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TANAWAT KWANPAK : STRUCTURAL ADAPTIVE NAS-RIF
DECONVOLUTION FOR IMAGE ENHANCEMENT. THESIS

ADVISOR : ASST. PROF. PARAMATE HORKAEW, Ph.D. 94 PP.
ANISOTROPIC/DECONVOLUTION/NAS-RIF

This thesis purposes the development of an image enhancement technique based
on NAS-RIF algorithm. Its main purpose was to improve fidelity of medical images,
while maintaining boundaries of anatomical objects therein, so as to enhance diagnostic
process. The main strength of the proposed structural adaptive NAS-RIF deconvolution
for image enthancement is that it relies on monotonic background. This characteristic is
therefore well compatible with that of a medical image, where an object of interested is
enclosed by such background.

The prototype system was primarily developed by MATLAB. This was because
the program supports various basic image processing functions, employed by this study.
They were also efficient and accurate. Evaluation of the outcomes were carried out by
comparing the proposed deconvolution with similar algorithm, based on well accepted
image quality metrics. Observations and corresponding discussion were made on the

resultant images and reported in this thesis.
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2.3.6 Film Grain Noise
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517 2.14 UARIAIDHININAY Film Grain Noise
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2.4 Noise Reduction Methods
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2.4.2 Linear Smoothing Filters
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2.4.3  Anisotropic Diffusion
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2.4.4 Non-Local Means
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(Farooque and Rohankar, 2013)
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2.4.5 Nonlinear Filters
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24.6 Wavelet Transform
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2.5.6 Color Accuracy

] a o [ | & Aa 9 W v 5]
AVTMUUUNTIVDIT L‘IJ‘L!‘I‘_T‘U%U@UN‘Hud“ﬂﬂJﬂ'ﬂiJﬁWﬂﬂM’t]ﬂiuﬂ'IW"U’fNﬂ'IW uan

g 9

Ao oA kY

LR [ A ] s 9 ] o o = ad 1 o 1
ENL‘lJuﬂi]‘ﬂEJ“V]ENMﬂ’ﬂllﬂ’qumi’e)@gﬂﬂﬂﬂﬂﬂ’w’ﬂ mwmrﬂum?Nunmmmwammﬁmmumag

A voA ~ A A '3 A ooy o a
LﬁiJf’J]l‘]_IWS?JIhJ Lu@ﬂﬂWﬂll‘]JNﬂiﬂlﬂﬁ"lﬂ@niJHBﬂ fﬁll']iﬂ‘ﬂ‘ﬂ&’i‘l]g UAZATINIUTIUALLIDUNUD
o g & A~ o 0 Yt & Y ' Y] a o a .
mq‘uumw"lﬂﬂmu LiJE]ﬁJﬂTiVIﬂWﬁLWEmTﬂU@NGl% LU ﬂ13’1.]i‘]Jﬂ1ﬂ'J13J@3Jﬁ'J‘UENﬁ (Saturation)
A o g ya a S @ o a yad &
‘VI‘1]31’1']1‘1’7’CT‘]JHIHW@?J?]’NNET@]N'IWUH “Vlﬂ‘ﬁﬁﬁtm13J‘1§HU@‘li')‘ﬂfﬂﬂﬂﬂaglﬂﬁlﬂ‘ll@\iﬂWWulﬂﬂEN"Uu

Yudu

o—

2.5.7 Distortion
= a a A o a o Y a ¥
msinmAanstadion livinanuilusseenlfinadym 18 Taomwe
ag e lunmsgtaniidnisdiauma jUse uienwerivesiagdiuuioes sdrau
4 A S Y " Ay 9 a o o a oA
MnunuAgiimaas idudn amaiidesnisldnuiianuuiud luszauge nsdadiou
v a 2 1 a0 { a [ t';
Youmu AnAnuInmsdenw TnaldgunssinenmwhndasinTagganine
2.5.8 Vignetting
ABNITANYBIUAIAIVUAIN MNATANYUE Vignetting gaziinuaing
VTRUNINMNW dUUTHBV VY3 U sslianyuzianiuin Hoaw9nnsnszay
vouasfidesriaudvesndesdronin uaefignnszarennusnaveuvesaudazgn
= W a 2 S @ ° v d LW
nsgarwenni amduuasignnszaennuSnaasnauaudiues lddaudumes Sy
e lasuuasndrshignaea
2.5.9 Exposure Accuracy
ABAINMULL ULV I UINLEINARATENUAUUN A UeUT e Tuns

AININUBAINNITOEM WU VUNAT LenaTaneTUBINABIn 18NN LazDANSTUR AN



26

2 o o~ Y waAa =Y 9 | a Yy 9 Vo 3|
VUNUNUAT SIWNAUANTITAITINATNDIWONITU U Tﬂﬂﬂﬁlﬂﬂi‘ﬂﬂﬁi’)\ﬂﬂiULLﬁQLﬁJHi&’U%L'JﬁT

2 A 9 1w s Y & = dy 9 S Y
nile e ldumesanasuuuuTun Bnale Funaiialignldluaaiunssindesnis ms
] ld | Qs ) 4 o
e iuanmnadeuiiuasios mstlaldndssfunauiluszozinamilazild ndes
1 = d' [] o 9/ :3 o 9 ~ 1 <3
aenninadeaguaananasuiEusunw Iduuty mldamiianyadng wazansoany

~ 9 é’
51982B8AU0IN N 1AUINTY
2.5.10 Lateral Chromatic Aberration
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2.5.11 Lens Flare
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2.5.12 Color Moire
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2.5.13 Artifacts
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2.6 Image Quality Evaluation
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2.6.1 Mean Squared Error (MSE)
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2.6.2 Peak signal-to-noise ratio (PSNR)
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2.7 Image Quality Improvement via Image Deconvolution
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2.7.2 Deconvolution

s 0 a/ Y Y] o s
msanouligtu Ao A32UUMINTIMsAUNdUNaanivaInIsAou 19gHu
(Ayers and Dainty, 1988) #1981991naun 1357 2.7 luaasnszuaunismsineugiuves
Y] { o Y @ A o ~ o @
Waridu £y RoninsaouTrasuaaelanau g,y thevi 1Minalendu Ax,y) sonut 819z
y) Y q. g%y, Y,

@ v o w o ~ o 0o a ~ Q
snsedulSsuiisuiaddu nadedduadinmans Idosnulugdmsduiiumsdanin i

Y

Qs v v J o 9 o { o [} o a
amrsaonaaee1a1aa1 Wandu fxy) Aemmduatiuiiauysel gnih ldiimsaeuligsuny

o o A o wa o oW Qs [} 4 o a % o oA
WaruilamesitnuauiAmldnimuin udediilfofandu gxy) Fanadusnld Ao

1 a

FY v A A S ¢ o o Y o = @ A o 9
amduatuiaws niesnuvsenfneantu sk dmiunisiianeuligru Aensilv

Vv

Y o

! 1w 3| { J I = a
pins i ay) Aundulinaedunwiauysel fxy) udluanudusswds msdneu
s 1q 1 A = ) F @ A EY - = [ 9 =)
Togsu lilgFesianmsai Idhedn iilesnndeyanmwigniuiin 1 uumaufudeyasiia
' d a 0 ~ 9 ¥ = v = ? v R o A
a1e 9 WumwignnsziwaBeniesuda @mngniunnasungiaseiduiinanudine
¢ o . ¢ a =) - v w | 3‘;
WadFUN M h(x,1)) (Ayers and Dainty, 1988) Tugaiuniseivs L waiiifesmmanswiunivu
3 Y a e Y 1 A Ao & v | 9 J o s o Y
dudeyadn uazisng liideyaednpuisuiivediaivudoyavosfantuilamesiviln
1 @ < £y o v t o Y 3 [Y J
A dudu hlds lensaiimsfeunssuiums Tasmsmsulasnduianes
. . Y = ) = o v A Y o A a a P
(Inverse Filtering) 18 1n8a59 8nnamwiigunuiuiin 13 dnlidyaissuniudaniaienn
3’/ o 2 ° Y = o o kY a o v
dupenlumstiuiinmmave q ¥iliaunsin 2.7 Tuanuithieswaire idyanusunIunag

'y = v =
agmﬂ “]f\']ﬁ"]ll'limlﬁﬂ\i‘lﬂﬂ"lilﬁuﬂﬁﬂ 2.9

[f (x, ) * g(x, )] + nlx,y) = h(x, y) (2.9)
Tuaa 1Mo alan T nixy) Aodaanasuniuigniudiun dygyia
Y

gl { =Y a [ I
suniue1l lanaludSnafunvsolutlSualesd 1d duanusuniwidugeigumudiun

D) a



32

a s 4 2 g o a g a )
MundInnTzuIumIneu 1agFunds sduihmsanenligiundulauase drensuias
[V o v [ y v e'dy A o
asufames Taeliguladygiusuniuuds nszuiumsulasndudameidovinudy o
Y 3 0 LY v oA ] [} S = Y a A ) Al
syt lunndie i liwadwineonun laledandu fxy) Muiase viena1inesee
n 9 w A Ya @ o 9 a a @ o A o
Ni'ldmmduntiviuiedanaduu Mldmsaaeuligdundulasnsulasnduilanes Taeas
9 9 a o a @ o [ 4 Y A
Nl nasenudmilatin msdaoulagdunaulaemswlasnduilames szaunsalvinaha
ygd 1 A A o o = o g A o ' ] 3’; =2
ponu ldfaeilo muihuiimsdneuTigiudes lulidyarasuniula 9 egmamniu da
v o o3 d o { Y a v A o 9 Y o
vz ldwadwseonuuiuiendu fxy MutasanTemnduatuiuieseld dmsuumurans@

aou TgFuansadounaaslasagii 2.21

a

nix,y)
fex,y) hex,y)
g g(x,y) I T

Anduniiy iAoy

AMUNINAY
fox,y) _]
AR g (x 3 &
AMAURTUNYN
1lszanmesnu

517 2.21 waawrurveImsaneu gy

U

]
2=

A Y 9 @ o o
eswnmsndSudjsnmalrsnisutlasnduilames luamalidygasuniu

o g

v llnd Y = 9y a ) a Ay o - o A o
°lwwaaaﬂm UALan ﬁNm’mumi“lcvmwﬂaummm1msﬂﬂauhgﬁnuLwaﬂiuﬂgqmwgmu

T
@ =

=) = a A = =Y o A = a
MaUALRY L‘Vlﬂ‘Llﬂ’J‘ﬁfﬂ51‘Hﬂ1iﬂﬂ‘0u1’lﬁ%u‘ﬂﬂﬂuﬂuﬂ1 o mmﬂauhqmu”luimuumm

G u
¥

< . o 9 d v { o kY { Y
AW (Frequency Domain) Tagnsutlasisdayanin uazWedduinldnmnlasuulas In

QU

: 4 9y o = v ¥ 44 4
oglugdveslamuvesnnud udriinisanouTigruaisla lawuvesnnunil en 1y

3 ]
A A

v A o 3 o Y ] o [ a
nszuIumsnenligdu iiedSudjenwasbevdentd Juasnmaduing Tanuganui
(Spatial Domain) Aaify wmguafivhlfnmannsoulasndyhhnsenilamwuvesnnuddy

= g ay v d @ < 9 an v A Y Y
TauFaui 14 Amszdnvazmsinudeyavesnmadia Nawnsagnueslvegluanyus

yoadyananauanud 1d Taomaiinat lumsulasTamuszninlamuvesanuinu lawu

= &’ d'd 1 ac X Q/ 1 Qdd’ o/ oy a 1:' o/ \ o tdy . .
IBINUNUDYVI AN AUIT %Q%Bﬂﬂﬂ?@m\n‘ﬁ‘i’l‘lﬁiﬂﬂ’ﬂuuﬂilﬂ\?‘l’li]&’ﬁlﬂﬁ'.]@ﬂ’l\iﬂ\'iu (Kanithi,

Q

2011)



33

o
1) Fourier Transform (mmﬂmuuuﬂﬁﬂi)
2) Laplace Transform (mmﬂamwmﬂaw)
<
3) Wavelet Transform (M3ui/aguuuiavlian)
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2.7.2.1 Image Enhancement with Wiener Filters
A o 9 = ] '3 o <
msanou TagFunmdedomeslames vwgnilulamuvesnaud
s A o/ A & 1 =
Taemsldmsudasuui3ed owlasmmuazdygraineides Idoglulanmvesninud
= s 9/ =l I o A w o C A 9 w ) v o
nmsaneulgdunmdisdomeilawmes Tdnyarmanhnuiilydasidiussnnedyaio
@ e o @ v ’n’ @ 5 [
sumusudayagege iundluddiaiminluduasumst§ulynm Tasdaalums
a C] ¥ g‘/ ‘g LY Y [ @ dld =
Yfulssnmazanuiedesiu Tuegivffinavesdygusuniunudya aunuuunm 1y

wodilamesldnisdszunmniwasamaaunsi 2.12 (Dhawan et al. 1985)



35

|G (u, v)|? H(u,v)

|G (u, )|+ W(u,v)|G(u,v) (2.12)

Fu,v) =

Tawd Fu,v) Ao nmesenigniszanaeanin

= d ) =]
Gu,v) N9 WINH¥UUeINTUADBUNIN

H
~ ~

H@,v) fio muigndadion

Q

Wu,v) fp Wardu Noise-to-Signal Ratio

7 @ Jd @ d @ 1 |
W9A %1 Noise-to-Signal Ratio ABWINFUNUAAIOATITIUTEHIN

fyanasunusudyaegege Feau1sontldonaunian 2.13 (Dhawan et al. 1985)

U q

_IN@,v)|?

= Bwor 19

W (u, v)

Tagh Wu,v) fa Wandu Noise-to-Signal Ratio

d a 1 @
N@w,y) Ao Handumvaday g s unIu

da 1
S(uv) Ao MINTFUAIUDIN YR INA

o g

4 < J : J Qs 1 v
Inaumsh 2.13 wwrtu Iddlienwesdyaasuniu UA1NINAIAT

a IS L}

s { J a a v [
vosduanaia s Ieadeu way Smge uazvinavesdymiusunuiidfesndnm

o g U

v ] [}
1 o =2

a A o J w v @ [}
vosdaamia s Ialanau ey S demueelensu i,y ssimsdawaluauns

o o

= v

{ o a v %’ @ o Y v 9/?,' o 1
#i 2.12 Ao Ares W y) wzidludrnraimidnlumsifaeuTagsu 1 lmihminvesm
[ do A o Y a =] ) 9 ' = 1 a a
favadsuiiildnmdadeninuietevediels Fzaanadenisaneulgduaiv
~ o ¢ A Y 1 9w A 3 o = @
voafuesilames osdaen Srdyaasunduiiawin udusimsdaoulagiunmiag
1 Y] 9 a t:' =\ a dy ]
Tiauledyarasuniunds nmeteiszgnilszinaeenu axdanudadionljediaun
A A o 9 a & = Y a a
desnfidyausunan unundinluduasunsnistaenTrgdumnanlyl msdneu
. ' . ] o o { o LY =
TagFuieninnasangnlszunaioonun Taoldifipatoyavesladduiiih i mdadion
a ' = Y 28 A & y o _al o ,;’ as
feodrunernz ldnadfidedio nnisidesmsiianeu Tagdull Unendgygrusuniu
L a o & A 2 ! 5 Y ' s A o v a A
Taedwds auinluaunisi 2.12 Seimaorahminsenadnsunm vawmiadeuuaz
@ A s < 1 v v oW <
wanasuniuey Wenmiidyausunanniezaans ldhhmiindduavdeyannleddu

o g

Ao qu A A A A o o g o ¥y ?w
ﬂﬂ?iﬁﬂ?WUﬂL‘Ui’JuﬁQ LLﬁ%LN@ﬂWWﬂJﬁﬂJﬂJﬂﬁﬁ‘Uﬂjuuﬂﬂ m]:mmi“lwegaﬂmﬂﬂﬂﬁw



36

=

Ao q P 2 a o A q v 2
i lnmdadeumnniulumsaneuTigiunm e linmeonunaay

=)

EU ~ o 9y ~ =) 4 3 asy A
umwmmﬂauT’Jg%umwmmmuaiv\lamﬂi%zmumammmﬁmw

18 o

~ ' a LY =t & Ao [ vy Y Y
GoudrelunsdneuTigdu uandadinnusuiuidimsdivilemwezaeegueyaves

a/ 1

4 @ { o a o o [} 1
Waddudimldamdadou nazdeyavesdyarasuniunouriimsdneuligfueguansn

g g

2

1 v I ~ ! o 1 Y 1 .
Foneu Falunnuifuiwds feyadudsuiiuil sinname liiawe mamdeyadiuiina
dy E @ o 1 A ] sw A o Y a A |
e lfnlFay g lasmstszuun ilomawesdensuimvamiaeunaza1ve
[ A 9/ o " a A
Fuonusumuiemn1Flumsdmnaunumsdfivams i

2.7.2.2 Image Enhancement with Regularized Filter
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2.7.2.3 Image Enhancement with Structure Adaptive Filter
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2.7.2.4 Image Enhancement with Anisotropic Diffusion
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LEA9 Source Code MIAIUIUA ¢

&3

input Image-imread('Anonymized20191112.tiff");
input Image-im2double(input_Image);
[imageSizeY, imageSizeX]-size(dnput Image);
image Anisotropic =zeros(size(input_Image);

for j=l:imageSizeY-1
for i=l:imageSizeX-1
diffDeconX =input Imaged, i)-input_Image(j, i+l);
diffDeconY =input Image(d,i)input_Imaged+l, i);

image Anisotropic(, 1)=(diffDeconX"2-
diffDeconY*"2)"2 +..
2*diffDeconX*diffDecon)*2)"2 /..
(diffDeconX*2+diffDeconY"2)"2;

if isnan(image Anisotropic(j,in=1
image Anisotropic(j,1)=0;
end
end
end

image Anisotropic Sum = sum(sum(image Anisotropicy;
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Article Info ABSTRACT

Article historys: Performonce of rudi hic diagnosis and therapeutic intervention heavily
i depends on the quality of acquired images. Over decades, a vange of pre-
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Accepted May 15,2019 inhevittt pofnt spread finction, degrading images during acquisition. Thus

far, the technique has been known for its poor convergence and stability and
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Ar}lsolrollulc. importanily, sce homogeneity sssumption was implied by deconvolution,
Deconvolution reeovored degrding fnction was global, disregarding fidelity of underlying
NAS-RIF objects. This paper proposes a modified recursive filtering with similar non-

negativity conslraints, but also 1aking into account local anisotropic structure
of content. The experiment reported herein demonsirates its superior
convergence property, while also preserving cruciul image feature.
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{. INTRODUCTION

Recent ndvances in medical imaging technology has so far enabled high performance compulerized
radiographic dingnosis ant therapeutic intepvention [1-5]. More specifically, il been widely applied, for
examples, in patent specific anatomical windeling, leslon extmution and more fecently in unsupervised deep
lenrning (6], Thus fir, degradation is one of mujor impeding facors in Hheir sicgess. Although i practive, 1t is
ledd by o serics af comples. processes imiging signal underwent during sequisition, for simplicity, the lerm s
typically chareterized by tincar decanvolution of Blurring kernel amd an adiitive noise | 7], s expressed in (1.

g(x.y) = f(x,3) « h(x,y) + n(x,y) n

where.¢ and f are degraded and (presumably) original images, respectively. In the spitind dempin of (x,y) €
R2, 41 nd n are convolutional kernel and noise, respectively. In nnalyzing dogradation’prgeess, f is sometimes
referred to'as-blur filter or, in our context, point sprend functisn (PSF), Reconstweting the ariginal image f;
given the degraded g and a priori on (or sometimes, unknown) noisc.model, #, is however not trivial, Tts key
clement involves estimaling a PSF-and its respective.inverse (') This pracess is called deconvolution and
depicted in Figure 1,
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Additive Noise N (X, y)

. r;_ Degraded Image
X . "
C‘_“T‘W'“u"" }“’*ﬂé— * Deconvolution i-—o- 5:0."::‘1::;
= PSF  Inversed PSF
hx y) < = h'(ny)

Figure 1, Dircet fillering model of convolution and deconvolution

Depending on assumption of the degrading model, PSF can be eatimated by caleulating its poverning
(for example, blurring) parameters (8, 9], However, several other factors, such as out of fochs, motion, g
geametrical distortion, ete, may have equally contributed o degraded fmage quality, Identitying these simple
wodel parameters was unable 1o completely restore such adverse effeets, Delermining typés of degradation,
thelr mnking and intersetions, indeed are nol vk, especially without access o imaging madulity calibeation.
Another approach, called blind image deconvolution (BID) [7, 10, 1], tackled this problem by cstimating ench
clementin PSF kernel/ tatrix (or it inverse), subject (o some eriterin. but without pror on degradation sources,
BID combiues PSF estithotion and deconvolution into a single recipracal process. Estimation of PSE is usually
dane by iteratively updating vectorized kemel nsing o gradient descent variant [12], wherehy in cach cycle its
vitles are varied with respect to pre-defined phijective function and constraints. Provided that an optimum
axikts, upon convergence, resultant inversed PSE are uhle to closely reeover the triue non-degraded fmage, Tt
can b noted that noise model was not incorporated into the inversed PSF and honce would have caused
insuihility i case of Tow SNR. Other stidies thus opled for operations in frequency domain, in which linear
property of convalution ean be exploiied [13, 14], i.e., F* (0,¥) = G (u, v) B (u, v), whre capital lehees reler
to (estimated) trie, degrided inages and PSF in frequency domain, respectively. Aceordingly, nolse muy be
dinmtissed by selectively processing only in e lower frequency spectiuin, Althotgh iterative variings exist,
PSF by i frequoncy J are of elgse-form dnd more efficient, compated to that on spatial one.
However, its muin drowback was thit knowledgesabout holse propetiies are prerequisite, without which severe
instability could occur, To remedy this adverse effect, Wiener filter [15, 16), Wavelet [17] and Curvelet [18]
hased mathods were proposed.

Note fiay bis draw from the litceature that both spatial and fiequency domain operaiions have their
firiss i eons. While the Harmer can geently: benetit (rom straighaforward yet intuitive constrints impasition,
thie Tattet i4 tore efficient, with available fast spatinl-frequency canversion algonthims. BID on both domains,
called o nennegativity and support constrings recursive filtering (NAS-RIF) [7, 19] was inteoduced and
recently enhanoed [20-26]. Hs primary contriibution was 10 overeome instubility 1ssue found in conventionil
11D, A its name suggested, NAS-R1E imposes ipedisible, absolutely sumnuble, L, (£ || bl < o), and being
invertible, i, b 'y propertics on o PSE, while miti ning the same piion (ie., real value and positive
definite) on the true image as 1BD, Thie support on he image was defined within a region of interést (RO,
This has mode NAS-RIF particularly suitable for medical dmaging. whete snatomical olject is generally
mecuired i thie eenter of o matrix and surrobinded by uniform background. Specifically, MAS-RIF divided the
degraced image mto two reglons, 1e inside i outside support (Dgp), whose cait functions were determined
with different objectives wnil constraints, A geheric NAS-RIF alyoritin is sunmanized in Figure 2.

Inbga freme

o9(x,y)

()

Figure 2. (n) Generic NAS-RIF algorithm (7] and (b) definition of support region (Duup)
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Given a degraded image g (%, y), NAS-RIF recursively delermines the optimal inversed PSF, denoted
here as u (%, y). At each ileration the elements of u are optimally adjusted subject to a cost function, consisting
of negativity penulizes for pixels within ond outside support region. Some enhanced proposal suggested
additional regularizalion constraints, e.g., DC gain [21] or more realistic boundary suppori [22]. Noise issues
were elevated by using designated fillers [23-25]. For better performance nonetheless, deconvolution was
performed in the frequency domain.

The summary of NAS-RIF algorithm (see text for detailed explanation):

a. Definition
— fowy( :Eslimate of the true image at k™ iteration
= yy(  : FIR filter parameters of dimension Ny, X N,y at iteration k
N /(Ek) : Cosl function, given parameter setting u,,
- V/(u,) :Gradientof} ot u,

b. Set initial condition )k = 0(
~  Set FIR filter uy, (x, ¥) to all zeros

¢. At cach iteration (: k=0, 1.2, ...
- fxy) =w(ny) *gxy)
- fn Gy =MLy

— Minimize routine to update FIR filter parameters )conjugate gradient routine(.

r_[aGw) 8j(w) ) |
Wl = [Bu(T,D) 3u(12) " ue(Nays Ny )

2) s (v}
where E%} =2 Z(g‘y)epm” Py [——;—'

+2 e y) - Lalglx = i +Ly —j + 1)

(x.y)€Dsuip

+2y Z u(x,y)—1

v(xy)
£ = (< () ~ ) (sk-0), ¥ (i) S/ V) (1), (tna) >)
Ifk = 0,dy = =V ()

glx—i+1y—j+1)

otherwise dy, = —V/ () + ey,
Ug—q = Wy + by

— Increment &
— Repeat siep 3) unti) converpence.

Despite its great slability, shortcoming of NAS-RIF was slow convergence rale, Moreover, (he
inversed PSF (u) was n compromise between two penalize tenns, detived from pixel intensity. This paper,
therefore proposes a structural adaptive anisotropic term being introduced in iterative optimization. It was
computed, taking into account local orientation pattern of object structure. Its mnin contribution was not only
einphasizing on updates in favor of feature preservation, but also promoting faster convergence as fidelity was
enhanced. The remaining of this paper is organized as follow: Section 2 describes the proposed method in more
detail. Section 3 repotts experimental results and relevant analyscs. Finally, scction 4 slates concluding remark
of this'study.

2. RESEARCII METHOD

This_poper partly adopted conventional NAS-RIF following the process, depicted in Figure 2a, It
iteratively adjusted FIR filter, iryand simullancously ifs aulpul, thal was an intermediate cstimation of the true
image, f*. To ensure nonnegativity and support constraints, this image was projected onto a non-linear (NL)
space (hat diminished pixel intensities outside the support region (Dsyp) to that of the background (Lp). The
corresponding non-expansive map, Mx. were then subtracied with its precedent, resulting in error matrix,
given in (2) (20].

Structural adaptive anisotropic recursive filter for blind medical image ... (Tanawar Kwanpak)
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e (1,3) = Zvgp @) - F ] @

where

fx,y) €7 (xy) 2 0and (x.y) € Dsyp
fuy) =40 if f(x,¥) <0and (x,y) € Dgyp
Ly it (x,y) € Dgyp

Instead of simply minimizing this matrix, which would premuturely bring estimation ta hall, the error

image was then divided by supporting region. Ideally, object pixels bled outside Dy due to degrading (e.g.,
blurring) PST should be drawn back inside, lcaving only the background. This could be achieved by an edge-
enhancing FIR. However, exaggernting this adjustment could lead 10 negative pixels by deconvolution. To
maintain the balance of these constraints, basic NAS-RIF detined the cost function to penalize negative pixels
inside the Dawp and background discrepancies oulside. According to the recent modification [21], irreducibility
of FIR was also ensured by regularizalion. The cost function adopted in this study was thus given in (3). Using
this function., it is trivial to prove that ils gradient with respect (o an FIR clement. Given the cost function J and
its respective gradient, VJ, iterative non-linear optimization was done using a conjugate gradient method [26].
5 1-sgn({ ) 2 2

fi= E(xy)evsupf () — el $ Z(w)eﬁsup[f(x' ¥y =Lg| + V[Zv(x.y) u(x,y) - 1] ©)

where sgn and y were, respectively, a signed function and an empirical factor weighting FIR
regularization. Upon convergence, when the difference between successive true image estimalions fell within
a pre-defined threshold, the resultant FIR filtcr was then applied to the degraded imnge, g, producing the final
true image restoration,

It was, however, reported in the recent NAS-RIF literature that noise reduction and a prieri on
underlying pixel distributions are essentinl 'determinant in its stability and restoration result, In addition,
penalizing cost function, while sufficient for typical pholographic images, did not consider structural fidelity
in an image, hence undermining anatomical features, crucinl for the subsequent analyscs. Inspired by intuitive
constraints augmentation found in the recent works, this paper therefore incorporated an anisotropic measure
inte NAS-RIF optimization. Structural anisottopic measure was introduced in [27] and later impraved in [28].
In those studies, it was used to orienl and adjust the extent of an aduptive FIR filter so that it aligned with
underlying pixel orienlation patlem. Anisolropic measure within ncighborhood surrounding a pixel, p, is
given in (4).

iy = LB -G8 o TN
{j] {2y’ ![;g]udm‘y]

Figure 3 depicts a sample image with three selecled neighborhiood centers with different local
orientation patterns and (heir respeclive anisotropic values.

“

ani =0.70 ani=0.10 ani=0.76

(1) Right orientation patiern
(2) Isolropic paltern {lowg)
{3) Strong lati orientation pattern

Figure 3. A sample image with three selected cenlees and ¢amrespanding anisotropic valucs

In order Lo avoid further complicaling the cost function (3), which would incvitably cause even more
local minima, this study instead encouraged fealure preservation by adjusting updnting step size ¢ according to
relative anisolropic strength, as expressed in (5).

Indo. J. Elec. Eng. & Inf, Vol.7, No. 2, June 2019: 157 - 164
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whiere ¢ wis a typical stepping size tokon in each iteration.

The benelits of adjusting step size according 1o wial relative anisotropic were two folds. Firstly, while
steering swiy from non-negativity, original NAS-RIF cost function tended o stumble around an overly
smonthing kemel, With anisatrapic controlled step size, on the ather hand, a5 the bled pisels wene gathered
{nside, implying more pronounced abject boundaries, the relative ani pic memsure alio i 1) 5o
was the confidence in sueh adjustment, This effectively accelerated NAS-RIF convergence. Seconidly,
involving anisofropic measure into the optimization also helped lessen the dependency on having 10
meticalously initialize the supporting region (22] 1015 also worth emphasizing here that, anisoliopic measure
was compuied within a neighborhood of specified extent ansd nor frone an Jsolated pixel. 1L was hus 1obust
against imaging noise [27].

3. RESULTS AND ANALYSIS

Without loss of generalization. the proposed enbanced NAS-RIF algorithm was examined by applying
to both synthetic and medical immges corrupted with known degradation. The images were cncoded as 2D
matrix of grayscale intensities, whose values were stored and processed in tloating point format.

3.1, Anlsotropic strength us image contrast regularization

As pointed out in [20] and subsequient works, trivial all-zero condition could be prevented by imposing
a tofal summ constraint on FIR kernel, W found that it did not, however, rectify a uniform FIR kernel that would
bring the image contrast tremendously down to an all-grey. To demonstrate thal in addition (o structural pattern
[27] anisotropic measure is also responsive to such condition (arid ihus wis 4 viable means of circumvent this
problem) relationships between contrast appearances andd respective 1otal anisatrapic sirength are shown
in Figure 4.

ani = 3.869 an| = 0.260 ani = 0.044

Figure 4. Relationships between synthetic image appeamnces and their anisolropic measures

During an early stage of optimization, image contrast could be regularized by anisotropic strength,
More specifically, as the FIR proceeded away from trivial all-zeros, the measure helped increasing its
confidence by further stepping in that direction.

3.2. Visual enhancement

An MR scan of a human brain on a uniform background whose matrix size was 350x350 pixels, was
then employed in the next experiment. Comparison between enhancement mude by a generic NAS-RIF and
the proposed enhancement against an original MR image are illustrated in Figure 5. The resulls are snapshols
at the 80" iteration,

Orlginal Generle NAS-RIF Praposed NAS-RIF

Figure 5. Comparison between a generical (middic) and proposed NAS-RIF (right) enhancement

Structural adaptive anisotrapic recursive filter for blind medical image ... (Tanawat Kwanpak)
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The resultant inversed FIR, u. brought sharper edge anid betler separation bistwean tissue and the skull.
Dynamic range of pixel intensitics was much improved, compared to the generic NAS-RIF, It is also worth
nated here that, instend of thousands of iterations usually required by a generic NAS-RIF to vonverge 7, 19],
the proposed enhanced NAS-RIF gave an estimation wilh already higher fidelity and contrasi at much early
cycles. Moreaver, no other priors were needed.

1.3, Relationship between anisotropie streagth and visual enhancement

Figure 6 isotropi during the firt 80" iterations between  generic and the
proposed NASAUE jmpl o, wnd respeetive entarged original image estinutions, [is evident from the
graph that in the proposed implementation, the stiepgih aceelerated at faster rmte, which well corresponded 1o
much enhmced appesmnee. It was thus o suitable metric for o NAS-RIF optimization constinint and well
conformed to the preliminary hypothesis of this siudy.

Rea! MR Brain Image

IR

xay
ii feasi
4
Haa
»
B,
Brns,
S
Lo

A2V

o s -
R A TR SR S R L SR TR E VAR PR
Marations
o Kasmbise NAS-BiE o (prand Stapbicai Proposed NAS-RIF

Figure 6. Camparison of anisotropic strengths (left) between generic (fop-right) and
proposed (bottom-right) NAS-RIF implcmentations

3.4. Numerlcal asscssnients

To quontitntively elucidate the propesed NAS-RIF scheme. espechilly b teoms of iolse immunity,
nunterical assessment was perfonmed an Sinulated adulieeation To this end, o phantom image wis degnuded
with Gaussinn blur and polluted with Rician naise (W emulate what happens in MR acquisition). Peak SNR
[29, 30}, wak then computed for the original, sdulteraed, and penerle and proposed NAS-RIF enbanced images.
The peik SME (PSNR) and eonesponding restored images ot 40" iteration were listed in Table | and shown
in Figure 7, respectively. \

Table 1. PSNR of a brain phantom image, afier
enhanced with gencric nnd proposed
NAS-RIF methods

Enhaonced Method PSNR (dB)

Generic 25292
Proposed 25449
Peak?
=110l
PSNR =10log VSE
MSE = ot Y If H6l?
ey ) N : A R
WxH Figure 7( Visual comparisons of original, adulicrated

and generic and proposed NAS-RIF cnhanced images
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Although quuntitatively and viswally, there was only slight improvement in PSNR over the generic
NAS-RIF, the proposed method was equilly if not better imaume to additive noise. To elucidute hat the
proposed enhanced NAS-RIF could equially well upplied o other images, the anisotrapic strength and
convergence were compared against (He biseline one. The experiments were performed on README, Brain
Phantom and Real Abdominal CT images. It is evident from the Figure 8 that the propaesed method consistently
outperformed (he baseline one in all pl

README Image Real Abdominal CT Image

PR ITE RSN T TRTS TS ER (S A IE 108 1372782900 A 14 40T AN T 9220
lteranany ratont

Brain Phantom imoge - README Imags

[
1357 0 DN IENIENRI BN
lleraron Brain Phantom  Abdeminal CT Image

Figure 8. Comparison of anisotropic strengths of README (top-left), brain phantom (botom-lefl) and renl
abdominal CT (top-right) images between the proposed (solid-line) and baselive (dash-line) NAS-RIF
iimplementations and pictorial annofation of cach cxperiment is shown in bottom right

4. CONCLUSION

Blind imuge deconvolution is w illsposed problem that was designed fo resiore the rg imuge,
undergone degradation by an unknown PSF and possibly by randam noise. V rigtionnl BN elevates thiy
problem by iteratively estimate the PSF (or ils fitvarsed) subject o sqine pre-defined criterin. NAS-RIF is
another well secepted variation BID thit impused nam-negativity anid supports consteainis aver a gequence ol
restored imoge, during the optimization, Nonetheless, it is prome 1o noise and had Tow convergence rate. Muny
attempts had been made i the femiire to adieess these issus, by suggesting various FIR rogularization
sehermes, seleetively Gltering the projected image. or ogeurately defining the ebject support, ¢le.

This paper put emiphasis on quality ol the shape and objeet definition and thus proposing a atrug i
adaptive melrie, de. anisotiopie stength. s ad e ral aghinst noise and imuitively
reprosenting Eharmeteristics o) local oricntation pattern, Unlike other recent wirds, this paper did pot mgment
anisolvopic swength dinto an tleeady complicate NAS-RIF cost funetion; ar else it would have cansed minima
trps and ereatid anotlier unnecessiry expression o be weigh | gl halunced. On the contrary, it was used
simyply 10 adjust the step size in each kernehupdate. The benelits were two linlds; it sccelerated ponvergemee as
objeet boundarics beeame more propgunsed and strugtural appearaice. It conalsely represented the structural
appenrance of indedying ahieet nnd ths lesso the need of precise initiul suppar.

The experimental sesilts repanted herein confirmed visully and pumerically it the propased NAS-
I fad much highee convergence mte, aftered testoration of holler quality, and was counlly imimune o
synthetic moise, It wits therefore helieved that the propased method could offef new divection towari
improving M perfomumee of the widely adopled NAS-RIF, especinlly inthe liclds of nedical imuging,
coimputer aided diagnosis (CAD), and digital enatomy.
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