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m Channel equalization can be viewed as a task that classifies or
reconstructs the received signal as a symbol from the transmitting symbol set at the
receiver. Many recovery processes in wireless communication systems can be
considered to overcome linear mixing, rotation, time-shift, scaling and convolution by
learning a set of random filters with good probabilistic envelope and coherent time.
Concretely, convolutional neural network (CNN) is used to learn these filters, which
are send into the subsequent recurrent neural network (RNN) for temporal modeling,
and finally the signals are classified. Experimental results show that our convolutional
recurrent neural network—based (CRNN) equalizer outperforms the recursive least
square (RLS) and multi—layer perceptron network (MLP) equalizers by average 2 to

4 dB with the same symbol error rate (SER).

GYATLI B channel equalization; wireless communications; deep learning; neural

network

SIE T AS [ 45 44 1 1 28 ) 2% i AT
Yy, IF 545 G0 {5 1 35 1 4 0
L, & B A 28 X 2% Bk g a5 2 AR Y
BEREE . SCRR[S R R — R
T [ 38 N PR R A T8 S A A
Hrp i 1T 2 )2 BAHL(MLP) i 4
D 2 25 H) , F ik DR 5 TR I T8 8
fir e 8, T ILRAES M EBUE R
L SCHR[6] P AR R — P kT R R
19 22 )22 TR 8 0 465, I 4 s —
Tl 35 F 52 B 1 Sz 1) A5 BB S0, (4
HoHE T S bR R 5t

32 IR AR B B, T SR
ERCTIET k€ N (Pl bt E IRk
R X — R B AE N . I,
A FRAT AR ) — i T A B - R
Fi 22 19 2% (CRNN) F {5 18 X 45 85 ,
o R W 8T A Al 2 SR
Y T A AR R AT A A R
22 I 25 1 B A B R Ok o o (R A%
Gt g U A A Sk B IR AE 1 DT IC 98 B
i, SRS T 27 o B B I8 I Ik A
T Ok B A9 B A 2 I 4 AT IR ] A
2 T AL AT LA T R R i B 1 £ S

2018EE4R HABHE2M Apr 2018 Vol2a No2 /25 LEEEET



ZTE TECHNOLOGY JOURNAL

km%%:%&?mﬁidﬁ?ﬁrgiEﬁiﬁﬂ@?ﬁ%%iﬁ_i’;ﬁ%

(T =N

HpRk b, F AT 68 A il 1 8x8 If:
11 Z 5 A Z 5 (MIMO ) i 15 R gLk
BRI CR AR5, F 8 B T I 25
FRATT I 22 I 2% R B50HE A o R S Ui
it AU P — M R 4%, MU A — A~
ML BRINRE RS KR HIE S M
4 (QPSK) 8 il . B F AT AT J
FAT S — Ak FH CRNN 25 49 1k 17
G FRATY BTk A
NN

(1) 38 3 5 A5 18 ¥ i 8 e — A~
S5 A ABE 6 40 A 2 2] [, DTG AT DA fif
FA A 28 X 288 300 16 A SR A

(2) 3 F ) B A A5, FR AT —
il & T CRNN (% {5 18 ¥ flir &, 46 o
WE =5 R T 15 18 1 2k 1 2k 1 3R
TR R AR

F AT K P 2 H F CRNN 34 i 2% 5
1% 4 i RLS #4 f5 % , LA & MLP ¥ i 2%
1€ 1% T (SER) £ 8 L #4177 b
B REELBLERERR AW
CRNN ¥ i 25 22 bv H A 55 41 95 A~ 35 iy
PRAEIR B AR W] SER 72 ~ 4 dB.,

1 o) @R

T 28 A% T 4 405 T DL R A 1
FIF 7% 1 46 1 HE 3 43 A 25 > [ . B
s, RATRBR R EFSERS, Y
WA KNS S R, TR AT
DL ARE L ~ KR ERX KA.
b4 S B 0
£ FE 98 S 5 L A0 30 B 3 9 D

RS RN S O =p L5
X RE T AN K IR AT S 1 A5 PR (e
U B A 75 5 1 SR RE R0 A ), T
AITAr RLAT 26 1R A 5 i KA A7 5 B
Sy y d AT RE R I R EAF S AR
B,y AT BRAS I S AR A

(i) @ (-1 (N4 1)
P T (D)

Hrp N AESEHN 2R, R
e HL R K A P A A T . [
SRR AT ARIRON -

p)m:y=P(X=x|Y=y) (2)

SR, FRATT AT LA — A~ 2 I 4%
5 2 3 0L pR Ok 2 B0k XA 2% 14 A
<)% (1 Ny

f.:RY—R" (3)

Su BVLL w=(wy,...;wy)" hy 2 H Y o 4
eSS i (VN R (SUA T G N R
AW — A K45 . w ol NxK
Y JE R, S 4 22 ) 2% 4% i 242 0 22 [) i3
HMAE, BikH, f, oLk T
14 bR BT 20KE 5% A 23653 A1 S 504k -

NS L

Z/’:]e
Ho, x=0,y" w5
P 2 I R BIOAL Ak WT 6, 43 BT KA
SRR I — k. w B AR R
Oy AT I, FRATT I PR w R R4
I 2% 1) 3% 2 A R AT Ak 3k F 2% 1 A
AT FF S WO G R RIE T

T&iEE 1/z

(i=1)

1/z 1/z

(i-2) (i=N+1)

FHEBRDMZE

N

P(x"=1/y")

...... |

Px"=K/y")

AB1 BEENEERE - FEHEEIEE

N\ PROBITREAR 26\ 2018E4F 24525 Apr. 2018 Vol.24 No.2

|DAMAG\2018-04-139/VOL23\F8.VFT——5PPS/P2

i ERE

FET UL RS, HATHRATH = —
A X A 2 I 46 I #2501 T
WVERE AT PRAG o Bk HL, FATTSTA
A& IR B R R BCHEA T X OPE A, H AR
RUE

T
m w;

Bw=-L3 S 11" e = (5)

K
i=1
1=1€

o m BN GREREARNADE, — 1
WGREAT ZR R 0" a") o " Rt
WAF S, 0 i BUE 5 R R Y B
SR IEAFS AEHL AR A T B 1B v
S REAS K R (AR 2 o 1} W AR OR B
B, FRon AR K EG S B IR 15 2y 20
R E L, A GR [0, % R BT — 4l
bt 25 ) 45 A E w I 3 BORY T R 25
AT, AT AR B I 2Rk
AL Al 2 P w R /MBI — pR B
AT 12 5 T80 9 6 2%

2 CRNN L& {5iE &8

LT LA n) A FRATT R —
Fofr 37 7K 28 X ol 228 ) 245 349 £l 2% L P 2 356
R B 1R — A B B &
26 5 55 2 0B 43 S — AN IR R 2 I 4%
ft 22 19 445 119 s HIL L 40 AT L SCRiK (8], AR
SC H TR R T B AN TR AT o

Fe AT BT AR B CRNN 24 45 &5 40 4]
2 R, B A R0 A 22 A0, o —
SR MNGEEE. AE N —
A 2xN BB WA, 23 0l il N AN ) SE
Bl A 1 SR RN R AN B . AR S
BEH 1A EZ Conv, B2 R EM
ft 22 [ 245 vh f GBI AT, T 4R R
B AFEARMFRIE, A FUZHC
BT BRI, T A6 UL AR
—AMERE K T 2D BEE Y, TR
B — A~ B AL R b6 Ak 19 2D A 4
Mion . XEEREEL—E N
ISR SN WL NS X R 3 2t L
Az CRFAE T, B ATT T S 2 1 D e
WA . ML M2 T —)Z 4 Dropout ,
KRbEEAEZLHBINMEITS T
—JEHATHERE, 1A 0~ 1 ZE S
Bops il o % )2 1A F S Y R AR



ZTE TECHNOLOGY JOURNAL

gﬁmsmﬁfgéﬂﬁ:ﬁﬁﬁ%ﬁﬁﬂfﬁ.m

(@} = = b

B = 3 z 3 2| | £ i

g 3 & 3 i @ 5 e

= a = %) 2

= %
BRBENEB S B BE NS B

BR-BIBENBIYE S

LSTM: 2 HRIC 12 45

AE 2 CRNN #1528

2 2% [ FRIBBE T, BEAR N 2 W 4% i
PIEMATREM: . BT RMERZEM
ERSH LA BRZMER P2 —
2 SIS 3R 56 BT GEAS B
2 AT R F S 5 B 0R B A AL
Z W RS R . B L M g
M i J7 — J2 /& 1 > Max—pooling )22 , H
IREEAE LT 36 B0, AR U 1
T AR P e R R, — 5 T T ok
DR, AR e B, Dy — Uy TN AT
PLARAS SR 3 AR LM R R . FR AT
B BRI 28 ) 2% 1) JRL R #E T JC 4R
R 25 5 U aR TR 2
23] — 4 HA R AT Y A% 4 45 RN A
T B T 0% B BIL 08 % 4% ok 5 IR 15 5 19
LMIRA BER RS AR B
FRME. Bkt Bk — RAEAE
ZE, BRI M T Xk
B AR .

T 25 AT ax gk 2% 3] 3 14 T
TE 18 % 2% A H R B I3 A2 (LSTM)
FAL T R B A B P 22 ) 4 T
] A5, DA o IR TG 2k 1 18 1Y B AR
Pk E KM, LSTM B0 i id 12 |
— B Z R A I X R ALY
HRAS By TH 8, ok AT B ] AR i 2
M, WEEEMELSTM 2 AL E
TR — 2 H ORI, &Ja, A
i I Softmax X} 45 5 ik 47 15 — {1k 915
B K 25 10 S A A A

EN AR NS X NG i)
Je W A e B AR N 5 i 4R L Y
CRNN ¥ fig 8% . F—22, BRATHE T8

IDAMAG\2018-04-139/VOL23\F8.VFT—— 5PPS/P3

G 4R IO 28 i o K H

3 HHEHKE

wE 3 pr s, AR A A B
8x8 MIMO R Z AT 8 R4, I T
R TIE I 3 S5 1 T S R 3 A ARk
1 AT SE M PRIE R S B 1 2 R AL
FAVIE Z A WA Z (5 55 T R
LILLW LB . ERELR P E
5 R B i R FH E 28 AH RS g 45 (QPSK)
A A 2, & 2% o LA 100 Mbit/s 9 5
F i G B2 K 1% 4 096 4 QPSK i
200 IR o R AR BR800 T A
10 ~ 20 dB B X 8] P, H. ki B
Hb 50 TIE A DL, SR 4R 2o AR b FR AT A
B BT (EAS R AR
B 7 W LR IS B BIOH g A A R
FBPE A, FRATHY CRNN Y 1ok i &
A A TR B B0HE 42 5l I 25 O O

AE3 YERERESRE

HRBUR A AR LRk, B4 T
B S 11 77 6 ik B, Ho
10 J7 % B4 Y11 4 CRNN, H A2 5
5 PR X A5 7 3 A 30 3

4 R KM% R

41 BSHEMEK

TESE 30, FRATTHE Hh3E 2o 4
P25 X 2% 114 3% AU w, 3R] DAL Ak
Pl 28 ) 4% 35 45 25 % F 2 00UE 5 1 T
MEEH . Br T E A E XS4, 25
oL 1 2 I 285 B i )25 1 450 4 T B
2 28 ST AN B A 2 2% 1E A 2
BF A B R T B2 ) T N TR
WS, WATRZ S5
Db, B0 25 o 2 1) TN A0SR B TR
T 2% 1) 3 B AL, IR b
25 2% 1 4 AN S 8. T U AT i 2
RSB E , DA R R B fn] o 5 A (15
28 D 5% 174 T 3SR B G 1 e R
PRl S E Ak -

TESE bR AR b, FR AT 3 A I
T4 R kAT S EU AL BB R A
55 Wk B AR A N L BOE
SR G T 2 — 4 e A S5
WA ACh, FATH B g — LS
OINIIE SR L ey TP Uy NS & ¢ i
BORLT .

LB A, 2 1 Bk B SE Y
S B AR S IR AT B CRNN 3 7 2%
I &5 0 2 50, bR = R R BoiE 4

2018 F 48 2455288 Apr. 2018 Vol.24 No.2 /27 PIBIREA S



ZTE TECHNOLOGY JOURNAL

km%ﬂ%&ﬁg&idﬁ?ﬁﬁiSﬁiﬁﬂ@?ﬁ%{éiﬁ_i’af&i

VR EREENBSY

BABRN 2x12
E1ESRKRN 2 x4 x 64
FE2EBRKAN 2x4x32
Max—pooling A /J\ 2x2

LSTM EX/N 100

BEBEXN 4

HEE 1024

LSTM: 4G BB IC 12 I 45

HEAT Fe /AR R R R B AL RS T
FEBRAE B T e S BERET
TEBE OB R B AT R B 2 5
ACEE w T I 3 B A A~ E

PERLT [ Sz e, KA
T EX T E S R . B
A, AT 1L > % v | Dropout
RT3 R Rk S
3B S . WE 4R, E 2Rt
FEohosg SCME B R A Y ¥ ) R
y=1x1072 5 y=1x10" B R, &
SRR, H y=1x107 B 58 XA
i B R | R S 1 N 2
IR A LA F Y y=1x10" B, 58
SUR AR — H AL TR G AR A IR
R XU s ) R ok,
B B K R S 8O0 4k 30E
T 10 o 454 2 pR B B 1) . FRAT
BN G 45 40 43 S B FH 28 B I 2 R
AR AIESE | 5 2 1 A5 2] (14 1 5 2R 43
S I S5 i 25 R B IE A A 0 . 3R
UEEAf R 3G 8 T AR vz fe ke, B
Sy 5o IE AR v 08 B AR I 2R AR R
WE L. T, FRATTAT LU g% UE v
1y 2 08 H T 108 S 400 B R 5 ELOE
k. Bl S5 FALIRATRE AR M
P28 0 % B K BT, CRNN 35 fliy
A5 T T 2 0 BN, L rp SR R )
SRR, BRI IR A . W] L
F 2 24 Dropout 2 #ft 28 T & #: % 5F
L5 0 B, FRATTAS 2 5 & A0 Y1 i
1 2 R0 I M A % 3 130 B S T A
SR B BN BRI R 45 R IR
AR INGE . Bk, & x4
LK H |, Dropout )2 I JC A A
CRNN By g ahitvpr o dicJm — > %

AR 8 2 O IRt R, HoE SOy
DIl 24 k58 4 3 AR WOB, i I 25t
38 73 56 — U YN 25 56 FR Ry il 25— A
E1RV I B[ %y N N N SRR
S VR T O I v A R 2= AR N,
DR o AT P 580 1% 22 R R S
Hrgsgm . ikl 6 pras , Y Rt ok
TR M EA FRM. B4
AT R /N R, PABT k3
FEN . fE TRESEI H, FR AT mT LAGE
FHUNZR LT 45 1k J7 1, B 42 ] )1
SR R T U R 2R WS L Y A
A5 T U eI R B AR H /N, FRAT
A YRt v ok ) T B 6 F i 6 %
B 25 0 B 3 i AT DL T2k I
i, TERATAELE P, SILHR N
40 B, 56 IF 15 2 f5c /0N, o B 56 TIF o

R K. 76, FERPH I Lk
SRR EE ML 15 dB 5L
PAE T AT . FRATFELR N X &
. AZE WL R 15 dB I8 B8 A I 2k
) CRNN 35 15 5 1 72 Ak 1 B B 4
PR oG AT E F At A% M bE T ol A
I N 15 dB A B0 A2 AR

42 R M

RAS % (SER ) J2 {7 18 35 1 28 1) —
A HEEREE bR, AT B T RLS
) flir 4% F1 MLP 35 5 25 9 4 e 41 5 &
TN 2:453 2 19 CRNN 4 45 2% % Lt SER

Bl 6 WoR T 3 R 5 8 4 4 105
M LY >k —10 ~ 20 dB I 4 SER P fE , |
RMAE MR LR T 0 dB I, B AT ok

25 1
— 1y =1.0x10"
1y =1.0x10"
20 — 1y =1.0x10"
K 1.5
_Uﬁ
iy
X
X 1.0
05 f
E 4» 0
Aﬂg%%fgg 0 200 400 600 800 1000
FEPMIRZX) e ey
FEBR B
2
s
# 070 00
:0.0
0.65 0.2
:0.2
0.60 0.6
:0.6
0.55 0.9
E 5» A -w-:09
Dropout £ # 2 T & 080 —, 2 3 4 5 6 7 8 9
BEFIEEWINE. W R
W A % 20 AR

N\ PROBITREAR 28\ 2018E4F 24525 Apr. 2018 Vol.24 No.2

IDAMAG\2018-04-139/VOL23\F8.VFT——5PPS/P4



ZTE TECHNOLOGY JOURNAL

EFHRRHRELIHEOE LI i’]@Im‘

107—‘10 —‘5 6 é 1‘5 2‘0 < 6
B8t /dB AEEEEE T CRNN
CANN: $REABEME RLS: BB\ o 5 RLS . MLP i3 SER
MLP. ZERAHME  SER. 2K MEREXTEE

P54 PR R SR, LI CRNN JE A H fig
AW R 2 3T G 2 S B A R
fHIERFIE . Mf5 ML AE O ~ 10 dB I,
CRNN 4 1l 45 7€ 35 2 AH [W] SER 5 8L
B RLS . MLP 2 17 28 S 3 & 2 dB.
T 24 {5 M L 7E 10 ~ 15 dB B}, CRNN
¥y 1 4% 48 15 5 H [5] SER T*‘/Ji'TH:%‘
AN Y i fR S 4 dB, X E R E
CRNN 7£ {5 & FR1E B 0 I 68 He A2 52 1y
iy g ) B L2 05 1 AR E

5 HXRIE

A ARG T AT
CRNN [ 535, Of fff te Al £ 1k i) 28 {5
T8 Y 38 4 [ A, A S PR R Gerh AT
TIUE . FRH, AT SR
Do 45 Sfe 2 2) VLG I 4% L SR 5 1524
B (1 38 P A8 3K AT 2k 0 2R 25 )
f%:& TS AR, B R S T

o SEBG P M EE RLS . MLP 83,
CRNN 4 1l 55 3% RE % o 47 b b B B 52
35 PR % JC 2k {7 8 X A e) A
SEXH

[11LYU X, FENG W, SHI R, et al. Artificial Neural
Networkbased Nonlinear Channel

IDAMAG\2018-04-139/VOL23\F8.VFT—— 5PPS/P5

Equalization: A Soft—Output Perspective[Cl//
Proceedings of the International Conference
on Telecommunications (ICT). USA:IEEE,
2015: 243-248.DOI: 10.1109/
ICT.2015.7124690

[2] WANG Y. Channel Equalization Using a
Robust Recursive Least—Squares Adaptive—
Filtering Algorithm([C]//Proceedings of the
|IEEE International Conference on Computer
and Information Technology (ICCIT).USA:
IEEE, 2012: 135-138.DOI: 10.1109/
CIT.2012.49

[31 BURSE K, YADAY R N, SHRIVASTAVA S C.
Channel Equalization Using Neural Networks:
A Reviewl[J].IEEE Transactions on Systems,
Man,and Cybernetics, Part C (Applications
and Reviews),2010,40(3): 352-357.DOI:
10.1109/TSMCC.2009.2038279

[4] PATRA J C, BENG POH W, CHAUDHARI N
S, et al. Nonlinear Channel Equalization with
QAM Signal Using Chebyshev Atrtificial
Neural Network[C]// Proceedings of the IEEE
International Joint Conference on Neural
Networks. USA:IEEE, 2005,(5):3214-3219.
DOI: 10.1109/IJCNN.2005.1556442

[5] CHANG P, WANG B. Adaptive Decision
Feedback Equalization for Digital Satellite
Channels Using Multilayer Neural Networks
[JI.IEEE Journal on Selected Areas in
Communications, 1995,13(2): 316-324

[6] HUANG R C, CHEN M S. Adaptive
Equalization Using Complex—Valued
Multilayered Neural Network Based on the
Extended Kalman Filter[C]// Proceedings of
the International Conference on Signal
Processing. USA:IEEE, 2000:519-524

[71L1'Y, CHEN M H, YANG Y, M.T.et al.
Convolutional Recurrent Neural Network—
Based Channel Equalization: An Experimental

Study[Cl// Proceedings of the Aisa—Pacific
Conference on Communications (APCC).
USA:IEEE, 2017. DOI: 10.23919/
APCC.2017.8304090
[8] GOODFELLOW I, BENGIO Y, COURVILLE A.
Deep Learning[M]. USA:MIT Press, 2016
[9] LECUN Y, BOTTOU L, BENGIO Y, et al.
Gradient-Based Learning Applied to
Document Recognition[C]//Proceedings of
the IEEE. USA:IEEE, 1998, 86(11):2278-2324
[10] HOCHREITER S, SCHMIDHUBER J. Long
Short-Term Memory[J]. Neural
Computation, 1997, 9(8):1735-1780

B {EZ B &

177, PERS R EBRHAR
HSERBRAARMHAR
R FNUZERTEIEE, D
ERNZRTAERNSE
EERINEEME, L3
TE&BEMRRPINEE

sk LJF%%BAEH%T:\$
£, BRETE T HE
BARAPEXEE, DEE

"

4? EEEZARTIEERSE
RE ;AR NS EIETL LGRS NS (PEX
M) F— BB ERABC) ETESK
BEANFARLENREELES; RIESE
RRKEAREIN03 E) \EZK “863" 1Tk
BERERNZ ﬁﬁi\\\%—%ﬁmum%ﬂﬁﬁﬂ
7R ; IR IEEE Fellow . BZE33“ 5 ALTRI”
BT AL (PR B AT rﬁi
“MEZABAN T NEAT " FRE; B
X 150RF , EBIRER 80 R

=, PENZRE DB
ARASEREATRIE
THRERESE; EBHR
DEAANSZEIREZS
AETLBERFPHM
A RIEF T BT Wi-Fi
BZEAEN A DITE.

EB8%, LR &miEH
RPIWMTEBESIBIBE,
£ B8 B ICcC.
GLOBECOM. PIMRC £
840 2 P EIRSWIBER
RITNEZERERE WS
FE HHMEZHEENS
i&&ﬁ%;ﬁﬁ%ﬁ@@%
ETE 56 & IER
25 TV YDER IJL40
IMBYIBEARRTS; RFREX T0REE, B

68,

201BEF4R H2ABHE2M Apr 2018 Vol2aNo2 29 LEETETP



