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Super- Resolution Image Restoration Algorithm Based on Poisson-Markov Model
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Abgract: The am of imege redoration is to achieve super-reslution and increase dgnd-roise raio. RoisorrML imaege
reoration dgorithm (PVIL) has high super-resol ution performance ,but introduces ostillatory artifacts in the regored image and can
not get aided redoration resut for the noisy image. Super-resol ution image redoraion agorithm based on Roi son and Markov nmodel
aswel as the adaptive choice method of the regularization parameter (MPVIL) is proposed through the assumption of Roisson and
Markov random field. BExperiments demondrate that MPAML ot only has high super-resol ution performance ,but d © can dfectively re-
duce and renove ogtillaory artifacts in redored images ,and get ided redoration resut for the noisy image. The sgnificartly inproved
redoration resuts are obtained usng MRVL conpared with RVIL. The regularization parameter can be automatically and optimaly cho-
N in gep with the redoration of the degraded image.

Key words: image processng ;image redoration ; super-resol ution ; markov random field ; Roison nmode ;Bayes andys's

(e
[2] FOCS [3]

, , , , , , ' Bayes 571 , Bayes
, Roi sor-ML (APWL)
y H\AL 7
PAVIL , Markov
, , Roi son-Markov
(MPRWL) .

:2001-09-27; :2002-05-13



" 2003
3, (6)
2 Markov f=arg Max{In P(g/f) - aU(f)} (7)
u(f) a
’ g Roi son ,P(g 1)
o, L (@) el @)
L={(i,j):1<i=<N,1<j<Mm} ,L P(g”):imu g ! ©
(i) , fi L
fi Q={m, %, ,u . F gj = (f *h)y ©)
F=(Fu, ,FRwm, N X M » Gij (i, j)
F L f=(fu, gi o] . G @,
fam) - Markov
1:F L n  Markov ofi =[ (f *h) i] on -« B%U(f) -t 0o
CE (10) , , Markov- Roi son
(1) , P(fj) >0, V(i,)) L,
P(f) = P(fu, ,fu) >0 ) f?ju:fﬁ[[—ng“—J Oh; - —"iu(f")] ) (11)
(2) Markov (F = h)y o
PLF =yl Fa=fu, (k1) #(i,])] © PP
= P[ Ry =fil Fo=fu,(k,1) #N;] 2
2 :Hammerd ey- difford F L 4 U (f)
n  Markov mM(F) =P(F=1)
N abbs u(f)
1
2 Gbbs Markov
Markov Gbbs .
, F
P(F=f) = 2z te U/t (©)] dg = fij - fuy (i) #(k, 1 (12)
U = 3, el Vel c L = 3 AW 13
P Z it ic € (1) Tikhorov
@) A (d) = (dy)? (14)
U(f)1 un, (2) Gaman-McQure
| B = (15)
3 Mar kov- Poisson (MPML) L ay)
(3) Hebert-Leahy
d(d) = In[1+ (dIY)?] (16)
g(x,y) =S[f(x,y) *h(x,y)]+n(x,y) (4) y &y b B
(X, y) La(x,y) »n(x, SNR >20B
y) v h(x,y) ,S(+)
* S\R = 10B
f(x,y)  g(x,y) Bayes
g f 5
P19 =505 ®) mn  mMAL
P(f/ g) P(gf) f g mn{ M@ ,f) =-In P(g/f) +auU ()} 1
P() P9 -In PgD)
P(f/ g) . f u(f) .
a
Max[InP(g/ ) +In P(f)] (6) a
f P(f)  Markov a a



1 : Roi son-Markov

43

, , a 1
MRVIL a
INR
8 02
; oy 018 T e
: SSIE| o TR
e ° 012
z ar" S o1k
Z oosft.
2 - = 006\~ .
~—\\ 004\ Tt
1 N 002
° 03 04 05 10 20 30 40 50
n
1 MPRVL a 2 MPRVL a
INR n
, a
, a
f a )
a .
a M@ ,f) tor
a(f) = kMm@ (f) ,f) (18)
K : (17) (18)
A= - un (19
U K> U(f). , a(f)
n
Un fn = ;LD_E(_gLf_)_ 20
(" Ly Ke- U (20)
Ko . ,MPVLL
n+l _ ¢n — O L ny 0 n]p
f.J -f.,[[ e h)J Ony-a" (N Z U] (@D
6
256 x 256 , 256 Lena )
, 5x5
INR
2 3 F(i-uj-vF@i-uj-v
r(ij) = ——— —
S X IFG-uj-v% 5 5 FG- -9
u="-nmv=-m us-nmv=-m
(22)
1 MPWL PvVIL
INR(dB)
PVIL MPVL ( ¢y MPVL ( %) MPVL ( $3)
5.6077 5. 4701 5. 8946 5. 9002
400B 3.8962 4.0571 4.6073 4. 6567
30dB 2.1570 2.4271 2.8952 2.9533
200B 0. 7939 1.8476 2.3144 2.3832
10dB 0.1165 4.5867 4.6533 4. 6548
m=3, 7x7
9

INR

MPBRVIL

Hebert-Leahy

:MAVLL

© 1994-2010 China Academic Journal Electronic Publishing House. All rights reserved.

PVL
( SNR >40B
,MPML
, 3
, - InP(glf)

http://www.cnki.net

)



2003

[1]

,

Hudh

R L
4 200B
; u(f),
, u(f) . 2
, a ,
o a M@ | f)
, ,MPVL
, a
MPMVL Roi sor-ML Markov
,MPVLL

B R Hunt. Super- Redlution of Imeges: Algorithm , Principles, Perfor-
mance [J]. Internationd Journd of Imeging sysems and Techrology ,
1995 ,6(4) :297 - 304.

© 1994-2010 China Academic Journal Electronic Publishing House. All rights reserved.

[2]

[3]

[4]

[5]

[6]

[7]

[8]

[9]

[10]

J L Harris. Diffraction and Reolving Power [J].J. Opt. Sc. Am. ,
1964 ,54(7) :931 - 936.

M | Szzan ,H Sark. Imege Redoration by the Method of Gonvex Projec-
tions: Part 2-Applicaions and Numerica Resuts [J]. |IEEE Transc-
tions on Medica Imaging,1982 MI-1(2) :95- 101.
J B Abbiss,B J Brames,et d. Sperrelution Algorithms for a Modi-
fied Hopfield Neural Network [J]. IEEE Trans.on Sgnd Procesing,
1991 ,39(7) :1516 - 1523.

W H Richardson. Bayesan-Based Iterative Method of Imege Redtoration
[J3].J3. Opt. S¢c. Am,1972 ,62(1) :55- 59.

Holmes T J. MaximunmrLikelihood Imege Regoration Adapted for Non-
coherent Opticad Imaging [J].J. Opt. Sc. Am. A ,1988 ,5(5) :666 -
673.

T Hebert ,R Leahy. A Generdized BM Algorithmfor 3-D Bayesan Re
congruction from Roison Data Usng Gbbs Priors [J]. |EEE Trans.on
Medicd Imeging June. 1989 ,8:194 - 202.

Gemen S, Geman D. Sochadic relaxation, A@bbs didribution and
Bayedan redoration of imeges [J]. |IEEE Trans. Patern And . Mach.
Intell. ,1984 ,6:721 - 741.

Tebou S,Blance-Feraud L ,Aubert G,et d. Variationd gpproach for
edge-preserving reguarization usng coupled PDE s [J]. |EEE Trans.
Imege Proc. 1998 ,7(3) :387 - 397.

M G Kang,A K Katsaggelos. Generd Choice of the Regularization
Functional in Regularized Imege Redoration [J]. IEEE Trans.on Inr
age Procesing ,1995 ,4(5) :594 - 602.

1962 11 ,1982

,1988

,1961

40 -

http://www.cnki.net



