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ABSTRACT

Low Earth orbit (LEO) satellite synthetic aperture
radar (SAR) is an efficient technology for Earth

observation, and a lot of research is in progress.
However, due to the time-limited property of LEO
satellites, research on time-efficient SAR image
processing is essential. In this paper, we propose an
adaptive speckle noise filtering algorithm based on deep
reinforcement learning for efficient processing of LEO
SAR images. The proposed algorithm adaptively selects
the filter size according to the buffer state to derive the
maximum image resolution in a limited time. As a
result of the simulation, the proposed algorithm selects
the filter size more efficiently according to the buffer

state than the method of conventional algorithm.
I.M 8

Low Earth orbit (LEO) $]4] synthetic aperture
radar (SAR)+= 714 2713 IHAIlo] 2447 2HE3
T del AA 'R, At A= 5 vhedgh HofellA &
S SAE LEO 9143 A= Alele] B4l A]
7k AlgPH o]l SAR S o|n|X|ell= &4 A&
o Al mt== 2913 ARl stk ol d 241 A
55 Eol&= olvIA| AHEle= B2 7} z8= L 9)
A9 LEO $1433 A= Alele] AlgkA]l B4l A]
e gk A4 ] o]vlA] Aol g A= 2
23

webA, - =toll+= LEO $149] Alg=el 4
A17ke a1edt 73slsles 718k 285 SAR oV
HZ e ZElE daelEs AR Ak 2
a2]E2 SAR o|v|A] A =77} & BEE AR
45 U5 A=) ovlA] Ar) 7bsskA|Rh, A
A|7ke] Zojxlvhk= Aol T3k Aslek-S 7vke
2 AR A7E F3t wig] Aol wel %743k g
715 AR Shegste] a4l o]vlA] A2lE
7FedtAl &ck e A3 Aljkshe sk 7
Wb are]Fe] 71E ok R 7 darel st vlast

of Y& JIH]l onlA] 227} Thssiehs Ave

>

I~

t

W Hoodqe T RiRke] 2|18 whol 3w 7] Z2eAI(No. 2021R1A4A1030775)3F A H-EA17]8 571 IITP-2022-2018

-0-01424)9] A 815 o} 3%l odpqivrt

¢ First Author : (ORCID:0000-0003-1559-9514) Ajou University Department of Artificial Intelligence Convergence Network,

xodbsxogjs @ajou.ac.kr, H(AHEglA]), A3]<]

°  Corresponding Author : (ORCID:0000-0003-4716-6916) Ajou University Department of Electrical and Computer Engineering,

jkim@ajou.ac.kr, %, FA15]Y

* (ORCID:0000-0001-8435-0646) Ajou University Department of Electrical and Computer Engineering, sjung@ajou.ac.kr, =30,

3

& 0 202210-262-A-LU, Received October 31, 2022; Revised November 11, 2022; Accepted November 11, 2022

172



I
i

>
ol){«

7¥Ekstg 71 464 SAR elv|A] JEY daElE AA

. AlAR 2

H =Roj|a] wEsh= Al ndle o2 13 7
o] 3}l LEO $IAT 1709 Aoz A
ER) A7} ZoF LEO A& A|Akatel| wlZznmlc) Ant
F2] SAR & o]v|R| 5 ARk A b= fr3ket
=719] W35 73 LEO S o248 vk SAR
LE o]w]|x|E Blz]d| AAs}le] AR o]w]x] Z
B8-S AFIc}h A4kl 4] SAR I o]mA| & A2
b SEe o|v|A] AYE 98 AR ZEle] =]
of whe} deixict. wpeba] Algke AJ7E 5k 23kl
SAR °]v|A] A& fla] A= w# o] AelE

ela Be) Algo] Wasich

LEO satellite

Action
(Filter size)

Queue
Ground
Station ﬁ
a3 1. Aled 2l
Fig. 1. System Model
Il MDP Maist 9 A5 Zssia Tajiea

AbEre] wE &85 Sdiskelr] flsixe A
W3 AeE 7Rke s JE 3715 AAslof gk o]
218}t A= Markov Decision Process (MDP)®Z &
A5l 4= gltl, MDPE dubd e A (9), W%
(4), B4 (R), Ae] & (P), 77Hs (v) 5709
S42 FARE, 2 =rellAE Al Ho] S
Ux] E3}= partially observable MDP (POMDP)Z
okt zre] FAJEICh

A7t tellx1e] S= ot zke] FAIch

S, =(GS, L,), ()
GS, = A=) wis A, L, LEO $14d3} 7]

A=) B4 A5 A7k el
A7 tolAe] A Thes) Rko] P4,

YT2E 1. AlksHE DON 7 #A e A el
Algorithm 1. The proposed optimal filter select
algorithm based on DQN

Algorithm 1 A¢tsh= DON 7|8t XA el A= dn=F
1. 27|13k @E 7Fa] @4 Qo] #ig 7154 6, BF PE-
74 g4 Q2 7]~FZ1 o= =90, F—'l:_ﬂﬂol H 1 B &

C, minibatch 27| M, & o5 A

2 P4k AH S, BF A, A7k
3. £33k Median 2 37] MF
4: for Episode =1 to E do
5. GS HN A 27]%
6: for timestep :t=1to T do
7 Decaying e-greedy 9P S #% o, A
N argmazaQ(st,a;0) ,EFE 1—¢
‘ DERE BB
9 ME (sy, 04,71, 501)5 Bell A%
10: if B > C then
11: B2 E¥] @3St minibatch (.s'j,aj,rj.:s;“)
12: A A=
13: for j=1in M do
14: yj =7r; +ymax Q(sj+1,a’;07)
15: end for
16 7453 69 BN B4 57 B
17: (y; — Q(sj,a;;0))* &3
15 of Aol Qo) Meluleg Q7 BAh
19: end if
20: end for
21: end for

A, = (MF,), )

MF+= A7=e] SAR 914 ov]A] Xel& ¢4
€18}t median ZE]2] =7|o|c}. median ZE]+= SAR
LB olm|R)e] FAL A3l ~HF S-S

s W2 e} o] maEc)

r—r’
-
é
X
o
R:3
H
o,
mﬂ
0]
o
)
2
D
5
Ao
__<l>l£
T
>,

= ot Zel Re Aefdt

R, = QL—a(GS,/BS)+( @)

QL= A9 Helo] upe Z8 o]nla}
A, av A WP A9 o|u]x] FA Alo]e] Aol
v}l BSE= 7I1X= W2 Azl =715 Yvlsk, ¢

oA #

173



The Journal of Korean Institute of Communications and Information Sciences "23-02 Vol.48 No.02

= A R 2] Fd wE 2715 ez
Al s g

= 0014 1 Alo]9] gho g wlzllof -2 HARS
A A ellA] a2 o] Zshe vEE ofvigick
A A2|gk POMDP2] &34 <l HA3}E 918 &
Fol| 4= deep Q-Network (DQN) =ElBle- 7]uko &
g Al sk oS Aljigi) 71 dare
Zol| 4 A28} convolutional neural network (CNN)
T-x0] &5 ukrlS 379 &d=3) rectified linear
unit (ReLU) A3} 3= 745 deep neural
network (DNN) 2.2 FAJ3191 o] A|7ke] X|idef u}
2} A=A} epsilon #te] #1A-3= decaying epsilon
-greedy WS ARSEIE AlRlehe dare|Ee Ao
25 137 2o] FRich

foHe o

v. o 7}

oIr
0E

4.1 Aol &4

2 =ollA= MATLABZ} PYTHON-S E-83]]
Al EH oL Faisisit). ell9)i= 10,000, replay
buffer®] =] B+= 1,000,000, buffer capacity C+
100,000, mini batch 7|+ 32, time step= LEO $]
4 Al 7Fs HY AIRES 333le] 6002 AdAs)
At o= 2 e Zr)eie) Ay Az F3 A E
ufe} sl om¥ A= AFEEE wel SAR
B olv|A & A ES Ak eSSl
7 e AlE wAE AlEdelAdel] s stelnt.
* Random-Selection: A]A4=-¢] w5 AJelje} AGlo]

gt ALlg g =718 A9
* Max-Selection: A= W={7} & 2}7] Z7HA] 713

Z =719 FEE el A

4.2 Agefold Z3}

a5 2 (@), b= A A= w=e] =27}
2,000, 4,000% wf A7kel| whe} A Ab=o] Adeish= 2
Bl 2715 vehla, (v A wse] =)t
2,0007} 4,000 i, A7kl w2 wis] AlelE el
t}. Random-Selection®] 73-%- A} alwlgt He| =27]
5 AEEl] wiitel] W dlolelrt EebdEtA %
o], W= e] x3} AeelA = 27|17k 2 TEE A
= v 8849l 258 B9tk Max-Selection®] 7
- Random-Selection .t} 9F# ¢l R4S Ho|x|qt
W7t 2 2] A7k 7 2 =719 1313 I
"t sl witol] w2 A wuir} 23} ot Ajls)
= W20 39 W Aol wet e e® dE] =2

174

4000

3500

3000

2500

2000

Queue-backlog

ﬁ'; = ? 1500
I

i

1000 | &

—&— Proposed(DON) (2000}
—— 2 x-S tio

n (2000)
election (2000),
00}

Slected Filter Size (4,000)

sed(DAN) (401
= @ = Wax-Selection (4000)
— & —Random-Selection (4000}

u%%'ﬂ

[ 100 200 300 400 500 600 0 100 200 300 400 500 600
Time (s) Time (s)

(b) ©)

a2 2. (@ #W¥ =7] 2,000, (b) 4,000 d, A7kl wE
Adle el =27], (o) ¥ =27] 2,0003} 4,000 ] A7kl
w2 g e

Fig. 2. (a) buffer size 2,000, (b) 4000, selected filter size
based on time, (c) buffer state based on time, when buffer
size is 2,000 and 4,000
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