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ABSTRACT

The determination of system parameter values is
very complicated for improving the performance of
fast time-varying OFDM channel estimation with low
complexity CE-BEM. In this letter, we propose a
method to mitigate the problem of the CE-BEM by

machine learning.
I.M 2

34 A OFDM A ol SellAl= A §5-2 7]
A gee] Ay Agte®  #3sH= BEM(Basis
Expansion Model) WM& F2  o]g3kci
DPSS(Discrete Prolate Spheroidal Sequences)[zl,
Legendre tF}A] 5 31 APH Ad 54l <33t

714 s *P%F At A AsENE A S
=] BEM AlGE oS3 A3joll= AA BEM A
T vRGR s}f 43 A5 WA slE T8k
FKo] ZE3tELh 34 AW Ade] A BEM 7|A]
o] et SR = A oS darelEe]
Axt BRlE T ZlsA] ok 3k B4 A5
(Complex Exponentlal' CE)E 7Adr=E AMSs=
73-Fell= T <41 OFDM A'd o] tfjoiFo]
A= 1{47} vehdtl $AH e R = A4 BEM

Aol ek shlel 419 A% WgAle] Fuke AR
M EgAel A28 A8 A A EE Bel
of AR SRR 2 A Fade] 2| Zeh) Wy,

I8y A EAE CE-BEM< OFDM A& 77ke] A
S-S 7] R 2AERhE WAelw 714 &
T i P o v
A ke HAEE WEsta gl

olefd AE siEsh] flste] Haned [1]e]
A1 Legendre TFeFAoll thel B2 A|ghe] At
%J(orthogonal projection)S ©]83le] Ad S 9]
Legendre T} BEM A% - o2 Fal= Wt
A% ol-g3tsiek. A (21004 OFDM Al
R4S I o o o B G B = e g i B[R 1
= Aol A<lsle] 7] rpdAle] S Fste] A
S5 AEYT F o] 555 DPSS-BEM 7l
= Tzt o]&slsich o] WhAelx= BEM 7143
o] Mg AL 7 HjlsA ARz 7o) 3
Aoyt HA 2| 7Ag JieE AAse wAle A
do] w3 T, Ad AR g, Al o A
5 A 27 wistel] e} defA|= vl BAlRE o)
< i gdek 2 =wellde Al Hd 7S ol
alo] Foixl A FHelx] BEM 714 3=2] 742}
T334 CE-BEM ZAl5=2Z4€] DPSS-BEM A%
Fotol A o3 S AR WakE A

.l 2o ofst d= i

a4 A OFDM Ade] B4 A n—1elA
HE izl A A nellAe] Swal hlnl)
vrebd = gk AR A|de] M= e L74e] A
742y Adctal 7pdstar e =ge Fuk
OFDM -Ald ZHA ol AqpsbA7l f e Ade

TR s

# o] Q1 2016WE Ak 15Ul Al Slalel AR
¢ First Author : (ORCID:0000-0003-1853-1048)Gyeongsang National University Department of Electronic Engineering, dmlim@gnu.

ac.kr, £A413]4

= E 1 201812-391-A-LU, Received December 17, 2018; Revised January 4, 2019; Accepted January 13, 2019

281

www.dbpia.co.kr



The Journal of Korean Institute of Communications and Information Sciences ’19-02 Vol.44 No.02

A EAS vehdch OFDME] #Ad A4S N,
CP(Cyclic Prefix)e] Zol& L[—18 FAspd
OFDM Al uel g $41 A% y= o3} o]
SRS

y=Fdiag(w) [HYF u+n] . 1)

9] Aol B o4k Felol ahe vhehile
He &, we Ade] oSS Agsb] $3 de
DR | B A7} o3 A9 #Y, n& BrAF
A5, diag(a) = e a® A% A7 4, ()=
s A Ak Vehick

CE-BEM OFDM A o|Zo|4= 97 A4
= A AE A2 S5 b2 71A 8 B el

oig BEM AS g = e}

diag(w)h, =B,£. ®

h, =B,¢". ©)

9l AellA B,= DPSS® 4% 71434 si=o]
o ¢ $g BEM A5E vhebdick A ofl Zel4]
9lojzl CE-BEM A% £ 2%¥] DPSS-BEM A4
£V Falke 72 wale A Bl uel H4
2] Az~d] vy Flo] delAl= w9 EAtt —‘?—Zﬂ
olufl? B i=ellxli= 7A5rE] wo)Aglel o5
g dlolel S shol] o8k HAl oy 71HPe
slglc}

Fased [5]elxe A 5T dlolE] AE AE
< FAoll 73l3l7] 915t OFDM A|=Hle] mdlg]
o 5 AFeR A% AlE Al7%(deep neural
network)= E=J3kaL it & =Felli= Aol o
gk A2 o}2 ¥3el BEM Al Ale]2] wstol sk
TAE o5 oS3} 22 ek A9 3]7](linear
regression) RS- #-g3)c}

bt n‘?‘

9] Al ()7 sele] A ke vhehdic, o)

282

01 Tﬂd% rﬂOlEiOﬂ 4;%} H = 34 o5 AA
= etk £ =Eelx e UV“ WAL A5 S5y
(supervised learning), $3Z2}ql Skl slidgic) 7
el mol el ofel Flg- dlolelE FAlshe 7
e ok Zrh A ol Selli= v OFDM Al E]|
Zol7} 1,9l Il Al ABEE MNE dlele A
E EE Aolof] 5P 0 wix|shs whAlS o] 43ic)
. A AREAE dlelele} FhalEl AlEE AR
OFDM A% u& A4k =Fe o5 [,
welol] ofA L)) A A 85 b,
< st A7 o A P HY 2 AR 5
171 Als o A5HI(SNR) ol wHt AR5 nS A4
F A (DF o83l Al Als y & ALk Al
A yoll ] A ol Fell ARSE= A S-S Al=E]e]
AEAE LS A oS wAPS o)gale] L))
CE-BEM 7% ¢9¢ Facidzed 219 4
(14)-(16) 3=2). L71°] CE-BEM Al £195 e
2 AH3te] FEE dlolE] AE X 2ER F7IgE
t}. DPSS-BEM 7|43k B, 7} A3 &)l A& 2
(3)01] Hgsld E¥E 3= DPSS-BEM Al$
e =B/, 73 4 itk L7 DPSS-BEM 7
& g2 AR AAsle] FHE el A= Yol
AR F7RRIeL A7 7ed By S
NW wEst 48] gt 2 N Ll F514- )
ole] AlE X<o} el7l AE Y7} SHd=Ich
A 4 AR A Al LAHMSE)E A s

Jakes 2~ ;ﬂ E E

o

NL
MSE= ]\;L 2]1 I Xy | o)

MSEZ | 43}3l= 38 ¢= A vpA» ](normal
equation)d] = thSa} o] & 4 gl

o= (X7X)'xX7Y . (©)

A (5)elad X
Pas et 1_‘:]'.

W A7t AE X, YO nils

www.dbpia.co.kr



A 29 o 83 3 AW OFDM A el =e] A% 1Al
Il ZONE 2 ¥ FE
-O- LS with fo=0.2 [2]
i LS with fo=1.0 [2]
5= - & - . > Machine Learning with &=0.2
7‘5]‘[1‘]‘:% E_o/:—:l]_é‘% Jakes ‘/—\-'i]E—Eﬁ] HLﬁ :0:1'7:] E Sy Z MachineLearniEwithf:;:lO
QPSK ™= "Ml OFDM A|2®] slejn|e] N=256, Fi X
L=5, £, <10 B3lelA] asisiel. s Alue S
ABEEL] A M=5, Ze] L,=9% A bl Byl 0 TR - S
=
ole] AEof ot 7H& Eol7] $15k] & =g 107
& Agalgeh A4 A A% EDE vl S 4
10-* T T T T T
A37) 913 mel Aol FHIRE AN e Ak N I N T A
Aoz Aaks| A= don] & =il 7
A Am o 22 B sdE g w agl 2. A elE wAle] A BlaLs)
A A= %‘4 U5 ¥, Jakes = Fig. 2. Performance comparisons for channel estimation
ol s}l wkzl7]9] NG 55 vlEA AAs)e] methods(LS)
T 9 el

A A3 3)7] e ﬂéﬂl ARERE HlolEl S 4
a17] 913k mejAgle] 35 Nl Higk A oS
e wWskE 13l 1o =R 8 dlolE o
N7t 27k A oS Adsol whEAl e
S Holn o]F moAF M= N=102F A3
shodek. 18l 200 Aljke Al 21l 23l ZiAdE A
g A5 A PAla} vlatste] EAEIIck f),
=0.2¢] 74-$- CE-BEM =dlo] A 7oz A%
o] ZA MRS 13 4 olom vl 34 A
Aal f,=1.02 dlo|g] Al &8t 714
Hre u2hA
CE-BEM =Hle| Al 7oz <lgh s 7HAd &
Iz AlgHA et} 18] 26014 SNRo| uh2- od<dellA]
o] A% i Eake WAl 2ld s A ellA] SNR

A

_]

‘—O 7]Z

<
T

73-Fell=

°] A7l T8

<=

001

| Z3kS A-43k Flo] & Yalolrk EA3 27|
A9 A mlas flgte] 13 3ell4= SNR IS5k
5} Jakes 73] A mele] EAA 27 FAE 0

¢

8

=

10
0 10 20 30 40 50 60
£, /o (0B)

T2 1. 2JAd 3l Vol digk A oS e
Fig. 1. MSE performances according to different values
of IV,

10t

= MMSE with fp=0.2
MMSE with fo=1.0
Machine Learning with fo=0.2
Machine Learning with fa=1.0

100

Normalized Channel MSE

Ex I Ny (dB)

T2 3. A oS wAe] A5 vla(MMSE)
Fig. 3. Performance comparisons for channel estimation
methods(MMSE)

r

14]-8- A-8-5}3 DPSS-BEM 714
B s b BT (219

M N, 5o Hskslo] alo]
Al 2 wale] At nlwslsdn) 7)E
S #H2] A5E Fab] $lsted ofe] i)
Fajalo] =029 A9 K=3, N,=4,
A% K=4, N=7% A4sid on] vl 2
o] 3l ] A K=5 % 343}
21 £, SNR Wsle] A FAdA At
wAlo)| o)gl A of| = A% Al F}

oldl~
zi’

2L o2
>.
jg
=
-l

17) ;‘<L_7,4_) xﬂg

~

T
o
>

st
do 4

References

[1] T. Hrycak, S. Das,

Feichtinger,

G. Matz, and H.
“Practical estimation of rapidly
varying channels for OFDM systems,” IEEE
Trans. Commun., vol. 59, no. 11, pp. 3040-

283

www.dbpia.co.kr



The Journal of Korean Institute of Communications and Information Sciences ’19-02 Vol.44 No.02

3048, Nov. 2011.

[2] D. Lim, “Performance improvement of low
complexity LS channel estimation for OFDM
in fast time varying channels,” J. IEEK, vol.
49-TC, no. 8, pp. 25-32, Aug. 2012.

[31 T. Zemen and C. F. Mecklenbrauker,
“Time-variant  channel estimation using
discrete prolate spheroidal sequences,” IEEE
Trans. Signal Process., vol. 53, no. 9, pp.
3597-3607, Sep. 2005.

[4] T. A. Driscoll and B. Fornberg, “A Padé-
based algorithm for overcoming the gibbs
phenomenon,” Numerical Algorithms, vol. 26,
no. 1, pp. 77-92, 2001.

[51 H. Ye, G. Li, and B. Juang, “Power of deep
learning for channel estimation and signal
detection in OFDM systems,” IEEE Trans.
Wireless Commun. Lett., vol. 7, no. 1, pp.
114-117, Feb. 2018.

[6] K. Murphy, Machine  Learning: A
Probabilistic  Perspective, The MIT Press,
2012.

284

www.dbpia.co.kr



	머신 러닝을 이용한 고속 시변 OFDM 채널 예측의 성능 개선
	요약
	ABSTRACT
	Ⅰ. 서론
	Ⅱ. 머신 러닝에 의한 성능 개선
	Ⅲ. 모의실험 결과 및 결론
	References


