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ABSTRACT

In the underwater communication environment, since the propagation medium is water, multipath occurs due to
the medium fluctuation, and the propagation speed changes due to the water temperature or the like, which
makes it difficult to estimate the channel. In this paper, deep neural network based channel equalization
technique is proposed when QPSK symbols are OFDM modulated and transmitted thorough the underwater
channel environment. We modeled the underwater channel in the West Sea using the Bellhop Ray Tracing
method. From the computer simulation, when 128 or 64 pilot symbols were allocated in a symbol block which
consist of 256 symbols, the proposed scheme performed better than the conventional LS scheme. In a further
experiment, the proposed scheme without any pilot symbols is still better than the LS scheme with 64 pilot
symbols. As a result, we confirmed that the performance of the proposed deep neural network based channel

equalization method is more robust and better than the existing LS scheme in underwater channel environment.

# o] 8 20199 S AUCR sl EaEe] AfS wof 4T AT FFUS Aol
¢ First Author : Hoseo University Department of Information and Communication, amasc03 @naver.com, 3]

°  Corresponding Author : Hoseo University Department of Information and Communication, ykkim@hoseo.edu, %31
Hoseo University Department of Information and Communication, hlko@hoseo.edu, <413]<4

= E 1 201902-465-A-RE, Received Feburary 14, 2019; Revised May 12, 2019; Accepted June 24, 2019

*

1450

www.dbpia.co.kr



=
T

M

/

o~
T

=
5

OFDM &4 2 43 A3 Ak 7

.M B
el FAFALE WA IoHE ol g3 £
e vh2A 2918 FaA) ol Rk 45 A &

78 A o] B ol ol glome 4, S
$E 0 Q¥ Sol e} A5 A5} SErp
spokw, Agelct 714 Ak skl aiek siel
ol WAla) el alol ok Aok BAs A
5] wo] dopdel'?. olel3l ol 45 Al
A S Balich Bk A 24 st Qe
HAfo] o] Fo]x]o} XA =& Exlo] 7Fsslth o]
9} e o Aol % FAS $l8) A= A
= o] ulkvlsubcarrier) S ARS8l tlolElS
24 A<$3=  OFDM(Orthogonal  Frequency
Division Multiplexing; 3. 3l £38 ol53h S
o]-g3t 17} ool x| o Gy, g, T jedo]
A, A&, A BA 5 rleksl Foloa] B
gt wAlE sAs] 918 45417 (deep neural
network) S ©|-83h= A7} TS| o] Fo|A| 2 )
o gl Aatell AlFAAHE o143k A &
A waksls oy} #ks] o]Rolx| . gJrfl

2 T 45 OFDM £41 7elA] 412417
T ol8T A e AR 2

N-E ru

7]l @] AR5 LS(Least Square) Ad 5%
wag )y} vlsslgieh. & el 13 %%4 !
Aollrs BmAFS 97 75 Ad weddel st
o] A3ty 2-oMs 4= 3744 OFDM £4l
Alzglel] disle] Adwsla, 3"l F OFDM
A eI A mg S dhele] dwi
olul, 3789 13} 2)FlAE 27} 71zl el A}
_9.—5],_ Hul = 4 ul _g_;\].u 1o LS 7]ﬂ4J,].Jﬁ_l-;_,_

4] Ajteh= ASAAEE 01%3& Ad ®wAF 71
S At} mA A= Al 3ol A 7]
A—-J LS 7]'H= Algksl= B 71% 714l 4
Ala B e VRl AR e
oA Wk AlA

— AT =
5| gt

X<

AN E

"l—é‘

H /\LZ-J‘\J

E
taz 3

T

ne g

=
21 = 2L o
Fele] FAg e
ool e L ol

SR R T

] Solla] AR 2 A
oF gle] B71e] 3k AR5, ol At
Ishe] 2k] o] =7) el k] 0] oS-
S8 ol 2% A B A vhe]

gl

\I

rlo

B2 o] Told glomz 4, S FE Y J¥
% Sl we} Al50] A} s} el Al
7]%1— A]—\;Hj], z‘ﬂ—oﬂ Lq-a]. uHx]oﬂ HﬂEo] H]—/\B H
o fwlel ohF A2rh A7)3 ALES] Wade] ot
P B R olefdt £ A FAeIAe]
ol dRE 9ld) B shekARAIEKODO)HIA A
3= A30(36°5623.99N-126°0"0E) ] A <]
2 AHXE 7}A 3L Bellhop Ray Tracing 7|H o2
AdE AAse] ATl 12 9o wAlow
AR 7 A el sleteeje]ck

a8 12 % 19] 9 steEedx e 5%

i T o

g
==

© 2 m)
a1 X

3T
ar

InFE ;‘(HL‘]

a2 g5t 5 shfolek 23] 1ol FhEE AEE
L 02ms AZE T2 AZHE= £4E JeE

AEES Alse] F5ES vehick

FoollA] TNk A7 AR Alolel] Al5E
7t2R= EA47)F $lo] LoS(Line of Sight)7} &H3k
o} meba] 2 o=eld] AREE e A mde
Bellhop ¥}]-S- ©]-83} Rician #d =S 0]8-319]

E 1 5% A sl
Table 1. Underwater channel parameter.
delay
0 0.06 1.5 1.56 1.67 6.33
(ms)
Magnitu
d 0.45 0.58 0.42 0.27 0.27 0.18
e
K factor| 43.50 | 52.48 1995 | 119.31 | 61.68 12.59
delay
6.39 6.61 6.67 14.39 14.50 14.78
(ms)
Magnitu
d 0.07 0.07 0.07 0.03 001 0.01
e
K factor| 79.43 31.62 50.12 50.12 31.62 12.59
i Channel Impulse Response
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Fig. 1. An example of underwater channel impulse
response.
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Fig. 2. OFDM communication system.
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X 2. OFDM A|2H slzjeE]
Table 2. OFDM system parameter.

Parameter Value
Bandwidth S5kHz
Modulation QPSK
No. of subcarrier 256
No. of Cyclic Prefix 113

%1 50,00070¢] QPSK AH-EZ= 71| 20,000712]
$41 dlee] QPSK AMES Al ol=g |
ole] Al vz Fr]%l Fhelsl QPSK AlHES
AA] 7Aoo 72 wix|sla o|AES 256718 Holx]
QPSK }\]Hé ga—]‘ée q_/ﬂg],oﬂplr 13 QPSK }‘glué
55 OFDM F4 A|"of| A 7t SNRel| sfeds}
+ AWGN sk 2o s ﬁi ~]°]D1
el FspA7AA ALtel Resislch Aol
A 2 2 el g 4 uﬂom *u‘ﬂé-%
& FHAE Slsl R APE wEFoRA A
dlole] AuEst A9 4 dlole] s
z—?«a HlE ef-ge] BEg Tk olu) we o
A Aol Ade OA 14del4] AWk 55 2
‘l‘“% Awol upe} A4 1 19] depE e 7t
A1 Bellhop Ray Tracing 7|92 ©]-8-3}¢] vl QPSK
A B g BapAsAl A Aesiaal
 =rellA] AlSA T Skl ARERE Bh=4llo] 9

£ 3. ueluy e A

Table 3. Computer simulation specification.

CPU i7-7700

Main Board ASUS H110M-C HDMI

RAM DDR4 16G

VGA GeForce 1080Ti Super Jetstream
O/S Windows 10 Pro

E 4. GeForce 1080Ti Super Jetstream AHA| AFSF
Table 4. GeForce 1080Ti Super Jetstream specification.

Base Clock 1556 MHz
Boost Clock 1670 MHz
CUDA Cores 3584

Memory Amount 11GB GDDRS5X
Memory Clock 11000 MHz
Memory Interface 352bit

Graphics Card Power 300W
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