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Abstract

Hokksk

This paper represents a novel framework for multi-scale image fusion. Multi-scale Kalman

Smoothing (MKS) algorithm with quad-tree structure can provide a powerful multi-resolution image

fusion scheme by employing Markov property. In general, such approach provides outstanding image

fusion performance in terms of accuracy and efficiency, however, quad-tree based method is often

limited to be applied in certain applications due to its stair-like covariance structure, resulting in

unrealistic blocky artifacts at the fusion result where finest scale

data are void or missed. To

mitigate this structural artifact, in this paper, a new scheme of multi-scale fusion framework is
proposed. By employing Super Resolution (SR) technique on MKS algorithm, fine resolved

measurement is generated and blended through the tree structure suc

h that missed detail information

at data missing region in fine scale image is properly inferred and the blocky artifact can be

successfully suppressed at fusion result. Simulation results show that

the proposed method provides

significantly improved fusion results in the senses of both Root Mean Square Error (RMSE)

performance and visual improvement over conventional MKS algorithm.
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Fig. 1. (a) Coarse scale image (at 9th scale) and finest
scale image (at 11th scale) with data missing are
optimally fused by MKS algorithm, and (b) At fusion
result, there is region suffered by blocky artifact where
finest scale data are not available

[. Preliminaries

U 2A1d Bl o83 GdAle] e 94 2 H| Aol



An Improved Multi-resolution image fusion framework using image enhancement technique 71

A AAE T8l E59 st TR S TAske 94
22} (remote sensing) okl dE] AA-Eo] ghoHR]. HAA R
9] Q17 (causality) #4918 $Iste] T =AY gL
MRFs (Markov Random Fields)[9] ¥2Jo] gg] Al&E o] ko

[‘

oI B9 S Sl v 2 B 5]
of i AA| AL 1Isp) EH%OH il A ) Sep

A S Laekdel Bare Pjolzsh A5 B2 v
ol 7K S0k 11018 th 242 Eelrs 2830
34 Aloe] JAE 279 7 w0} o2 ol§ o] mle

O
= WAL A|okslglo o] inference 53] A g Axk

2AY 7]ke] g E 7S o]-g5te] F=ET 3ol Kalman
e Wo] My 2 T A AE Aetsle] s T3 dlolg

2 Markov Eg]7-%0l
4 MKS %_.TLE]ZO AQraksdar, [13
2 2 WS ol8ste] 574 NS Wot st w2 S
ERS (European Remote Sensing Satellite) %733} s o
U F5 WAool Fol 54 A e] vlolErte] Exshs s e
TOPSAR (Topographic Synthetic Aperture Radar)[14] %975

SA7171 918kl A-gaiGict (1512 @ AP g3 v
o A e §Hs] fste] 7159 MKSE /i éte]

—|—4|_|

A W O] EE 485 WE 8} MKS (vector valued MKS)
dae|EE ARGtk ol FY =AY v g gdolE 7t
EA) & GEEES AT duEs NS a9 o 7heA

Zth Markov A =E#] 727} 74 blocky =l tf-3-3}7]
olale] =2 Er] U 2| Egle} 728 vorsl vbalo] u|AE &)
% Ed(flexible tree) TZ[16]17} Alets o] ket apA|qt o
2L F542 EglTts 94 artifact 7] adpyolx|qt E
Fz2 ) 7F =9 Azt B4 9 inference A] HA AT S
gt wkE ake] @57 wiitel] Ale]=7t 2 IENE 9%
A q g - AgkA o],

:L

N

O

ol
O:

[I[l. Multi-Scale Data Representations

1. State space model on quad-tree structure

FrED FrxollA == e s 2 GO FEHT 2 (s) 9
=RRdy g6 AFSEE 9 y(s)¥= Gaussian

SHEA 1
auto-regressive FEZ A (DT (2)7o] EALTH10].
=¢(s)x(Bs) +I(s)w(s), wls) ~ N(0,Q(s)) (1)
y(s) = H(s)z(s)+v(s), v(s) ~ N(0,R(s)) (2)

21 (DolA R 2(s) & =5 solAe HAS xddic),
Fig. 2.9} Zro] oju]x] Hlgju]=oA == s &= coarse 27| LoA
w BRLEE(Bs)9 AAH L, fine A YA Tre] ARELRE

5 (sa)¥ A9 gy om Egjize] X AU ellA
M == Bfeka Qe AExs9] 7R Aodri10]. 4
(Dol B} &(s) = 22 fine 27190l coarse AU 22
A A2, coarse 271N fine AAD R A3 Arkato]w,

I(s)+= 3695 z (Bs) 7} & @A) fine ’\?ﬂ 152 Zold ) AV
= stochastic detail <75 YERATE T3 2] (24 H(s)+=
FERT 2 (s) 9 SAA y(s) & WAAA F+= vl o)t
2AY 3} regression E]7329] 244wl coarsest 22A| Dol
A z718ks] ] EfTrze] #Hal finest 2A1Y Weko 2 Zle)w
.

2. Markov property on quad-tree structure

Uz 2AY oA F=Eg] F35= Markov 548 7FIth
EX 2AY moA Is LT 5 o o) mdE e 3
o, s & 7]FoR f7]E_1 TEER 7Y Al HeSe
(sthset) & M2 Z@olela 7P43) ta] alA, v, (F=
Ef A9 i=1,2,3)8 + s 2RE BEojx A5
F-5A3 olgha shH, g stel 23 ¥ deHHTES 4 9%
ki

Fig. 3. &
Arg 33t

=] ‘ﬂﬂﬁl—

A=EZF29] Markov 5435 27 EZ|E 2H8s]

PW VoWl (g/slglﬁg/sdlx ) (3)

PW 1, (glsllxs) PW‘,Z\;L\, (Q/leIs) PW‘,;;\;L\, (Wsdlxs)

Coarsest scale
(or Root node)
m—0

m— M —1

sa;

(i=1,2.34) Finest scale

(or Leaf node)

Fig. 2. Quad—tree structure defined on image pyramid.
Each level of pyramid m represents the scale

W2 Y

Fig. 3. Conditioned on node s, the nodes in
the corresponding 3 subset of nodes
(U, ¥, ¥,3) extending away from s are
uncorrelated



72 Journal of The Korea Society of Computer and Information

2 (3)9] Markov E4&

(estimation) OEL—TLE]Z T8o] 7gsithe oA B8t =

3. Multi-scale Kalman Smoothing (MKS) algorithm
MKS €i18]52 RTS B2 S v 2A1Y 2ol 283}
iﬂ]"éoﬂ/ﬂﬂ A 24 g3} 79 3k error covariance

ZEg f2o)A finest 2AYoNA coarsest

4% Kalman ZEP3 oPLaf 81k

Smoothmg_i TAEY EgTZ Kalman ZEHo] UukH
ol 124 FHHIA 2 HL fine 2AYAA coarse &7

A2 recursion?ANA fine 2AY wEoA9 4 FE

o] coarse AU F-R-ERE Hukd o FE v S $lte]

merge ©AIZF FrhETE Holth 2A|de] Had wwict

merge 9AIE Fste] JEE 2o R FHPo] 7}

SoleS gtk MKS OL—T—’E]Z«] A A& o]

FYAAE 2Hee] Qofsh

dom & AoAMe dar
oA 1. %713} (Initialization)
z(sls+) =0 4)
P(sls+) = P,

2 @A s+ = Aeess B3 z(sls +) 2 Plsls +) &
dE] ol o8] FA4E e x(s) <] a priori
74 3k ¢ error covariance ©|th P kE sollA AJEHS

1™ Elz(s)z”(s)] 2 Aojgr}

A&k Kalman 2

z(s) ¢ covariance ©

@A 2. A8 Kalman ZE® (Upward Kalman Filtering)
Fig. 2. <] finest 22A1Y M oA 2] (4)9] 27| & 485}

qF == s o 3 Kalman ZEHHS 2] (5)9} 7L°] Fej i),
K(s) = P(sls +)H"(s)[H(s) P(sls +) H )7
z(sls) =z(sls +)+K(s)[y(s)*H(s)x(s|s +)] (5)
P(sls) =[I— K(s) H(s )| P(sls +)

K(s) = Kelman oI5, z(sls) ¢k P(sls) &= Z2F Al 2(s
9] a posteriori ¥4 #3} error covariance® YERIT} ==
sollA 2 (5)9] EHEE AW F 1L AI= coarse =
2 (6)2 (7)7o] Z2AM o] merge L}

A 3. Z2AA & Merging (Projection & Merging)
IA(s|sai) =F(sai)£(sai|sai) (6)
P(slsa;) = F(sa,;)P(sa,;|sa,;)FT(sa,;lsa,-,) +Q(sa;)

A (B)NM s, B = s B ZZAM B AEREE
B (A=ETQ 4% i=1,2,3,4), F(sa;) = fine =AY
oA coarse Z=AIYRS] ZRAH ANAL o]t
4
z(sls+) = P(sls +) E (slsa;)z(slse;) (7
4
P(sls+) = [(1 q E |sa

N
lo
1
ol

LT s oA A (5) o ) AldkE FElHF x(
%k} error covariance = 2] (6)4 ( e

2 48
9] coarsest ’\ﬂ]‘”oﬂ ==l WHW}Z] A &5 7F ~A Y=

we 24 7k (2(s))3 error covariance’} A7},

©A 4. 88 Smoothing (Downward Smoothing)

A (4)~(79) A8 Kalman ZEHE 948 & 7F 2A1d =
o= AEWFES] 34 343 error covariance 0] A7 o]
Atk 3+ smoothing & coarsest 2AIYA 2713} Ho]
finest 2271 744 A& v 2] (8)& Fake] Aubdrt.

=£(s|s)+J(s)[£s(Bs)*£(Bs|s)]
s) = P(sls) +J(s)[ P Bs) — P(Bsls)]J(s) 8
J(s) =P(s|s)FT(s)P71(Bs|s)

2 () P(s)E == s oA smoothing
2’ (Bs)9 P¥(Bs)e =5 s ¢ BRx=E Bso|A 2 (5)
o3| Axkgl 24 33 error covariance ©|th E3 2 (Bsls)
o} P(Bsls)+ 4 (6)& E3t9 Axkd Azlolt),

Fig. 4. 9 (@ ¢ (b)= 47 48 Kalman
smoothing #74-& =2 glste] &3

Aytolal

AE Y 5

‘ Merging | ‘ Merging ]
‘ PrOJectlons ‘ Pro|ect|ons | i l l l i
s, So, a, sa 2

(a) (b)
Fig. 4. The MKS algorithm. (a) Upward Kalman filtering,
and (b) Downward smoothing

MKSolA finest =AY =E=0 S43ke] ¢l
missing) 38 smoothingS 35t dg Fe] A
R eEREEH FANN AJEesg duE o] MAAA H
th MKS 2ue]5e] oA BRE = finest 2A1Y =229 7}
Sy & ™, 0(S,,) oItk

=l



An Improved Multi-resolution image fusion framework using image enhancement technique 73

4. Covariance characteristic of quad-tree structure
and blocky artifact

MKSH2LE 58k o} s i S92 uls- 8204
AEEZ 9] covariance £l 28 &
blocky =& LA AIZITh MKS 318241 35405 27
=2 Aold Gaussian AEHE
o]8-3ko] MAP (Maximum a posterior) ¥l 02 FA38k= 7% o]
w[12], inference FHAoNA A=EZ 22| blocky3dt
covariance 54J¢] HF F Al Wred= o] i Fe|= et
Al ©t} 53], Fig. 1. (0} o] g3 1A} 8} finest 2AY
FdlNA S diele7t ghs A5 ald 9] FFATelA o]
s 54”0] FEYAA epd B HelAE Hg. 5. ¢ 2ol 3714

ERH9] covariance 5495 Hlulste] AEER FREN

12 H“ﬂ S}+= blocky artifact?] 918 #4515t

Jointly Gaussian 712 W¥] z = [,,2y,...,z,,]7 o] th&}to]
A= joint pdf 4 pla)= 4 (99} 2k

p(I)OCeXp(*lITQI‘FZTI), N7 Yz,0) ©)]

2
(E[(I*ml,)(x*ml,) T])fl, z=0m,

€T ~

e=pl=

21 (9) oA p(x)+= information form[6] 0.2 FHFJ L,

m, = B2 9E 29 mean ¥E, O covariance "EY
P9 9849s Yehd Fo7 54 9Y y=Hr+v,
N(0,R) ol tisle] 24K pdf pzly) = 4 10)3 2t}

1 B
plzly)ec exp(—52"(0,.,, + H'R™'H)z

2
+a2T7(z . +HTR )

prior

(10)

2 (12 2o, MKS &S

Markov A=E 724 4 (11)9] == 34 2tz 9
£ g4 Azt glo] A 5= e WAoo s dnksl & 4= 9l

21(10)& 3} A)7]= MAP (Maximum a priori) 7423}
+3} error covariance P = 2
P

= argmaz (p(zly)) =62 (11)
P= E[(x*IA)(I*xA)TH/] =o!
0 '=(0,;y +H'RT'H)", 2=2,,, +H'R™'H

4 103 ADOIA .., = A @] 28] 02 ATk 4 (D

7 ol z = 07 g A WAE XL 9len 53], 6,
sk Ao BEsel ek 6, A8t she Bl
ol w}ﬁ} 5/0] thEn, Fig. 5.4 HEnpe} o] (h)9] F=E

T 271Y MRF 29 ()¢ 2A19We] =7t 31t
X"_LO—E AZd Egl 7% (o) ¥ blocky ¥ &H9| 6,5
o Aal= A (11)9] MAP 34 3t ALt
Al z 9} ol blocky‘GP el F3skA EHm MAP 7]9ke] MKS

B
é
FIIF
F

i=1 i=8

Fig. 5. Three tree structures and their ©

oriorS- (length of
64) (a) Mono-scale Markov chain, (b) 2nd order tree
(dyadic tree),

and (c) spatially connected structure in
(b). Red color represents higher values. Edge in each
tree represents the statistical dependency between
particular node and its neighboring node

V. The Proposed Scheme

£ ol M= MKSY blocky i3S 2 AA]7
€% ZadYaE ARk Blocky =S 9% A3
finest =AY 97| data missing FlA X °
B7A1717] 9138kl Super Resolution (SR)ell <]3)
7

WA 9P §F TAAAA TP

~
o
=
=
il

1. Single image based Super Resolution(SR)
method

L
o
(@}
=
&
w
o,
s
@]
=]
@)
=
flo
O
ot
rlo
kv
&
1o
)
:(l)lit
ox
o
2
ox



74 Journal of The Korea Society of Computer and Information

sfo] FA Tt} Table 1.

o AdYES TAYE Aol ol &
4 WET} Do

& QUYL I SR AT £ L2

Table 1. Images, patches and feature sets notation
Images Patch sets Feature sets
Lo o, ={n e M | Fy = A A )
R fi:"} = o T}
L Lt:{zg, 2o | F = { A £ th}
o | m={n hz,---,h;"'} =i P S}

Table 1914 L= 9% A 4= 94, HE 29504
ah= L] SR 7delH, S e A= 2 asde
4 ol A7 Lot B2 ottt (B Lo dadE 4
}2)]_) l7,l, }ALZ" l;n ‘;‘l h;n \_ L H L \:ﬂ }[tij_:[i_a %% ]
P WAES e N9k NE 9 L9 LERE 7=
H AHe) AAFelth(l<n< N, 1<m <N, Fj,, Fj,

n

Fyy 8 Py 989K 1, Ry o R e ERE S
7B WS et 103} plE A
3 274 JuE A7) gFte] 11 o b PH2ZRY FE8
T MR ZAske] YIAI8HA Hr, o
A oS g h AR 2R 8y @A o 2
ok whebd G @7k SR 71
feature F7NA f1. 9 F, 945 149 A=E At 7F
TR e 3hal, 1 feature’t FEE S o] s
T Ao prE AdEshs Wale® dukstd ¢ Qi) Feature
s E IR S =i s f’"*o— FEohs

-Nearest Neighborhood (k-NN)& 2§31, [,
&3lo] feature &3tIA fr .9 ST k N9 feature B2

Fp, 258 FEdia 20 sjgshs auAs 25 A

featureES 94

featuretx feature

= 5 2=
Qe 2 4

;Z

Ao k

-norm< ©J

aiste] Lp={1,, 1}, ..., 11} 7 2ol BT} k-NN o o3
Z28 AANE B A L} B 7oz she] T g

v aags 1 Aol mr={h), by, . b | B H 25E A
wg 5 o 29E FHow Bqa] ddsjel 4EA WY

0o={y% 72 i A (128 2ol Akt

K
: : 3 7k Tr —
mlnl"” (En) = mlnl"” ”l:vec - kEl’Ykl tvec Ei Ei 1

(12)

"
) (l?zerlT Ltlier) El: -

(ln 1T Lk
17

svec tvec

A A2 U 9 L, & 22 p?x 1 Aflo2 dEj3)
SR if olar (p ¥ A Alo]=), 1 & kX1 unit GHE
]’]'E}LHE]— Ltze( ‘/] 7t & ‘— ~21€(" iivem tze( ]Eq p >k

A4S 7T 4 (1209 1,9 3t 914 By ol <8} bl A
(13) 7 o] Feixieh.

K
N ik
hs - kE’y"ht
=1

A (13) o 98] el 7 Al B fARE wAoR By
F9 oA b E hl sk QRS mElsle] FRHoR
30l a‘q% HE e

2. Super Resolution Multi-scale Kalman
Smoothing(SR-MKS) algorithm

Aeksl= SR-MKS ¢a18]E5Le §83t 1A} 3F+= finest 27
A oAbl data missing Qo] EA A9 o] HAE] 9
3lo] coarse 2AY GAro® HE aajat

1 oﬂ}\]—o MKS B.?Sl— _Lgﬂ _?43/] /\H %

jinss m

= Zolth, F714¢l 11 % Gl finest 2A Dol X3
of wet 7 7l o] T e S T 2ALAA &

St = e WE 9] (vector valued) MKS[15] HH
| 285} SRol o3l AAdE G2 finest =AY F4d<]
data missing B9l 1 TG HJES K= N2 HRE
AFgoZH MKS 58 Al finest =AY §3HAT oA e}
U= blocky sH9r& a4 o2 HAAIA 4 3tk SR 43S

[

AA3s7] glske] 1L 3489 MKS 2agl5s Fslo] dojxl
coarse 2AYNA ] §ANE [, 0F A3, o] MKS
o] HA §ARTE SR Al vkdd o Stk SHdA A
TS A% FEE g Aol
3. Implementation of SR-MKS

Fig. 6. & 3t W2 78 2 45HTS flste AHed

Qs vERIYE 72 94 Australia Finke River ¥ A9
S AT 20me] (@) ERSSF E7MAE 5mel (b)
TOPSAR AA & &-g-3to] 538 /delth Fig. 6. (a) ¢ (b)
of ghtrg gAIE 992 7H7F MKS9F SR-MKS dareE]s
o] 9 Ao 7 AMEHE HE coarse 2AIY G4 (256
256)3} finest 27A1Y 94} (1024x1024)& ek}, L3
Fig. 6. (b)ol A 2A vlxz gy 8719 J9E1v. 1 &
of Aw¥ SR ¢uelF TS st FEH 1 HEE 5

% (H)S ek



An Improved Multi-resolution image fusion framework using image enhancement technique 75

Fig. 6.

(a) ERS image, and (b) TOPSAR image. The
regions represented by yellow boxes in (a) and (b) are
extracted and used as coarse scale (256 x 256 in 9th

scale) and finest scale (1024 x 1024 in 11th scale)
inputs of MKS and SR-MKS algorithms

SRE H3}e] 1. 3 Aol MKSEHH coarse 2A1Y ¢34
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% 35 9% 12 AAEATE Feature MM 1,9k M
A 1S FES] sk 1 ok 1r o] 1A 9 23k 1]
AEE Altste] 2x 12k s, ok f1 S B88k3lth k=4
el k-NN & A% ataz, A (125 %3kl dojzl HH9) 7%
2 W 15 2 (13)9] A83ste] HF SRS At

4. Simulation results
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(c)
(a) The MKS result at coarse scale,
input with data missing regions in A,B,C,D and E, and (c)
auxiliary high resolution (11th scale) input achieved by SR for
the data missing regions in A,B,C,D and E

Fig. 7. (b) finest scale

Fig. 8.2 7I& MKS¢t AlRbek SR-MKS %4 283}
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Fig. 8. Multi-resolution image fusion results at the finest

scale(11th scale). The fusion results using (a) standard
MKS in chapter Ill.3 ,and (b) proposed SR-MKS methods
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Table 2. RMSE of fusion results at data missing regions

RMSE using MKS RMSE using SR-MKS

Area A 2.5 1.8

Area B 1.9 1.5

Area C 2.1 1.8

Area D 2.7 2.0

Area E 3.1 2.1

Fig. 9. Fig. 6. (2] 5 A A Yol EA5)= data missing
QoG FEalo] Ak SRMKSEAS 443 GA%E v}
Widet. o] 7 9] SR-MKSE &3¢ S84 71 By

ze glan.

(a) (b)

Fig. 9. 3D perspective views of fusion results using (a)
standard MKS and (b) proposed SR-MKS methods. The
image data sets being used are extracted from pixel
missing region (upper right region) in Fig. 6. (b)

V. Conclusions
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