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The solution of Multi Sensor Problem using Correlation and CS
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Shannon Nyquist sampling °]&2 signal
< AFAHeE 5 E¥FE ] A% Ha
sample®] M5 w3 Fo. o] HEPge
NR(Nyquist Rate)®2 ¥2}Ac}. 8}=|3}t signale]
v]-$- sparsedy} ®i= compressibledlchd o]
ZA& WE3A] dolx AFAQ En B) 7}
Silths 22 d7Azp) HxHd. o)2d A
= Compressive Sensingeleh= A Folz) 2hits}
A AP 9lgh(1).  F CS + signalel
compressible dthd NR ®Hr He 49
measurement® # signal® E73h= uhio]
o}k,

MS(Multi Sensor)& 2] o4 AH- =}, 7}
2 WSN(Wireless Sensor Network), CCD(Charge
Coupled Devised Array) Camera, MRI, Multi-EEG
signalsel St} o2& $459 FE5AHL data
F 971 f15te] o2 7H9] sensorsg o|43A, ot
712 sources FAsle] o2)sf9| signale d&

the AHolch,

IFAT o] MSE8elle & 7K FEAHQ ¥+
A|Ao] i}, & 7} sensor7} 7|3} signalSo] %
o] s o] yrhs Aot} S8 o} =34
2]t 3423t AAME o3 vlE I} 53]
I Qle AR AAE Fefsr] A8 Iy FEE
& 2sh= 20| A% sensord] 71 Eolvhd Ed8sjof
& signal A1.20| <Fo] At wlds] Folvhe A
o] glth. 22 918} measurementE collection node
(o]3} receiver)® AY¥ uf Hgojatozm 9o
resource & 3] ¢} bandwidths AHE-ajopat a}=
A7 BAge o)’ EAlE #Z2sr) S8k
sensors ZH| correlationg o]-4-sh= why (2)o] gt
o] HA%, o] whH-E sensors7le] HA1E so}
he eu =) e

olg|gh TAE $elv ¥ =Felx g e
ujo 2 #Astaal gl 7t sensorse  CSol
24 ALt AL A5 AR signals
o] vj¢- sparsestchd A1E2] 7§45 NR vlgtes
Y4 5 W] wEelhl). eld kel

- 113 -



20099 JEHEMEZ0E S gEdtais =2%(2009.11.20~21)

inter-sensor signal correlationg ©]-83h=
receivere Akl dlo], = ¥ measurement
9] & Folv WS B =M E Aot A 7
sensor signal& CSHo& o]n] gh&e] Hgiz]
9 AAH B4 ¥9ES wf  inter-sensor
correlation o ©J& FEAWI} ofAx dolgly]
o, o k5 & + e =7} 23

el £ =Felds B4 5HE nEshA, F
%5= measurement®] -2 HA4slsh= B why
< Az}, o] ubHS o] 4514, sensor £ Zhel| ¥
AlE ol sk endl=g fueix] daw, 7z
sensors°] ¥ujo} 1= measurement®] 55 g
9 + A "t

AR JI= £ =% olsish=d "ed CS w7
AL ol ght), AA [[[ellA s & =FollA] A|qkh
E7 whlo] disjA gk A4 [VE A B4
Z2 7S o] gste] A BH o)A Aste} AL AT
g}, AA Vel oz dstasl sk waks
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1. Ui X|4
2.1 CS(Compressive Sensing)

CSe &% 3= whesd =& 399
vectorg & A9 vectorZ wHR:= Aol o}
+3 & 278 7HA€ signale A7

Signal seR” v compressibledtthi 7}A
&2}, o] signal compressibled}”] ¥l el
o] Wghe o] fsle] FulrFoR uld Fulpd|
ddshe signaldhe 2¢ 4 ok ie.z=Us,
Iz ll,=K o ¥3H signale 0o] ohd zt=e)
Mg KN Mz, Kb NRg §3 ztow
sparse¥t signalelglx i} w3 random
measurement matrixql FERMWNE Azlan
A4 Fol ZA7e] $E-& ii.del Gaussian NEe
= 7WA 3 RIP(Restricted Isometry
Property) (3)(T) 27 w0 A|Ao} ¥} $2l=
s ®E 28 Fol 5 A719 459 signal @
£ % 9t} ie.y=Fls=Fs, yeRY. olg N,
M. K¢ e o83 2}

K< M<<N.

old} }%H signal®] 271 M & g3} e

BR-EE v A|Fo} d}(3)(4).

M = cKlog,(N/K) (1)

4714, e 29 2L FAfol}.

Mol gel Nudh Ay wEel y=ust
under-determined systemo.2 #3lo] Hr}. o]
HE FAE F= R |, ,a33: o,
minimization ¥4 %ol ot ATt (9 A
dle 222 M=K+1°]7|% 3hd #A15 2 &
4 AT o] wH-L NP-completed}r] wj&oj &
A 2dstell AgksiA] dch. =3 I, minimization
WS sparsedt  signal® &7 Mok
non-sparsed signalg i 73] @7] il
AjetA] ek webd ) [4]ge] CS¥olellA w
o] AHE- =3 Qi

2.2 DCS(Distributed Compressive Sensing)

(6)-2 sensor networkell CSo] &< 443k =F-o]
t}. o] =¥olAE signald 37H4 FHE F¥ dlx
= =3 A2 F¥ s Bk why =3
Z}z} At sk, Zheks] wabd zh XS signal
< A’ Foll 45 Fa receiverelAd & €
signal& B4t} Receiverol4+= 2 signal & whe-
Foll 247+ signal®] 35 A8 ol43ld &
75 A% 3 "ot

. Hgksh=s 57 2

¥ =rolAs, MSEA9A signalSe] sparse
&3, sensorgel BAlH A& 7% 22+ sensor
o] 7A@ signalE2] correlationg collection
node(°13} receiver) ZellA] & 31 Qlrh= AA|ellA] &
A& Fol Zhe}. o3t AAelME, 24249 sensors
< ] o]4 A= signald w3 & Pas} glo] A
gt ZolZ g+5-8 & Foll receiverolAl signalg &
%8P ok 22]3 receiverZel4] correlations ©|
4% 73 % sensors°] receiverolZl Bul= signal
measurement®] o] =& Z1¢ simulationo 2
BQlch Albsh= wle] Aake o3 2}

Step 1) Z sensors-< A S 2 signal$ 7]
Lis=

Step 2) 7t sensors& A& signalg
random measurement matrixq Fel Fo3&
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AlA 5 signale 353}
Step 3)7} sensors-2- receiverellZ] step 2)ij4] Q-2
455 signals Byt

Step 4)Receiveri= A 76| 2t 723
correlation ¥-53} random measurement matrixS
ol 4-ste] B A B3 matrixE A4}

Step 5)Receiver+ Step 4)ol4 A
matrix®} sensor&24€ 4 signalFell 71%0] =
+ signal¥ [, minimization ¥W4el] A-g3le] =

A% AR

SlellA] Akt whE A4 5 gle 38 Fol
= Btk el AFd vl WSNell A4 & 4
siek. o source® ##1317] #l4l sensorsS 24l
3 w25 81902 o, sensorEe] Y7} 7l
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the number of measurement per sensor

(3% 1) 2{2te| sensoroilA| L&S 8 %ol receiverofiAf
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7+etoll w2t Zt sensor?| receiveroiAl EUiE signal2)
2fo| ZtAdict,

transmit power& A AH- s4A], receiverel 7l
measurements A & = Qlt} = o} 4o
+ Multi-EEG signal& £ 4 2lt}. ] signal vf
- sparsedlil, EEG sensorge] =15 24ls gl7)
wj-&ell 2t EEG sensor7} 2@ signalS-& vj$- =
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resources AMlE ¥ 4 9A Hoh

V. &8 21t
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ok, WA FFAQ AY A2 7} nodeSe
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2] correlation %2 exponential distributionel] 2]l
A4S skdch. 223 sensord] 42 1, 2, 4, 8744
F7H7IRA, Z42ke) AR g & 100049 HlAES
AA 5 st
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sensor’} W= measurement?] 745 o]i, y&
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(2§ 1)ellA =2k AL sensore] 47} 170 o
ujo] Asjo|c} 18E £ & 4 3l%=o] sensord
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x| measurement®] 7} A Qsjch 224 Ao
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= A3 measurement®] 7} 20e47) o wj way
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& Al EHolAd A=, sensor?] 47} 27} 42
7+t sensor7} Wl measurement 57} 7H4sks

A% % & 4 sleh
v. 2=

2 =rollA e MSEA oA ZH2te] sensorse] A
2 A% signals 28 342 ol receiverzh
sensors Abol9] correlations o 4+ gjoba Hagh
measurement?] F& £ 5 th= 22 A 5do)
S 53 slFslsdc). o2 o7 wiske ojdy)
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