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ABSTRACT

Recently lattice-reduction (LR) has been used in signal detection for multiple-input multiple-output (MIMO)
systems. The conventional LR aided detection schemes are combinations of LR and signal detection methods
such as zero-forcing (ZF) and minimum mean square error (MMSE) detection. In this paper, we propose the
Lattice-Reduction-aided scheme based on extended noise variance matrix to search good candidate symbol set
in quantization step. Then this scheme estimates transmitted symbol with Semidefinite Relaxation by candidate
symbol set. Simulation results in a random MIMO system show that the proposed scheme exhibits improved

performance and a slight increase in complexity.
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II. Lattice Reduction & ZHE7|
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Channel Model 4x4 Rayleigh Fading

Channel coding None

4-QAMS AHEsi8IT) 7]1E =FollA Agkgl LR-ZF,
LR-MMSE, LR-MMSE(H)¢} #4543 24k 33
S o3 AN AHE19} BlaL B4 sl

=3k, BAtE AR jFodake] gAle] b 3
23lgich ol BlAlZ|e] et qdalee] FAZ] B
o} A3 27| wto|ch =8k Lattice-Reduction
Algorithmel] 2Js8] 72 xde]| Lattice-Reduction
%52 SQRel ]3] LLL-Algorithm®] <d4kefo] Abet
3] Fol5e] Halw Allel] aef=A] ik

5.2 Zejdly Aa|

Fig 2= 4x4 MIMOA|~HElo|4] 7]&2] LR-ZF,
LR-MMSE, LR-MMSE(H), [12]¢l4] #Ast= &=F
g A 4 €S o]88F LR-MMSE(H)®} £
=Folla] Akl LR-MMSE(H)ell &3kl 3-8 3
2L ol gsle] FH AE listE 5] Semidefinite
Relaxations ©]8-3l list % maximum likehood
£ zZ+= el BER As S vlassdch
[12]e14] AFE HE7]|<} Ak AE7]+ Y

H A [istel|A] maximum likehoodS 2= 7]

—+—LR-ZF

—+# —LR-MMSE
| —E— LR-MMSE-extend(H) 3
Y| —&— LR-MMSE with noise wariance[12] |
......... BN Proposed Scheme

BER

Fig. 2. 4x4 MIMO Alz®ellx] 71&2] LR #E7]|¢k Al
| A7) A

937

www.dbpia.co.kr



5418 3]3=4] °08-11 Vol. 33 No. 11

—
|

;€

I

PIQ, = 0

Fig. 3. Candidate symbol set X°|®A Q=-09] 35 Al

W o2 BER A% Al 79| dxgie) Aljkd
HE71E= 28 10- 4oﬂxi LR-MMSE(H)Xx} ¢k 2
dB A% IS Holw, oF 16 dBolAtel4E= MLD
o] A%l &7} w3l 7]¥ LRADSH MLD A}
ool tlo|MAlE] o]58 A= S Eal & 4
ek =gk I AE W A 8] oAM=
candidate symbol set X <t MLD®| minimum
distanceol] sF3h= AlEeo] A x3E gls
< & 5 9k

Fig 30X+ 4x4 MIMO A|2®lollA] Algksl <&
T2]Z2] ARl Semidefinite Relaxation®]sl] <]
H =74 Qg & FAISZ candidate symbol
set X2 list o Q>0 = Semidefinite ¢!
candidate symbolo] &7 & 5L vjepic) =3k
high SNReA] X & sizer ZEolEx Qx04] 25
< AAA o] BER A%5<] MLDel| 243t}

Fig 4+
Q=029l symbole] Z$H Al symbolZ HEE

candidate symbol set X 2| list ol

s ; ; ; ; ;

H i i i
0 2 4 & 8 12 14 16 18 20
E,

10
bmu
Fig. 4. candidate symbol set X o] Q>04al symbol
o] transmitted symbol & 341

938

MO
2500

;i T T T T T
—4— LR-MMSE with noize variance[12]
—H&— Proposed Scheme

)
&
=1
O

1500 -

O

1000

Average complexity of multiplication

&00

55 vehick o] #E A1 SNRe] 0dBell4]
% candidate syrnbol set X9 list Fof] Q=09
symbol®] 70%%] = FEZ 4l AES AE
R E.OJ]TE‘:]'.
Fig 5% [12]°14] Akl 2% 3 4 334
& o]43 LR-MMSE(H)9} 2 3=itellx] gk
MSE(H)ol| &7 A5 8 o83l F
A& listE 9H5°] Semidefinite Relaxations ©
g AE719] BAEE vt BT ik
Asbbg- AlLletar AAR Hit
E9] xlo]E WhEoJUl= candidate symbol set X<
Semidefinite®} maximum likehood <4 =83}
A vtk 7 B3RS 39 7]l I
SNRo| 71l we} 7hagicl Ak AErl=
Semidefinites WHhe WEE 4 AlEE AHE
3lal vhg FHEo| i3l Semidefinite 14 314
2271 wiseel] [12]14 Ak AAE71¢] HAws) o

o o] FA] 9k F& SNR A E BlwA

:é

il

g

ol

—

fiop g

=
al
v
HE7) Y
A

MIMO Al2=glollA] tlefgt 71%7]7} Q=] 9‘4
2 dedE MIMO Al=®elx] LR FHE7
rounding operation I ollA] ksl zhS- 4t s
o]-g3te] Hr} A=A <

©]= Semidefinite Relaxation2- ©|-8-3l] minimum
distance | 3fw3h= A BE FA3to 72H] AL Bk
TE §x)5P1A] MLDY Alxel =2 slsic)

MIMO Ajz=Hl9] AZ 7HES 453 83

Atolel| trade-off FAIS ZH=r}l B AFE E3) =

N mlo I

+= candidate symbol set-S-

K

it

il

www.dbpia.co.kr



= MIMO A]~Elol| 4 Semidefinite Relaxations ©]-8-3F %t

AF 8= 7]uke] Lattice-Reduction-Aided 7137]

do
s

He] A5S zZH= MLDO| Bike nr} 343 2
2 o] Bales zZomix Hze] Aol mdsl
Ak 2 BAn ek A3 HE]e BAs Hr)
R F7eE A=k

SRR

(1]

E.Telatar, “Capacity of Multi-antenna Gaussian
Channel,” AT&T Bell Labs Internal Tech. Memo.,
June 1995.

G.D.Golden, G.J.Foschini, R.A. Valenz- uela and
P.W.Wolniansky, “Detection algorithm and initial
laboratory results using the V-BLAST space-time
comm- unication architecture,” Electronics Let-
ters, Vol.35, No.l, pp.1415, Jan. 1999.
S.Verdu, Multiuser Detection. Cambr- idge, U.K:
Cambridge Univ. Press, 1998.

E.Agrell, T.Eriksson, A.Vardy, and K.- Zeger,
“Closest Point Search in Lat- tices,” IEEE Trans.

on  Information  Theory, Vol48, No.8,
pp.-2201-2214, August. 2002.

H.Yao, and G.W.Wornell, “Lattice-Re-
duction-Adied Detectiors for MIMO

Communication System,” IEEE Proc. Globecom,
pp.424-428, Nov. 2002.
C.Windpassinger and R.F.H.Fischer,
“Low-Complexity Near-Maximum-Lik- elihood
Detection and Precoding for MIMO Systems
using Lattice Reduc- tion,” IEEE Proc. ITW,
Mach. 2003.

J.Jalden, B.Ottersten and W.K.Ma, “Re- ducing

the average complexity of ML detection using

Semidefinite relaxation”, I[IEEE ICASSP’05,
Vol.3, pp.1021-1024, Mar. 2005.
AXKlenstra, HW.JLenstra, and L.ILov- asz,

“Factoring Ploynomials with Rati- onal Coefficients,”
Math. Ann, Vol.261, pp.515-534, 1981.
D.Wubben, R.Bohnke, V.Kuhn, and K.D.
Kammeyer, “MMSE-Based Lattice Re- duction
for Near-ML Detection of MIMO systems,” Proc
ITG Workshop on Smart Antennas, March. 2004.
D.Wubben, R.Bohnke, V.Kuhn, and K.D.
Kammeyer, “MMSE Extension of V- BLAST
based in Sorted QR Decom- position,” IEEE Proc.
VIC Fall, 895-901, Jun. 1981, Octber. 2004.

(11) D.Wubben, RBohnke, VXKuhn, and K
D XKammeyer, “Near-maximum-likeliho-  od
detection of MIMO systems using MMSE-based
lattice reduction,” IEEE Proc. International
Conference on Com- munications (ICC), June. 2004.

(12) D.J.Lee, RW.Kim, and Y.S.Byun,“ Im- proved
lattice reduction aided detection based on
extended noise variance matrix for MIMO

8th IEEE Workshop on signal

vance in

systems”,
Processing  Ad- Wireless

Communications (SPAWC), June, 2007

0] & &l (Dong-Jin Lee) Z3]9

20061 29 A Al
sk 24

2008 29 QAYI}w AAE
sah HapEs]

2008 84~&A)] BroadQ 7Y

<3l MIMO-OFDM, UWB,
Al Als A2

Ht = HI (Su-Bin Park) 3]
20074 249 QAR Ay
&3} )

2007 39~3A]  QlAEw
e Al

<y Eol> MIMO-OFDM, %
Axl 5 =2

H £ 4| (Youn-Shik Byun) 21314

1978 2 AAdEe A7)E
g3} Z4]

19814 2% AAdEke HA7)F
st} A}

19854 2 AAHEkw H7)F
gt} uial

19904 84~1991 74 W]
Stanford w3} Iz} ¥tz AL] wag

2004 9Y~20051 8Y wEtistw AHzpEsl-Es)

al3r

I

2} ALl W
2006 749~2008 2¥ Al§] PAdEw FEA)
2008 34~2008d 7Y Al QA WA}
19873 39~ A7 QAN AxFdk) we
<Al Rl TiAY FAl Y AT g

939

www.dbpia.co.kr



	MIMO 시스템에서 Semidefinite Relaxation을 이용한 잡음 분산 행렬 기반의 Lattice-Reduction-Aided 검출기
	요약
	ABSTRACT
	Ⅰ. 서론
	Ⅱ. MIMO 시스템 모델
	Ⅲ. Lattice Reduction 및 검출기
	Ⅳ. Semidefinite을 이용한 잡음 분산 행렬 기반의 LRA 검출기
	Ⅴ. 모의실험 환경 및 결과
	Ⅵ. 결론
	참고문헌


