
- 1430, Nov. 2000.

[22] Joseph J. Carr, John M. Brown, Introduction
to Biomedical Equipment Technology Fourth
Edition, Prentice Hall, 2001.

74
Al H(AHIY
1991 2¢ KAIST A7) 2 A
338t kAL
1993 29 KAIST #7] 9 A=}
&t} FshA AL
{ \‘3 /. 1998¥ 29 KAIST #7] 2 2%}
i T otat g bl
1997 ~1997d 10¥ =< DaimlerBenz
Research Center 449
1998 1¢¥ ~20004 4HAd A2} System LSI A<
A4
20004 4€¥€~20024 4¢¥ v= UCLA HYAL &
A+
2002+ ~2003 8¢ W= Qualcomm
AdAT4
2010 8¢ ~2011d 8¢ "= Qualcomm
Corporate R&D Visiting Faculty
20039 ~&d A Fdigtn HA-Ee et wg

<F A Eof: RF/Analog/Microwave Integrated
Circuits and Systems>



