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ABSTRACT

Saliency detection is a process to find a significant region on the images,
which is popular in the image processing area. It has been extended and used in
many applications in computer vision systems. Many researches have attempted to
propose an effective model to detect the saliency area which is corresponding to
human perception. Therefore, this research focuses on improving the saliency
detection process by proposing the improved adaptive spectrum scale-space. The
main contributions of the proposed method include (i) scale-and-space Gaussian
filtter and (ii) the new method for saliency map selection based on local entropy.
Firstly, the Gaussian filter is used to suppress the non-saliency amplitude spectrum
to extract the saliency map. Then, the best saliency map is selected from the results
of the RGB and Lab color images by using the local entropy criteria. Then, the
experimental results of the AUC overall performance of the proposed method are
higher than that of the HFT, Itti, SAL, SR, Itti, and SUN methods, respectively. The
saliency maps of the proposed method are closely corresponding to the ground

truth labeled by humans.
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= ! A o =2 [ 3 U & aak LY a c{'
1NNNATIUN N’J"UEJ"NLa\‘iL‘ViuLL‘L!’J‘VI’]\‘1114?1'1iﬂiUﬂﬁqﬂsﬂumﬂ‘U’Jﬁiuﬂ’ﬁmﬁ’l VIVUILIUN

Y

11aular NN IBTUSEANSANUINTIVY VULLIRAYDINITIHATIEILUUTEAUUULAUUAILD

PRERINTLNAd QLT UMAIBTEAULUUU T UMY



1.2 AINNIBVBINTANEN
1. Wiefnw3insnsrvsuuinadiviaulavesnim
2. WlpUfulssuasiaunszuiumInsduuinaihalavesnwlvdussdvsam
3, iiolUSouisuUsEansnmenanssUIun1sATI T UL nafiutaulavesnng

WAILTUNUITN95299uUS UTUNaulavean nAUITIY town 3515984 Itt, HFT, SR kag

SUN

1.3 YaULYAYINUIY
1.3.1 voulwadaya

f%ulivinin933e Tnelddeyaswioludl

anluiduamils Sruau 235 5U 9u1A 640 X 480 iniwa MNYAteya
%8 Salmap (. Li, Levine, An, Xu, & He, 2013) Usznaufie 6 Uszinn feid

1) snudnafivnaulafivualng (Large salient region) $1u3u 50 U

2) awusadidiauladauinuiunans (Intermediate salient regions)
J1u7u 80 §U

3) swustadihaulaiauiaidn (Small salient regions) §1uu 60 U

2) nwitfdssunauluguuuuiianiu (Repeating distractors) $1uu 15 3U

5) nmiuvdaiienududou (Cluttered backgrounds) #1uau 15 54

6) Mmusnaiiviaulaivisuadnwazunalna) (Both large and small

salient regions) 31uu 15 U

1.3.2 98U UnIeUU

[y} a A aAaaa & a o v v 6 @ a
m’mﬁmmLamwmmﬂ,ﬂugﬂmwaammmﬂum‘wuﬂ Lwaiﬁl@maawmﬂumwmam

LRNLUIUNUEULD

1.4 Uselgaiifianainazlasy

1. fsunnadiieafuisesnisnsaduuinaiiaulavesnm

2. Idnszuaunsdmsunsnasuvesuinadiviaulavesnin

3. AnwANuLNA199sIsN 1SR TIT U naiuaulavesn il lawaunfuisnng
asraduusnafivianlavesninuuudy 9 1dun 3301598 Itti, HFT, SR wag SUN 5318
UszansmnvasisnsnsiatuuinadfithadlafiiaunivssdnsnndlewSeudisuiuisnig

75193V Us UNUaUlave1NAsaU Tnelddsinussansn nmieml AUC



1.5 fgnudniitame
Spatial Domain (Iaugumie) w3e Time Domain (awuian) Ao tawuiinmas
gruoaduteyalusvuiu 2 38 Fsamnsaunuamdne (x, y) e x waz y Ao szozmaly
wunusuazunuuoulaeTangafiin waragldszermilunstmuadiums
Frequency Domain (Iauanud) fe Tawudifinisdnisosteyaiduanud laeld
nsuasyiFes (Fourier Transform) Gaazvinnisuenesissnauvesdnanmitosruszney

#ugu loun e (Phase) uag awuansy (Spectrum)
1.6 WHUNITANUUIY

A113519 1 WAUNIIALHUNTY

S o N A\ B o N Y o NI o N AN o N AR o N I o N I o N Y NI <o WN o 0 BRI

o a O OV Y WV WV WV WV OV WV VvV vV Vv Vv ©
LAUATILUUITU £E € ® €& » € € »VW € W & € E &
C 18 % ¥ R € © €C & E VOB R C 12

1. AneUssANURINITRTIATU

Usnauhaula

2. ANYINALANITNIIFIU

Usnauhaula

2. 99NLUULALHAIUINS

) a a a
A5293UUS nuRUaulawuu
I NSOUNAABULALIN

Yseansnimuu MATLAB

4. 99NUULALWAIUINIST

) a a PN
A5293UUS R Uaulawuud
2NSBUNAADULALTA

Ys2ansn nun MATLAB

5. ayUnaulazinviguiau




UNil 2
LlNETsHaZIUITEINYITDY
luunilagnanifanguiuasnuidenineives Inenguiugiueig q Aundssend
lumsideUszneumetilonassioluil
2.1 wuud1a99a (Color Model)
2.2 maudaslawesmounindiiius (Hypercomplex Fourier Transform)
2.3 M3sns1duusuniaulavesnn (Saliency Detection)
2.4 NM5n5897N (Image Filtering)

2.5 11388

2.1 wWUU1aa9d (Color Model)
° a A =y a A ad ] A Y = oA
WUUI1809d Ao ULUUNSHandmewmATianseian1sae o ielilaungednlalunis
A -'-ﬂl a 6 a o 24’ v o a v 1 Q’i’
WERIDDNNINIDNINNTBLATBINUN Ineluuddetlaldwuuinassdsenalul
2.1.1 RGB
a I a & a o ' ' Y ace
55UUA RGB  v1UUS$UUAYD IAITIANINNNTIN LAV LA ULV AIUSTL

a aaa o = = a & Y _ oa A =
ALLAALLOVUANLIBNIN 739 (Spectrum) %ﬂLLEJﬂa@’]ﬂJV]a']EJW'uJ@QLV]uvLW 7@ AD LAY LR LUa DY

} %4
q

=

a S a I ) i o aaa A A & Y
LUYTI UNNU ATTIH UN "?NLﬂuwaﬂﬂqu@glugﬂaﬂ@ﬂiﬂﬁmllslnﬂﬂau‘mﬁ']EJGHﬁ’]ﬂJ'ﬁﬂN@\‘]LWUVLﬂ V5N

I A

a ~ P aa a | a a ' o
duaedianudefugaian aduwasiaudganduasdiiuiendi dansibilatan (Ultra
Violet) hazAduLAIFLAITANUDATUAITEA AGULAINAINTIILAIERALTENTT BUNTITA
(Infrared) AAuLAINIANAZINIFUI waginMFLAIY a1eavewyedliansasula
A e Y a Y a a P =~ a8 a a a
wazilofnwguaduasdnimuaiinnuasd 3 & Ao duns (Red) dudu (Blue) wazigy?
(Green) ¥4 3 Anotdukidvoswas wWisthutaesiuasyliiedlvg 9n 3 8 Ao AwAaun
¥ = = & U ¥ = gj U v =
WU A lwwaukasEnand AakandlunIn 3 ward1a18waIANIUAsINAUAL ALAIEYD
wa & v o % x> v & YR
nAuautRveuastisliduldusglevinaly loud lunisarenmeuns nsduiinan
Ao MNINTIEY N15AS19NINNENITUNLEUNIDABUNILADT LAZNITIALEAIE LUNITHEAS

Wusu



AN 3 WUUINAD98 RGB

2.1.2 Lab
S¥UUALUU Lab ﬁaﬁwuﬁ‘ﬁhjaﬂqﬂﬂiﬁ (Device Independent Color) Ju

dnuilsszuvdndeuduuinlunsihunldinaduazldiusgrsunsvatglurate o 9 lag

ddlo.l [

. ad e Ao 5 . < o <
NUEFULYUUTZLONNTELNaEULEND (Uniform) LagtUussUUaNaunuUsAuNISUDLAUYDY

a @

wywdldvudugunsalla q nandke Wedamdlaiiiunas gunsalnng 9 zuansdniu
wilouiuluannzuindeuegnafeniu 1wy nass aunuues 990 ta3esiiun Ludu
a01Uu Commission Internationale de I’Eclairage (CIE) Walu1szuud CIE

Lab Tud a.a. 1976 uansianin 4 wazlavinsldmiaalunisunumdans q Al

® | (Lightness) [inunAinnuainaiazanuila 61 L Zauiidu 0 agilandulnud

77 waz L fAuvidu 100 aziandulnuden

a

® 2 (Red - Green) lmnuaA nudiasuazlnudiden 81 a Ja1uinnin 0 azdiandu

a1

INUALAY hay a JANtesnin 0 azdlandulnudiden

® b (Blue - Yellow) lgimuaeinudindukaslnudngsd a1 b JaAu1nnin 0 agdien

Wulnudmdes wag b datesndt 0 azdiandulnuduidu

La

AN 4 LUUIIAD9E Lab

U7 (WUINYI1BFASUASUNT IS, 2558)



svuuAlilBerugunsal (Device Independent Color) A szuvafisiAdliuasuilas
pgUnIaiflFu 1y seUUE CIELab spuUd AELch Wudu Advesssuuiivssananaan
foyaaunasuvosuas fduiaiadluldduninsgiuresssuunisdanisd (Color
Management) Lilel##oasadsyvinegunsaling q #89gunsal (Device Dependent Color)

ey ﬁiﬂﬁaﬁuqﬂmaﬂ (Device Independent Color)

2.1.3 AMNs2AUAL (Grayscale Image)

Amseaudm (Wedidie, 2010) WWuamfernudunaswesinwaiiiandod

Y
o =<

Tugedan-wn-013 menudusasvewiavinigalidtegseving 0 (Fdn) fa 255 (@v12) Tu

a 6

A15UTEUIRNANINTEAUELNN ﬂ'wmmLG?J’;JLLawaamwwgﬂLﬁu’l,ummﬂsd 2 96 UINNU

o
Y 1

ANUALIBEATRINN kananann 5 usieg1avasnnsRuiiminseuissineg1eAnAnLLTL

wasvsiniwan1glunIn

200 | 198 | 159 | 160 | 140

195|198 | 182 | 154 | 169

180 | 187 | 132 | 145 | 120

170 | 195|189 | 170 | 80

114|108 | 54 |60 |96

v o
AN 5 ANNIZAUALNN
v o2& a Py v v = a PRy 3 a
AN 5 HAAILIAUINT USLIUNLANULTULAILDEUIBUSIUNTLAIIU 919
LU USEIMUMIASITOURDTENINVUINLAZLEUNY ANAIULTL AU IMUUILIAUDY VLN
PINANAIILLYULEIVDIUSIUTUNINUIBUS IUUUTAIUATN AR AU IEIL UL

AUIN



2.1.4 nrsulasnndannuuudnased RGB Tuilunnszdudinn (Gray Scale)
ANIEAUAN LT UNNABEAIAIAUT UV ILASTTULARZANYAVDININ T4
ANTTAUFITAT 0 - 255 (0 ABERAN 255 ABAVND) AIWEAIIIAN 6 LagLkdnININA8819lu

AsuUasnmAINwUUTIa09d RGB TUunnsesudng

255 0

2N 6 NSlaAdvasnInsEAuEMa

U o = Y i i o ! A a
amsgavdinaziimslasgiuanugeunnvesd Feegsenited@uniuazdedng
sottla InefiAusazinigaresn nagnanefian L iuLasidagi L riesineanoglugy
sEAUdN N15dsunmaInszuudnnsad (RGB) WWusyauding (Gray Scale) lngonde

Aunnsn 1

Iy(x,y) = 0.3R(x,y) + 0.59G(x, y) + 0.11B(x, y) (1)

[y

9 ANTEAUANT &l Nnlwasumils (x, y)

o))

e Iy(x,y)

R(x,y) Ao AELAY B nwwasmuula (x, y)
G(x,y) Ao ALYt WNLEarwIUe (x, y)
B(x,y) Ao ANAURY o Rnwsasinuils (x, y)

2.1.5 n1sulasnnszaudio (Gray Level) lUilunwluuns Binary Image)
a A Ao P VW = a A A o
AWluuIs AnnAiA1ANULULALINAU 0 150 1 1ae9 0 AedAN way 1
A a ° A ! =~ ' P P’ Y
Apdv WWEMAUAAITNLUS (Threshold) WD ke NAIAIMLUNWEIYDINNLYA bUNINTEAUFNN
Ingfinwaniiunnniadauiasgnuiuiu 1 wasiinanivesnitAdauwusazgnusuidu o
WAZAIAMUNLAIUSEINNaLAaE AnwavaIn nluuiSinsdaAulasldruleaI1Len

F1uu 1 90 lnenisudasnnseauamidunwluunsenfoaunisn 2
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1ifl,(x,y) =T
Iy, (x,y) = { f1y( )’)' (2)
0 otherwise
do  Ly(x,y) e awluus
I;(x,y) AD NNTEAVAN &l Funls (x,y)

frogrenmimuizanlunisdaiuninnuuluuis lewn aanatediaile awane
FONWINILUUNNURT UL VS DL UUA8LDIWEY kA NMINAIELUULALEIRYaIEINDas9 Wudu
[y} I3 a

AakandlunIn 7 wanssioguninluwn Adaiuiinearesingusefiniganistaulasnie 0

e 1

a2 7 awluuns

2.2. ﬂ'ﬁLL‘Llasi‘lm‘lJa%ﬂasJLW?iﬂsz?wuL%EJi‘ (Hypercomplex Fourier Transform)

221 miLL‘lJaijEl% (Fourier Transform)

=) A o [ a o

Ao LATRNladIMTUNISUSTLIaNaN NAIneaNd A Tagnly

Y

a s

nsuUasises
Tunswdastayannlawuiavselamuiuniandilamunnu Falsesasyimiilunis
wastayalaenszatedeyassnduanudianeiu waswendyyiadiiuesdusenounes

d{' a1 A o X [J o ] Y
AFUATIIUOAN € mﬂizﬂamuﬁuummua@mmuu € paandlunin 8

o

n1sulasifesavinisadanuanyuzamainyusgid rRGB Idunin

'
1 a

v ° o i a s
sEaudnT Aeunazinisulasnnludelawuaiud wasyisesezuanduivesvuin

1%
LYY =

(Magnitude) #3oaLUnnsu (Spectrum) UULAMUAIINE AU JANWITOLAAILAZIATIZS

anesulguulamuanud (Ineddia, 2010)
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A 8 namvasayalulamuawalauaud

Tunw 8 wansnsmdyaralulawmnaiwaslnmunnud Inonsmdyain
Tulnwunadlefinsansvwuinswdanulidusedeu srndenmsussuiana Suhlvnng
Aergrdyyralulamunayilien wiileulasdyausnaveglulawunime
n1suUaINises nnsazdiulddygasenanlseneuseniuanuindnaiuniy

Aaa ' (% o 4 a 6 (% dgj Y1 a
AIMUANUYUINLLHANRNIINU ‘1/1'11‘1/1?1'1&1Wiﬂ?LﬁiW%ﬂLLﬁSﬁ‘Ui%N’JaNﬁﬁiy}iy}’]muvl)@\i']EJIUI@L&IL!@'J’W&IQ

2.2.2 mmﬂaalmﬂa%ﬂauL‘wﬁnsﬁvj@a% (Hypercomplex Fourier Transform)

Jumsudasdeyaluddlawmumnudwudeduiulites wiyisessudeyals

\Wealfde Ao nmsgavdmi Waunsasudeyaiidu 3 17 wuunmuigll RGB 14 lawles
I3 a ¢ ° Y] Y A oAy )

AoumANSESIsINAMENvaEvas N laud & Nldatnnisadnesnanguamun ulaslduu
Iwuaud nslunuideliagyiinisannainUsgid RGB uag Lab #1udsn1s HFT (. Li et
al,, 2013) WanUasnanvaevesdluddauuanutuaziiluyimaimsgilutuneusely
Ingnadusilannnisudaslaasnaumandyiseuandianin 9 awnsautaslaivasnay

wdndySeslalaeandeaunsn 3 - 7

Fn = HFT (fn) (3)
deo  F fo wnindlawesneundndunlamuninud
HFT fo lawesmoundnyisesnsunesy
fn fio deyaiteguulamusiums
fn =(00.5x%x1)+(0.25 X RG) + (0.25 x BY) (4)

[y

d' = =
LB I AD ATNITAUALNN
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RG A9 AULANANTZNINALASLATELTY?
BY A9 ANULANANTZIINAUIRULAZALE DY
A(w,v) = ||Fp(w,v)]| (5)
W A(u,v) Ao YuInvestalauUlawuALd
Il Aa mandumsdmsunmsmaunvesavsndlaesaoumnand
Fh (u!v) (6)
P(u,v) =tan™? (v—
Fps(u,v)
We  P(u,v) Ao SrerANIDURITRYA
Fp,(u,v) Ao diunnwesiumindlaesremmanduulaiuuaiud
Fs(u,v) Ao dudnudinauvsndlowosnoumwanduulamunnud
Fp,,(u, v) 7
X(uv) = o2 7
|| Fr (u, v)||
Weo X(u,v) A miswmesiiouwnsng

(n) (@) (m)

a ¢

a9 wadwsannisudadlaiasrauwindyises

NN 9 wandmaansveInTsuUaslaesremmandyiies lnunim 9 (n)
= = 1% = o - I3
flo nszezANDvestaya A1 9 (1) A MmvwInvedaya Lazn1m 9 () Fie AlBLaT

Weuun3ng (Quaternion matrix)

2.3 N15M329UUIUNUNaUlavesn v (Saliency Detection)
nsnsduuiuniiauls WunsusraananinifiieAunidiuaig q Tuamad

L oA A & a A s aa LY a a
aﬂ‘b‘m%Lﬂ‘u‘ﬂﬁj@l‘ﬂLU‘LJU?L’JMVI@Q@@&']EJG]']&IEUEJ 1n835N19M5299UUSaUIEula 9N N
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aunsonvseantaluasingu laun d198sunaaudivulauusumniuasd198mu

AneSuuulaLUAINLD

2.3.1 3199auAMANURAULLAMUAILLY

Tnuusumisidelawunandulasmiinuosfunnludnuazundganis
pynduvinaihalavesnmlngiznssrsdmmnuantivulamuiumisdomnsamg
fAowmih (Prior knowledge) #3enaniladndeansynnwinaeay (Judd, Ehinger, Durand, &
Torralba, 2009) kaz3aN159198suAnauTRvulauuiurtiesedonsauInlagly
qmamﬁ’aﬁugmmmmw (Low level feature) D17ty & angiufia 3o yalunm 1o
#5299V uagdauUsdniiduinguievinaiiaulafigeluniw (ti et al, 1998) n13
prnfusdnuihamlavesnwlagiBnsisniserBemuanatRuulaundumis mnlld
nsltrnusieuntdmioynamilinasy enavivlinadwsalsndeninus nafvaulafiléd

AuRanaakagliauysaila

2.3.2 $r99amuaunasuvulamuuaud
IatuAudazlIznounIudg 1aiine1esiuaud tnelaiuuniud ezl
L2 a ¥ d‘ Q{I 1 =% v o 1 Q‘I
sUkUUNsIAEstayanuANd Laruulauaunag Usuandsteyauulamusmumyed
donndouazingIIiuAud al ity nsudasdayadnialusmuniandalaiuy
a Y A A A o Y o ] S ¢ o= a s o
AanudazldinTesionsamulatdayanisonii n1suUaslises Gan1swdasisesaeyinnig
¥ < A ' v a [ [
nszanedoyanimesniduanudiuandeiuly Inglawuanudamisauvadunuanumue
v ve &
Yo3ANUDlARaL
2.3.2.1 ARUAAD
v v a v oA
Joyanmusznaumenud awnsasentmiu 2 nau fe
a o - a v ' a
AR (Low Frequency) fie uSiufitayaliiinsildouudas
loun Unamduleduulausiiumia
AIUDEa (High Frequency) Ais UShiaideyaiinisiufiguudasun
Lo W@uveu anatgwar uTsuulaumuus dewandlunin 10 wansdeiunuaves
ANUDRazANAIDgRlanmgnuUaIRINIaUm U dlaluaud a1na g

< I a a a0 Y] a a ! v d' a
LWUI@'J'] ﬂ'ﬂllﬂﬂ%gﬂ G]Lﬁ8\7ﬂ']ﬂﬂ':ﬂllﬂWWIUENV‘TJ']@JQ%QW?@ﬂa']'ﬂ@?'?ﬂ'mllﬁﬂggﬂ ALIYIANN

nenansvesnmlugeaunn
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-4
AU

/

-
ANUOA

Fourier Transform e

Taudtunis (Spatial Domain) %30

o 2
Toiisid (Hne Domein) Tawunud (Frequency Domain)

AN 10 AIARUIVDIAIND

2.3.2.2 andlunsia

pnudlunisiindes fie lingUuuuvestoyatugdudwuliey

Qe

< o

Audlun1sfaun fie iingUkuUvestayatuguludwIuINmIe

Qe

nanlddningukuugen (Repeated patterns) Yesdayann
Bnslunduuvuaedaunesuvulauulamuanudldendeanud
! v oA P a aal Y a wa a aa ]
nouninsegnn nHnasumilowisnislungudnedanuantivulamunud lnedsnisngy
Y a wa P Y] Iy a A Y] a ~
91denuaudivulaumiunareduaUnasuuulamuaudelglun15n g uus
Unaulavesnin (Hou et al., 2007) stwgﬂm‘wﬁﬂﬂLGé’J’ﬂmﬂizmawa%LLﬂqaaﬂLfJuaaadau
1Y = 1 a A a g go’ = ] A a a1 .
wan 9 Ae dwusnaniaguwuudrgmseduiiluusnanliiauls (Non-saliency) uaz
] A a a a A a g g o [l a o 1 1
dwnduuiuuniaula snaiiesusuugglulawusiuntsinuniseguulai
A o g v o a ! Vi 0o Y a .
Aud Feianasulinugs vseerananladviliinueauvay (Spike) vulatuy

P
AU

2.4 N13n39907N (Image Filtering)
= ° | o ) = 1% v g
N3nNFeen M fie nsiinwluiuinsesdyaaniiailinmradnsoanu
AMHAENETIlFEnaEuUALANANIINAINETUAY TIQUIEaIAanYeINITNTolayanInee
134U (Enhance) n3oannau (Attenuate) AnautAvIUsEn1sveIn I welilan nnd
wva lﬂl 4 U 1 b a ! lﬂnl
AaNURMUTIARINTST Inefog1sveiinTonwialull
2.4.1 #n509AUDA1 (Low-pass filter) udinsesnnlagliusiiand
a0 ' v & a A a' 1 N Yo w
Anudasnsarululivinty wasusnanianudgasgnnsediananudas Tdmsuns

[y

andeygausuniulunn vilisgaziBeman o e q melunmndaninnisnsesgnida

[ Ag7)
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ponll veuveringmelunmaziinnunsidliaudamnby Jsaunsalddinseswliniivinla

ANSEU (Smoothing filter) Wianmiuasla Aslanslunn 11

AINTD
AUDAN

AN 11 HAANSIUBATNWHIUAINTDIAUAA

2.4.2 §N38IANNDGY (High-pass filter) LHumnsosninlagliusianidl
Audgausan v Fagvilianieanueudauinty wazanansatlylddy

A0 VBUNN hsaveUNNle AuanslunIw 12

AIN599

AUDE

N 12 HAAWSLIBATWHIUAINTBIAUDES

Ao Ao

2.4.3 fiansasdygyranndifeu (Gaussian filter) Wufnsesnudsinfd

ANz UNTIna1esEden I daandlunin 13 Wenmeuiminseswiadanilaazns1i
wagianuandatovas awrsalddmsvandyarasuniu (Noise) Melunnls lngoide
AUNTIIAINTIA Y YI10N AL T UN 8

- e_(uZ;;JZ) ®

G(u,v,0) =

2102

Weo  G(w,v,0) A MNTesdygIandilday
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(u,v) A AUNARIITUTUNITNTDIVUAIN

g

%1073

25

Ao dndesuuanggiu

AN 13 AINTDIFYYIUNAREULUY 2 3

2.4.4 fiagliun1suuuaaulagdu (Convolution Operation Filtering)

I v o a

Ao M wdunsdadudmsulssnanadygiu Fadunszuiunsnssenim lnenisiaden

Youfinka (Pixel) Wagnszvinn1snsaswnfineanivianin dsanslunin 14 Fanisaeulgiu

U d‘
DIFAYFUNITN 9

o h(x,y)
f(x,y)
g(x,y)

h(x,y) = f(x,y) xg(x,y) (9)

Ao MNHATNEIINNIADULIGT
Aa andudn
Ao WNSNEUWIA N X N

Ao driunisreulgiu

AN 14 wEAIN1TInuYasAaulgty
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A 14 wanan1siauvesnisaeulgdu Ingdunsuvesnisaeuligdu
Usznausmignisiiow uin wazam Tunn 9 Anlwaresnin isransaldniseeuligdulunis
Usznanannlalunaiganunie 1y nToedy 1AM NTUIVBUAIN U3BNTMIFUNTIVEN

Foghunm JJusiu

2.5 yAdeiinetas

itti wazaas Tiiaueiinseduuinamhalavesnimmumdnniséisd snaauli
vulawudunwaglivdnnisvesenuaulalunisuesiiuuaznszuiunistunisueaiuves
uywe (it et al, 1998) Fn1stiazduuuinuiiialavesnmlaonissuunamoonidy
awdudisheiu fie & Anuidivoauas uagiianie (Orientation) dedazUszneusng 2 ¢
Fun Aunsuar@ifes Ahdunesdindes muiduresuassenaudenmszduiin uas
ﬁﬂmwizﬂauéf’mmiﬁmumﬁmmqL%qﬁuﬁimﬁ’wm 0, 45, 90 kA 135 89A1 kazlavinnig
wsanaganifiu 9 auna defnsesnuadiuiunisduiogmdainduiinisaian,
AMAN VAL YDININAIBNITAAITAUNTOU 9 9ANINATN (Center-Surround) YBIELNA N5
IRRERPRIG ﬁ;@?’ﬁﬂmwaamﬂaﬁu%ﬂuﬁ’;ﬁmummmLmﬂGmiwdwamaﬁmmmﬁ'ﬂﬂ
Uszananaselunszuaunssoluuavainailiaunsaluuszananaseld 9innsdidunis
wianilaeriliian 42 aadnuae Iiun anuduvesas 6 audnuae 3 12 audnus ua
Mn19 24 Auanwy mﬂﬁ?uﬁ]z‘vﬁmsi’m@mﬁﬂwmzﬁ'ﬂam@mé’wmzLsﬁw@w’wﬁuuazaﬁ’m
ponindsazsilviAnnnifigaiutaauisonanlfinihliAnnmiduuinuiials

Zhang Wagaalg (Zhang et al,, 2008) lautaue3snis A Bayesian framework for
saliency using natural statistics: SUN Tnefmuslinisnsaasuusiadiviaulavesnimen
wann158198aauTRvulaumuniadun1sTmiuresauefUsznau aarUsznauLsn
Judeyavesnmingyinisfiansanandnuusimesesnmuaniiudummiidui
Tauaudemnzioindudulsznevvesuinaiiauls ssduszneviiaouduyadoyaves
Audnuadaudy ssAUszneuiiamUsznoumeyadeyavesniuiazduiiiisadeady
Munisvesdnunziaulunm nienanldiesduszneuiiaesazarnazlddoyayanin
Hnaou LLazU%nmﬁmaﬂwmmwazgﬂﬁwmm‘lma"lsﬁmmLmﬂﬁhwaqé”msaﬂé’zyapmlmﬁ
{dou (Difference of Gaussians: DOG) $aifutisauesdUsEnou

Hou wazansz (Hou & Zhane, 2007) leinaueddmsanasuadudivdenumdnnis
$adsaunasuvulammuanud 33 Hou wazanizldosuiehgunmitidnnuszinanaas

1 [ 1 [ I~ ! a A a 5 3 A ] =
wuseantlugesdiunan q Ao @uusunaguLuuge (Repeated patterns) #30&ud
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Wuuinadiliviauls (Non-saliency) wagdnwiduuinadiiiauls lnsusnafifnguuuy
Gz}éwsz}gﬂuimLuwﬁLmu'wzﬁﬁi"]meag'uuimuumm?i Jufnnsazauvsaldnasuvinli
awnnsuianmgamiesendnagisiniiliian Spike Tulauuaiud Hou uazauzli
LLmﬁmﬁiﬂﬂﬁzqﬂm‘Tﬁ’fi’mﬁumimn%’w%nmﬁmaﬂasuaqmem‘Li’fﬁmmaé’zymmmé
Foulunmsusznaadnaiuresunadfiiaguuuutid 363803 fe ulasteyaainlau
G‘hmelﬂaguuiﬂLuuﬂawuﬁimﬂﬁﬂ%qa‘]aLLUaa%’ayjaz\]ﬁa% ntuthnnlumAnaases
anaiumeiinsosdyandigeu mﬂﬁ?uﬁﬂmwé’uaﬁ’uﬁLLUmLfJué’igzgmmmﬁauﬁ’u
amimanedsvesanasy tnsazlanadnsidudiuiimdevesaunndy Weouwlasdwiinde
yosaUnasunduilawusudazlduasnsifunmilanaanizuinadiiiauls

Jain wazmy (. Li et al,, 2013) ladauanisinsigaUnasuratesauuulau
AuAMUnannITeBsaUnasuuLlaLuANE lngldnisuvasliseslaasnamming
(HFT) $rudhenszuiumsadadnuasvesdoonanamitelilduaswesd liud R-G B-Y
wae | Tneg R fe Auns G Aie A1T87 B Ao 8v1du Y Ao Awides was | Ao ANuivosuaImSe

ANTTAVAIN IneFuaun1sn 10 - 12

]_T+g+b (10)
3
dle 1 A NINSTAUFIN
r AD ANUAWAIVDILUUINADIE RGB
g A9 @UATYIVDILUUINADIE RGB
b AP AUANINUYDILUUIIaDIE RGB
RG (g + b) (r + b) (11)
=|lr—-(—— — —
2 g 2
dle  RG AD ANULANANNTENINNFLAILALELYEN
r+ +r |r — g 12
- (- () (E)-(52)
2 2 2
dle  BY A9 ANULANANNTENINNFUNRULAL AR DY

° ) aa o ° 1% ° | Y]
LLazmﬂmaﬂwm%ma%aﬂﬂaaﬂml‘d‘m ﬂWSLLUaQGU@gamﬂI@ LﬂJu@nLLViu@l‘U EJ\TI@ LU

audlegldnisulasleslawesreuminduagldnuanifvesanasuilaainnisulas
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[ a

Audnwzeed laevnsseiunsenarivanasuinduguuunan q dedinsesdyyin

q

[y [y ]

MddE 8 sEau Wawlasanasuingnnses 8 seau nauinddawudumnisazldinasiou

InsUnseinuaiinanudsduiuvesteyanmaiiaangaiioanalvlaniniwandaniy

9

Ushaiiaula widisihisnsiunldnuiuteyannididesuniulugduuungiiuiazaind

U A a P

finundsdudou wuilinaansidunmnusnunuiaulandnundmseuinadulsduegme

Tunn wanesanIn 15

"

(n) MY @) ANNATNS

AN 15 A28819HNAANSNITATIIVUSHIUNUNEUTRINEATN5VRY Jain

AN 15 LAMIDHATNEUDINITRTIITULTMNUNEWTavIn mlaedBn15v09 Jain
AW (1) AD ANLRABLAZATN (T) A NNNASNSUDIIBNTH IBNIITUINTWHATNGIZN U
! v 6 ada le’o.l t:ldzl’ v A a A (Y a a
THATNEYeIsNsUddiNunawIaUSIMduUrUuegfuushnamhaulavesnw

Jaemsiri wazAne (Jaemsiri et al, 2019) latauanisnsiasuusiafnuaulaves
AMuAUnaNN1soBsaUnasuvulauAud InglawauikasUsuleu1anianis HFT
994 (J. Li et al,, 2013) TudiuweInszuiun1snsasdiunasy 3991inn1nsaadunasunien?
NS IUNIATIURANYTEAULUUUSUIALNE F9FnTosdgIalndfounalsssauLuy
Uumunglafiuuifnuia1ndinse9gananattwuuusumuig (Adaptive Median filter)
(Chan, Chung-Wa, & Nikolova, 2005) Tnefin3aeganinalsiuulsumnziduiinsemi
ananauneandnsSnavesdyanasuniulunin lngendenisiienAinaisvesdeyansednd
a a & = .. va a al v A a v % a
WNNUTINUY 9 B9 Jaemsir wazaulaluufnid awnasuniinguuuuggilunind
AnuAdeadeiuiudyyIusuniu Tuasnstidaladidinsesgananaisuuysuimansan
Uszgndldsauiuinsesdygiasndideu iievimsseiugdiuuiiinggvesaunasumse

a d' I dy [
UM UUNUAEITDIFUN N



20

Xiang wazAni (Xiang & Zhong, 2015) Mévhnsaswduusnadiinaulavesniney
vénnsersdsarunasuuulamuanud lnonsUigid Lab uas U3gia RGB wnldsamiu
15 HFT wes U. L et al, 2013) fivhnsnsesaandusonddeunanssesiu tneg Xiang
wazay WWehuinaiiduiaquiuanssausingiuluiuiiduddu 4 1§ uonanuighd Ree
i U3QRE HSV wazd3gdl Lab WJusiu

UAFgves Xiang leUSQNE Lab uldfuiEnseseduusnaiiiiaulavesnn
M1z Xiang lemmasuazAunuUInadiiidnvazisunieunaihaulavesnmludigla

Lab fauanslunn 16 laeniswuasandeaunisi 13

fOoy) = wifii + wafo) + wafsk (13)
We fi=Lf,=af3=hb Ao AN YNEURIE
Wy ... W3 Ao AvinvoIRMEN v Yed L vinwiniu
VU
i,j, k Ao WanguIumnin
Input Image RGB Lab
Saliency Map Saliency Map

MW 16 wadgwsvanwUsamihaulavanmiuandluusid RGB uas Lab

a aaa

A 16 wansbidiudausnandudnvuziiuainisausingladaaululigian
e denmasdanaladn amiideusingudaluliglid RGB uaznmuauelausing

wiudaluUsld Lab



unn 3
A5AIUIUIY

Tumsifiunsieidenisuuusmsinseinuusssvuulamunudsesi
AssaMEdsunanesEiuLUUUSUMLNEd S UNsaTaduUSnaiviaulavesnm Wievhns
Wanisnsnsaseduuinaiviadlavesnin Tneissasdeniamidunside fai

3.1 MIESEUToYaN N

3.2 11509NUUULATRAILINIINTIIT VLT TIuaulavesmwwuud 1 oy
{13 liinswaunu1a1nIenas HET (. L et al,, 2013)

3.3 n139aNLUUNATTAILINTATI9TUUT AU aularesnmLuUf 2

3.4 N15UsE I UUSEANS NNUBINITNTIATUUS LIaUNUAUTAVRIN N

3.1 Manssudayanin
NIWAUINTEUIUNTNTIRTUUIHANaUlavesn ity lunuddeilaliguteys
Salmap (Li et al,, 2013) \Hugudoyauingu negiudeyad nwvianun 235 7w faegn9

YDINTNLARIRININ 17 — 22 FauUaTummanangvia 6 Uszuam

2N 18 nMwuSuniurdulativuiauiunang
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Mu 22 Mmwusaiihaulafiieuuadnuazvunnivg)
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3.2 N139NUUVLATAILINSATIRTUUTaTithauTavasnnuuufl 1
Tunsiauinisenaduuinaiiaulavesniwwuud 1 Ifihnisufudsenan
0135 HFT (. Li et al, 2013) ausi3138n13 HFT 2sUszaunadnialunisnsiaduuinud
taulavesnm uiegnslsfiniy Ussansanmsasnduuinaiviaulavesnmuaznisnses
aLUﬂm%’uﬁﬁua@jﬁ"um'mLmJwamaqﬁaﬂﬁaaﬁiﬁﬁlﬁmmaaﬂ%’uiﬁimaé’miuﬁa AN 23 LA
nszUIUNsuNThuetnsasnduuinaiitiaulavesnmuuudl 1 wieiinisuwuudi 1
ﬁiéf%’umiﬂ%’wqammﬁ%mi HFT Tnenisunuiiaindnsesdaaanniddeuiududy
ﬂimé’igapmméﬁmuﬁﬂ%’uﬁuﬁﬁamaaLLUUﬁmiuﬁaLﬁaﬂsmamﬂm%’uﬁmmzamﬁm%’uLm’

arUINAUlULAIE MNUUTAIUAINUD ATN15MFIIVUSNUNLNEUIYINNLUUN 1 @11150

(% '
=] ]

@onsinsosiitnunzandmsunsaziunveuraznmlagsalulifinuisn1suAtyniainnis
a L3 aa % a q' 1 q' = :’/ (% dy
WATILIN9EDH 11595237V USNUNEUTIVINNLUUN 1§ 4 Tuneu fatl
3.2.1 n’liaﬁ'ﬂﬂmé'nwmz%aﬂmw (Feature Map Extraction) Huduseulunisuen
vIeafnAMAN YA YeININ lngn1sannRuanwMry @115avIINTTaNARMAN YA YRINN
v & a v a = 9 ad 1Y) a a
panulailu & duvau ian1e 41 vse 8 watuIsnisasiaduusnaniiaulavenin
WuUfl 1 AlAWIIN19I38015 HFT (. Li et al, 2013) 98¥1n13581ARAMEN¥UEUININ
sonuJunudnuuzuesU3id RGB lnsazuuseandu 3 wila sedu fie |, RG, uaz BY lay
a a ! o a A a ' SR - a A
71 RG A9 ANULANAIITYWINELALALELTYT BY AD ANNLANAIISEUINEUIIULALE LRG0
uag | Ao AINITAUENINTOAMULTNVDILEAY (Intensity) (Itti et al,, 1998) lnun15ann

Audnvuznielinuanvuzve dvilalngafeaunisi 10 - 12 dwwansluiate 2.5

av o a % -
MBI vluuN 2

3.2.2 miwuawjﬁa%‘lmﬂa‘iﬂamwﬁnsﬁ (Hypercomplex Fourier Transform)
Jutussulumsuasdeyanimainiamuiunuslilieguulamuanud Ineldniediolu
nsulas Ae lawesmeunand e1fuaun1sh 3 — 7 fauansluinde 2.2.2 n1sulaslawes

ﬂammﬁﬂ‘ﬁ‘vﬁlﬁm‘ (Hypercomplex Fourier Transform) Tuun# 2
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3.2.3 nMsnauIaUnasuBang sEAuLUUUS UL (Adaptive Spectrum Scale-
Space) Lﬂu%umauiuﬂﬁﬂiaqal,ﬂﬂm%’maw%mmﬁLﬁmmsﬁw?waﬁaaga 1835199157990
vinaiiaulaveaninuuud 1 uwdafinsesdyasnd@eumaiessiuanandinges
dyrannd@eugisegiusuuyiuimung (Chan et al., 2005) Fadusnsesdifivssansamly
NNSMAAFYYIUTUNIUDBNIINAN {8 ANLLIAAT anasuvesusnaiiianisviend
ANUAaIEAdInUdY g asUnIulunn Tngn simunainasunatessAuLuuUS UL

FINTLUIUNNTYINUY dauanslunin 24

=

Input A (i,))

|

Initialize k, kmax

Compute Sk.med (i,j), Sk,min (i,j),
Sk,max (1.]), Sk.gua (1.])

Sk,med (i,j) = Sk,min (i,j)
or
Sk,med (i,j) == Sk,max (i.j

A(ij)= Sk.gua (i]) k = k+2

No
AG)=X (i)

—Q)

D

AN 24 N3TUIUNITIINNUNNTNTDNEUNASUVRITMSUUUN 1

AN 24 WAAINTZUIUNITYINIUYBINITNTBIAUNASY Inemuualy A As auansy

o A

G, A9 AINTDIFUUIUNIATEU kay A AD @ UNASUNNNTBIAERAINTDIR UMD BU
k Uy ) ey

[

F9A1UN5095U818ASLDIAVDINTLUIUNTVINUlAR T
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1) YuneuBudunsinay (nitialize step) fvunmisudulinsfiaes
k v9sinsesdygranndidou windu 3 aﬂﬂﬁu'ua%fwﬁaﬂwﬁmmmﬂﬂéL%&Ju a8 1Ay
aun1si 8 fuwansluiate 2.4.3 finsesduaannddeu (Gaussian fitter) Tuund 2

2) Tunaun1shunIAIgean fgn wazAsegIuvaaaUnady (Find
maximum, minimum, and median step) ﬁﬂﬂﬂiﬁﬂN’;ﬂJﬁﬂ@ﬂﬁﬂ G‘i’l?jﬂ LLazﬁﬂﬁﬁE@’m%ﬂ

AWNATY P9ANNIST 14 — 16

i — k i+ k
AﬁLb)L—ELE—l SczS-+£L;—2 (14)

Sk max(l,J) = max o ,
dQZk)SbSQZk)

| — k |+ k
AMﬁN—gi—zsaS+93—2 (15)
S min(i,J) = min S5 ¢ .
d02k>SbSo;k>

\ 1]
AOLb)L—ELE—l SczS-+£Lg—2 (16)

G-5K G+5K
dT SbST

Sk mea (i, j) = median
an

Weh S max(@,j) A8 eArasanvesanniu s siuvvs (7, )
Smin(@,J) A8 Aengavesannsy o dunia (7, j)

Skmea(, ) A8 eslsegiuvasanasy au siwnids (i, f)

3) %y’umaumiﬂ%'ud':mﬁaawummgw (Adjusting sigma step)
fsrualsnisfimed k ifudiataay 2 iWemisoguvasanafudavifuagagauazan
ManvesatUnail wazwisiined k dooninmn Kpyqy Tinduluvhdstunou 2) useunis
AumANgaan fga uazAsisagIuvesaUNATY

4) Yunaulunisnsasatunnsy (Suppressing amplitude spectrum

'
1 o

step) Mnualinsesanasullomdsegiuesalnasulivinduaasgaiazaiigaves
awnnsu lngonduaunisi 17
Sk,gua =Gy x A (17)
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o Skgua Ao alnasuintunsnsedlnefinsosdyaIundigeu wse

a1unsananisidudidanvesnnusiaiunauls

]
S

3.2.4 nsananiusiaanuiaulavesnin (Saliency Map Extraction) Ju
nsruIUNIsUENYseanaeyand g vesnmesnuilagnisidinamiinanulsUuiuves
JoyannvsainaaieulnsUndetdesiian iielnldnmuasnsiuanuanizusnuiuiaula

v @

Tunsadamusnaniaulavenwldinasieulniiaiesngaduiinaulamszinnue

Lauimfﬂ%Lf]um%aaﬁa%fmmmﬂzﬂuﬁ’umaﬁayja PINLAUILUIN VAT NMNNARNSALARS

Y
LU UNUIEUl vz iNundI Uz UL fatuRaldnaeieulnsUgniainlunisiaen

AMNNAFNSALERRaNIzUSUNUIaUls Tngeduaunisi 18 -19

Sk = go * [|IHFT (Ae*7)||? (18)

N A Y [y ¢ Aa = a1’
b® 9o AB AINTBN zyzymt,mm%uwumuwmLuummg’mmmmu 0.05

(J. Li et al,, 2013)

[HFT (%) o MswUasmSesuuudaundy
S =arg min (Sy) (19)
K
M~ a a a P ::1'
W S Ao mwusumhaulaivigauiign

3.3 N1599NLUUKASHAILINITASIIVUSIUNUIEUTRVBINTWHUUN 2
AN500NLUULAZHAIUINITASIVIVUSIUANUIAUIIVDININLUUN 2 1A89INT
U5ulsaunanisnisasiaduuinaiaulaveanimuuuil 1 lnedideldiduiuin fud
ac ) a a P ~ a a ) >~ A
FN995293UUSUNUNaUlYRIN I NWUUN 1 aEiUseansnnlunIsnsITUUSIAUNUIEULR
VOININ WANISNLNIT DT TUAINTOIFYYIUAELGUUAIT LTU VUIRAVBIFINTOIF e 8l
AR BUAIN Flia1u1TaUTUTUNIALALAAD ALULTR LA AL USIIUBININ D1V LALLEUNSE
a A a v S Svuy ~ a a P & a6 a a
nsesuTninteyagigilaegniiusedniam uaznisldinasieulnsddwuuihuneas

4

nngsdglunisidenamuaansiuansanizusnuniiaulanlignass andgywinaiil

Y

=

1%

Jo39lAUsUUTIaZITRAILIIBNISLUUN 2 Tua F9UTENBUAILY 5 TUADY LAAIRININ 25

)

TAYLARSDININTINATYINTUTINUAUDITEUY
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3.3.1 Mm3uUasn nd Lab (Lab color Transform) tfudunounisuvasning Lab
Feunaidudnuugsurasnmiduaiunsnsinglévsluuiglid RGB wae Lab Juagiy
SnuarvesnnusazaIn (Xiang & Zhone, 2015) Tasandeaunisi 13 sawansluiade 2.5
MASeAevedluund 2

3.3.2 nsudasiseslawasaaunand (Hypercomplex Fourier Transform)
Lﬁuﬂ3zmuﬂniﬁiﬁﬂuﬁ’m%ﬂmmaﬁmﬂamfﬂlmmuwmlﬂagjuulmmummﬁ Aaansly
aunsil 3 - 7 fanansluiide 2.2.2 nsuvaslawesaemmandni3os (Hypercomplex
Fourier Transform) Tuunil 2

3.3.3 N15UTuUeaUNRTunA8sEAULUUUSU WU (Improved Adaptive
Spectrum Scale-Space) tunsguaunstunissedu (Suppress) mﬂm%’mﬁﬁgﬂuw%ﬁ%’]
yosgunmeen Ingldvhnisuiulsananismmsaduinaihaulavesnmuuy 1 e
nsesluiin1snssuus nafiutaulavesnnuuud 1 iuszansamlunisnsesnin us
athslsfiniu fnsesvesisnmsnsaduuinadiviaulavesnmuuud 1 Sinsiostmusuuin
veadansaslinefigssansesdvunuiiunin snesansesllaiuisaverevunelluusdas
Uinaesnmldsnlui fidededuunAnieahliliannsonsesdeyausinamianguuuy
s luustarunamesawldogiiszaninw fadu fidedeiuudnimniinsesanunse
VYIYUVUIAUAETIIN1TNTOILULAUSINVDINN A DE190RLUNR USEENSAINUDINTLTUIUNNT
asaduUsnafiuiaulavesnminasifiuanniunidinsasaeduusnaiviaulavesnmn
WUUT 1 L‘Wi?xﬁ?ﬂi@ﬂﬁ]%ﬁ’mqiﬂﬂimmﬂﬂ@%ﬂﬁﬁgﬂLLUU%W%WIULLG]Iazu‘%lﬂm%@ﬂﬂ’l‘vﬂﬁﬁ?ﬂﬁ?
nssananguLig Jaldmieutuiinisesasuuinaiitiaulavesnmuuui 1 fishnseanin
wnsesanmlfifiessunden Aseiuiuludumesnisueisruiavoswiansemuuusnluda
Fenduluiinisesnduusnaivadlavesnnuuuasaduusnaivadlaveanind 1 8
Fissnsuiuiufinuudaludfifiesegaien Tnenisuuussanasunatsssdunuuy $u
ALY LERINSEUIUNISHINTH 26 Feiituneudasiolull

1) SuneuBUFUN15Y19Y (nitialize step) LTun1ImuaASudulH
W15730e35 K windu 3 Jaemsiri et al,, 2019)

2) %y’umaun'ﬁé’wmmwﬁ']ﬁma% (Update Gaussian parameter step)
dunstvusmsfinesvesiinsesduaianndidou o way p Wvindu k tnefismuals

k doenivizewiniu kg, waeimvuali o As danlosuuinnigiu way p fe vu1nves

Fnsosdy N ATy
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=D

Input A (i.j)

l

Initialize k, kmax

!

Setsigma=k,p=k

Compute Sk,med (i,j), Sk,min (i),
Sk,max (i), Sk,gua (i,j)

Sk,med (i,j)> Sk,min (i.j)
and
Sk,med (1,j) < Sk,max (1,J)

A (i) = Sk,gua (i,j)
|
( End )

AN 26 NSTUIUNITNINIUNITNTBIFUNASUVBIITNISUUUN 2

3) dunauNTASINEINTasERINAIT8Y (Generate Gaussian filter
step) tHunsaadinsesdyrandideulagldauntsi 8 fuanduimde 2.4.3 danses
Funraundidou (Gaussian filter) luundl 2

4) Sumaun1snsasEUnay (Suppress amplitude spectrum step) 1Ju

nsinmsFmnaaindnvesanedy A(u, v) Tngendaunisi 20
Aw,v) = A(w,v) * G(u,v,0) (20)

gt A(u,v) Ao wuavestayauulawumuIvTeLeNUIIRaUNASY

= CY o 6
G(u,v,0) AD AINTBIFEYEYIULN AU
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5) YUABUNIAUMAIEGEHA AEn wasAdisegiuvauaunasy (Find
maximum, minimum, and median step) ¥ASAMUINAEEA AgA uazAEEFIUTDS

AWnesy Aaaunsy 21 - 23

-1 -1
A(a,b)lu—(pz—)SaSu+(p2—) (21)
s u,v) = max
a4 ) (-1 (-1
andv————<b<v+—r—
2 2
-1 -1
A(a,b)lu—(pz—) SaSu+M (22)
Si min (U, V) = min
temin (2 0) (p—1) (p—1)
andv—————<b<v+—r—
2 2
-1 -1
A(,b)lu—(pz—) SaSu+('Dz—) (23)
S u,v) = median
temea (4, V) andv_(p—1)<b (p—1
2 - 2
Toedi Skmax (W V) Ao AgeanvesalUne sy o suvius (u, v)
Skmin(U, V) R ﬁiw‘?ﬂqmmamﬂm%’m u Annus (u, v)
Skmea (U, V) Aa Andiseguvesanasy al A (u, v)

6) YunauN1INIUAaUNATUNQNNTBILED (Define the smooth

L4 1

amplitude spectrum step) 81 Sk meq NANUINNI Sk min B8 Sk max $ATUATRENT

ko 38VNNTAMAUALAGINS0IS Yy el @@ sudouamiagy Tusazivnwisdnes k

'
Y]

WNTuATIay 2 agvinisnduludstunou 3) Liead1eiinsesdygiain1ddsuaunsyi
W03 k WU kg, 8879150000 mnwnsnfiees k SAnunnnin kg, aiunasuazan
Y
Y o o s = Aa a s & o w v

N389A28AINTRIFYYIUNATEUNTAMI TN TY Koy SIRUFANIY 31NN 28 38
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3.2.4 msananiusundiaulavesnin (Saliency Map Extraction %38 SME)
Junssuaunmsuenuieanniedeyanidifgresnineanulaenistdinaeiinannulsduiv

¥ A

v a ¢ P Y a aa L. A v
Yostaganmvitonusieulnduuuviesdiuniidtesiign (Minimum local entropy) Ll
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Anlanaansinansanzavesdun lnsfidonnuiuansanizuinaiuaula S 1asu
PNMsuUasaUnasungnnseslaeimnsesdyaranndidoy 4 Faulainduanlawuanud

nddawmudumidagldlaesnoundnyisesundu
— G A
S = {Sk'Skmax} (24)

o ST uaz Siay A8 Sudonvesnmilandanizusiauiuiaula Gaivualinsaunisi

25-27

Sk = SME(A}) (25)
SI?max . SME(Aﬁmax (26)
SME(A) = go * ||IHFT (Ae*T)||? (27)
deo g, fio fnsesdnyaasnmddsuiitaudoavuinassmdandy 0.05
a3 k) aLUﬂm%’mﬁgﬂﬂi@qéhEJéf’miaqé’z:gapmm’]ﬁﬁwﬁﬁ%mm k e
k fian Wu 1,2,3,.,8 (. Lietal, 2013)

Aoy f0 dnasuiignnsesmesdinsesdyanasnidideou AS2G 74

wun k iiie k fendu 357,17
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& A % & P a a |
WU INSUNLAWIaalraILlun1s@an AN AkanLan1zUsnunuaula Tuksay

q

Y3alid e miluansanizusaimhaulanminzay ' lngaduaunisi 28 uag 29
S' = argmin {HEntropy (S)} (28)

Wo  Hnrropy()  fie ilidueulnslvesnnuinaidudnuasie
S' Ao wusnilhaulangniden

. (29)
HEntropy(') = - Z hi logz hi
i=1

e hy fio Balaunsuluguuuuninsgiu tne § Jusnudasauves

lonmalunisiindeya



33

3.2.5 Msiaenusuiutaulavesninlneldinasiieulnluuutiosdiy (Saliency
Map Selection Based on Local Entropy) Tun1sidenAnAnansaniIzusunulaula
TurnduiswuuiuldinaeiioulnsUazynlmannisiaennanikandanizusnaiuiaula
Ao o ) = PR = a A 1% ¢ =
lalgndes wansianim 27 szmulaiinwikansamsusinaniiaula lngldnaeieulnsy
WUUNDIDUINALAEINUNINRAY WANNTALEAWLRNIZUSIUNUNEULIN NN UINSY
wuuviesdulignidenidieldismsuuuiay ieUsuusINIsiienankanuan1zus g
Waulandanumngauingn Seipgq WBNMIATITuUTMMitaulavesn nuwuun 2 Jald

wanlgnaetaulnsUnuunaaduintie neaifedunisy 30 - 32

P . 1 1
Sfina = arg min {H.£(S"r) HLe (S'Lap)} (30)
We  Hyp(Y) Ao HandueulnsUuuuriesdu
S'rcE fo amusnamidudnuazinuluuinglid RGB
Y /18 fo anusnaldudnvasaulul3gid Lab
XY ‘¥
1 (31)
Hp = XY Z Z HEntropy(xJ y)
x=1y=1
= N % o w
We X A9 AUAINVOININULLN
= o vV
Y Ao ANNgIveInNLY
256 (32)

Heneropy(6) = = ) hi(x,) x log, hy(x, )
=1

e hi(x,y) fo Balnsunsuluguuuuinensgiulee i WWupudazauves

Tonalunisiindaua ad swnils (x,y)
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Input Image Labeled

-

-~
RGB Saliency Map Lab Saliency Map

(Selected) Entropyp g = 18.92 Entropy, ., = 20.12

LocalEntropyges = 12.94  Selected| ocalEntropy, 12.84

NN 27 HAAWSVBINNWINKEAIUTIINMINEUTRAINUS AT RGB uae Lab

o~ = v < o~ a a v &
AT 27 uanseradnsvesnniuansanzusaniiaula lnsuanslviiiu
Tnldinaaeulntidenaglanmiuansusianiiaulannyiglid RGB FullawIeuiiiay
9 v ' = a o a aa =g v ¢ = Y A
funmeaswa MU MikanIusniuiaulannyIgia Lab fldinasiieulnluuuviesiy

Tun1sAndanianulnaAesiuniniasguinnin
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3.4 N15Us2AUUTZ NS NINVRINSIY
mMsnaaeulsEAvEamuesiEnmseduuinaiiaulavesnmi §idulaleiEtm
Uszansnmaeanisanaduuinuiiiaulavesnmiifeslutlagiu Ae nsmanudusiug
FENINGNTIAIANUYNABUTIVINAUTATIANUAANAIATIUIN YT0138NBNBY19IT N5
Receiver Operator Characteristic (ROC) wazldldnuiléidulas Area Under Curve (AUC)
Frelunmsuiouiisussansnmaedsnsasasuuinaiuviaulavesnm dadunuend
fealdlunsinuszansnmmaulusunisasesuuinadiunaulavesnin (. Li et al, 2013),

(Achanta, Hemami, Estrada, & Susstrunk, 2009) W&AIAININ 29

(N) NNHIANS (1) ANLRAY
AN 29 AIBEINNNWHAANS BATNINLRAENUNNN TG IUN5InUSLANSAINA28A1 AUC

AN 29 UAAIDNNINEAIBENITENTIINAIN 29 (1) NINHATHEVDITTNINTIIIVUTLINN
WiaulavesninuazaIn 29 (1) nMiaeiuywdasaau nen1sthnmEasnsuson UM
a ad v a a o a -Ql (Y t:l' L4
Minaulavesisn1snsrRduusnamihaulavesnmayiinsiuseuiieuiunmaae Uy e

a%’wﬁu (Ground Truth)

3.4.1 Wuill@dulAs Area Under Curve (AUC)
wunladulasannsanuduiusseninednsiAinnugnasudauiniu

= a

8n31IAURANAIALEIUIN (ROC) Iddwmiunisiauazidsauisuyseansanlunsiagisnis

v a a = aa o Y < v
asduusnamibhaulavesnin Seanusaldlusunsuniadfmuinla A1 AUC asiduda
Ue¥neminuusiug lnga AUC azaglugae 0 - 1 nindn AUC 11lnd 1 Bauanails
Usdn501Me0938n13%89 inszuansliiiuiennuiiasdunyadeyainaaeuiuagli

NAANSINALALILALADAAARINUNNRAY tReNI1SInUSEANS AN AUC 98a1feauniIsi 33
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AUC = f TPR d(FPR) (33)

A INIIAANUGNADUTIUIN FIAUNITN 34

0]

[

MIIAIANUNANAPLTIUIN  AIAUNITA 35

3.4.2 n37 Receiver Operator Characteristic (ROC)

A5 ROC Ad ﬂ’133%fwmmé’mﬁuﬁ‘ﬁwdwé’mwﬁwmmgﬂé’aqL%amﬂﬁ'u

DNTIAMURANAIALTIVIN WAAIRININ 30 - 31 @NUITOANUIULAYDFBENUNISN 34 - 35

Tnefi TP

TN

FP

FN

TP + FN

FP+TN

AIAIIUYNABUTIUIN (True Positive) NAFNSALARINTTAS
o 1 [~ 4&/ d‘ a r-:l' I 2 [~3 d’lj Qll a d‘
MurgIndununvesusnuiuiaula wanduiuiveausiiun
Yraulaasa

AIAUYNABUTIAU (True Negative) HadwsNlAa1nTN1S
o [ [~3 r-igl’ [ a z.:l' 1 ¥ [~ ‘g‘, d‘ dy (% a
eI dufiurdsusunutaula wandununueanunadas
ANANURANAIALTIUIN (False Positive) Nadnsnltaainisnis
° Efzy &y A a a a vy @& A A
Mg JunNuUNveIUsnURUIaula ANUAsIwATUN LN
¥ .

NUNA

ATAINEANAIALTIAU (False Negative) Haaws#ilaan
aa o 1 [ dy d' dy [ 1 a I dy d'
350157 UEINTUNUNVDINUNEY wiAUSHTUNUAYD

Ushaiunaula (Le Meur & Baccino, 2012)
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(A) MINHATNG (1) MNLRAY
AN 30 H298719N15USHUTIBUTEVINN N AT NS LALAINLRAY

AN 30 LANIAI9E19UB9IN5US I UL B U UIANUAUNUSTENIN90RT1AN
ANNYNABUTINUTATIANURANAALBIUINWUUANLTAFBRNYATENINNWN 30 () AR M
NadNSuaZAIN 30 (1) A NIWLREAY INAMMLEAILAILIERYINNSIUSsULB Ul 2 fuma
Aliasatuniwaas lawn dwmlsnidu FN (enuiianaiatdeau) naansalaainisnisvinune
I <3 d,‘, el' 4’1’ [} 1 a < d’l’ e" a ei [l o 1 :al' [~
MU URvoINUnad kamuasATuiunvesusnuNuIaula wag dknusmdu FP (anu

a a o ] & A a A a Y & & A & [
NﬂWﬁWﬂLGUQU'Jﬂ)VHU']EJ’NLUUWUVW@Q‘U?L’JN‘WU’WUSLQ ANUAIILA AU UNUNVDINUNAS

A1954 (Actual value)

2 ¢ Salient Background
c £

2 S

T 5 .

€ 0 Salient g TP 1 FP

S ©

& O

-« £ | Background 1 FN 6 PN

AN 31 M1TNUANUIIAUYNABIVBINFIUUN (Confusion Matrix)

AN 31 UARIDNANTINUANUIIANNYNABIVEINTTIIUN (Confusion Matrix )
TngATum1519UINLIAMUYNADIVBIN1TTWMUNLAUINIIINAN 30 FI8E19UB9N1S

WS ULMEULUURNL AR B RNLYATEINININHNAA NS AL N NLRAY
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4.1 HanINPABsUEITNISATRTuUSnaiivaulave s U 1

4.2 HanINNaeeaIsN1sATRT UL nafitaulavesn UL 2

4.3 HANITIATIEINANITNARBLTRUTEULTEUTALTWUNMIUNLIANL VB ¢
mwﬁgwm 6 Usgtan

4.4 wan TS guiguUseanSaneusregiattlun1susrulavednis

n5793UUSUNUaulave N

4.1 HANINAABIYEIITNIATITULIATauTave s KU 1
InNsRdeuLarIaUsE AN N mve B MseTduusnafitiaulaves U 1
Tneld38n153nUszansamenean AUC Wssuiieufuisnisasaduuinaiiuiaulavesnn
MNeATeTa 5 wuu laud 33 It (tt et al,, 1998), SUN (Zhang, Tong, Marks, Shan, &
Cottrell, 2008), SR (Hou & Zhang, 2007), SAL (Hou et al,, 2012) wag HFT (J. Li et al,

2013) LAAINANITNAADIPIAITN 2

A15149 2 WSeuguUsEanS N TWUe935n15M5293 VUM NUIaUTIvIN IWKUUN 1 AU

/M9 Itti, SUN, SR, SAL, a8 HFT f78A1 AUC

AN Uszan 1 Uszm 2 Ussan 3 Ustian 4 Ussan 5 Ussian 6 sy

Itti 0.9111  0.9155 0.9349 0.8435 0.9165 0.9419 0.9147
SUN  0.7423  0.7645 0.8365 0.6812 0.7081 0.7938 0.7719

SR 0.8131  0.8512 0.9285 0.7558 0.7911 0.8996 0.8574
SAL 0.8693  0.9028 0.9320 0.8604 0.9050 0.9472 0.9037
HFT 0.9432 09135 0.9221 0.9440 0.9200 0.9530 0.9244
WUUTl 109376 0.9231 0.9230 0.9564 0.9307 0.9566 0.9283




40
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YORANAIALUNTIITUUS HIUNUaUlaveIn N

4.2 NANISNNABIVIINITATIIVUSLIUNUEUTIVBINNRUUTN 2
INNSNAFDULAL IAUTLANTNINVDIITNITATIIUUIIUNUNAUTIVDININWUUN 2
Tnele35n15InUsEaANSA M A8A1 AUC 1US8ULgunulIsn15msi93uusianuiaulaain

u3Teie 6 WUU 33013 It (th et al, 1998), SUN (Zhang et al., 2008), SR (Hou &
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Zhang, 2007), SAL (Hou et al,, 2012), HFT (J. Li et al,, 2013) uag33n13n57aduusiind
U1aulavesnnuundl 1 uanan1snaaesfmnng 3
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Itti 09111  0.9155 0.9349 0.8435 0.9165 0.9419 0.9147
SUN 0.7423  0.7645 0.8365 0.6812 0.7081 0.7938 0.7719

SR 0.8131  0.8512 0.9285 0.7558 0.7911 0.8996 0.8574
SAL 0.8693  0.9028 0.9320 0.8604 0.9050 0.9472 0.9037
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Modified Scale-Space Analysis in Frequency
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Abstract—The salient region is an area in the image that is
paid attention from a human. It is a distinctive feature from
neighbors such as color, shape or pattern. Saliency detection is
a model that imitates the human visual system to perceive the
scene. It has been widely used in many vision systems. Many
papers use the smoothing or suppressing technique to extract a
desirable output as so-called saliency map. Even though most of
these researches achieve saliency detection based on the filter, the
size of the filter is fixed. This leads to a filter ineffective when
applying to the whole area of each image. In order to solve this
issue, an adaptive multiscale Gaussian filter (MSS) for scale-space
analysis in the frequency domain is proposed. The proposed filter
is extended from an adaptive median filter which is a powerful
method to remove the noise from the input image. This paper
proposes the method that offers the appropriate filter to suppress
the repeated pattern spectrum of each region in each image before
extracting the saliency map. The experimental result shows that
the proposed method outperforms the baseline methods, which
includes HFT, Itti, SAL, SR and SUN.

Keywords-Adaptive multiscale Gaussian filter; scale-space anal-
ysis; saliency detection; saliency map

[. INTRODUCTION

Saliency detection is a process for detecting the candidate
area paid attention by the human on an image. It is widely used
in many applications such as image segmentation, detection
and recognition to reduce the computational cost [1].

Based on the best of my knowledge, the researches of the
saliency detection can be separated into two groups including
(I) spatial feature-based and (II) frequency spectrum-based
approaches. In the first group, Itti et al. presented a model of
saliency-based visual attention as explained in [2]. This method
uses three main features—color, intensity and orientation which
are extracted by using the four broadly-tuned color channels,
the color double-opponent and the Gabor pyramid filter. In
2007, Bayesian framework [3] for saliency was presented by
Zhang et al. This method can estimate the probability of a
whole given image based on the visual feature and the presence
of a target, represented in a form of self-information and log
likelihood, respectively.

In the second group, it aims to detect the saliency map
in the given image by using the spectrum on the frequency
domain. A spectral residual approach [4], for example, was
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presented in 2007 by Hou et al., which extracts the saliency
map by using spectral residual, the input image is transformed
to the frequency domain for analyzing the difference between
log spectrum and average log spectrum to construct a saliency
map. After that, an image signature introduced in 2012 by Hou
et al. as described in [5] uses the discrete cosine transform
(DCT) for extracting the sign of each component which is
equivalent to the phase component in the frequency domain.
It can approximate foreground which can be considered as
a salient region for figure-ground separation. In 2013, Jain
and his colleagues [6] proposed the scale-space analysis in the
frequency domain by using hypercomplex Fourier transform
(HFT). This method suppresses the repeated pattern spectrum
by wsing the multiscale Gaussian filter in conjunction with a
local entropy. The advantage of frequency spectrum-based is
that it doesn’t require the prior knowledge and the training
image whereas they are needed in the spatial feature-based.
Moreover it is an adaptive approach to the characteristic
of the input image. Therefore, this paper focuses on the
frequency spectrum-based approach. Although Jain’s approach
is successful for the object region prediction which humans
pay attention, its performance depends on the suitable of filter
used.

In order to discover the appropriate filter for each region
in each image, Modified Scale-Space analysis (MSS) in the
frequency domain based on adaptive multiscale Gaussian filter
is proposed here as depicted in Fig.1. This proposed method
extends from Jain’s method by replacing the conventional
Gaussian filter to the adaptive multiscale Gaussian filter. It
can select the appropriate filter for each area of each image
automatically based on a solution from statistical analysis.

The remainder of this paper is organized as follows. In
section II, related works are briefly described. The detail of
the proposed method is given in section III and experiments
are discussed in section IV. Finally, section V presents the
conclusion.

II. RELATED WORKS

This section briefly explains the overview of the existing
approaches for the saliency detection in the frequency domain
as follows.
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Fig. 1: A framework of visual saliency scale-space analysis in the frequency domain, (a) Jain’s approch (b) proposed method

(MSS).

A. Spectral Residual Approach

In 2007, the spectral residual approach [4] presented by
Hou et al. described that the input image has two main areas—
repeated pattern area and saliency area, which relate to the
spectrum in the frequency domain. The repeated pattern area
in the spatial domain is located in the same position in the
frequency domain. This makes its spectrum so high as a so-
called spike in the frequency domain. Meanwhile, the saliency
area is exiracted by eliminating the repeated pattern spectrum
from the original spectrum named spectral residue. The Hou’s
approach uses this concept to detect the saliency area by using
the Gaussian filter to approximate the spectrum of the repeated
area. Firstly, the input image is transformed into the frequency
domain from the spatial domain as defined in Eq. (1).

F(u,v) = DFT(f(z,y)) (0
where F' and [ are the input image in the frequency and spatial
domain, respectively. DFT(-) is a discrete Fourier function.
And then, the log spectrum L is computed by using F' as
defined in Eq. (2).

L{u,v) = log(real(F(u,v))) 2)

where log(-) and real(-) denote the logarithm function and the
real part of F, respectively. The repeated pattern spectrum A,
is approximated from the log spectrum by using the Gaussian
filter, G, with size 3 x 3 and k is set to "4" as shown in (3)
and (4).

A, =G L 3)
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where * is a convolution operation. The spectral residual in
the frequency domain, R, is computed by using Eq. (5).

R(u,v) = L{u,v) — A (u,v)

Glu,v) )

()

The spectral residual in the spatial domain, defined as S,
denotes the saliency map when an inverse discrete Fourier
transform applied to R.

B. Scale-Space Analysis Approach

In 2013, the scale-space analysis approach in the frequency
domain [6] was presented by Jian et al. This paper extracts
the saliency map by suppressing the repeated pattern spectrum
by means of smoothing the amplitude spectrum. Scale-space
analysis approach consists of four main steps as follows.

1) Feature Map Extraction: This process consists of three
components including I, RG and BY are extracted by using
Egs. (6) to (8), respectively.

I:'ﬁib ©)
b b
Ro=(- (1) -6-() o
By = (- (2 - () - 8y -y



where r, g and b are the color channels of the input image
including red, green and blue, respectively, while I is a gray
scale image. G and BY are the color double-opponent in
red-green and blue-yellow, respectively, as explained in [2].

2) Hypercomplex Fourier Transform: 1t is a transforma-
tion method for converting the input from the spatial domain
to the frequency domain.

F=HFT(f4) ©

where H F'T'(-) is the hypercomplex Fourier transform. F}, and
fr are a hypercomplex matrix in the frequency and spatial
domain, respectively, which fj, is formed by Eq. (10).

fa= (05 x 1)+ (025 x RG)+ (025 x BY)  (10)

And then, the amplitude, the phase and the eigenaxis spectra
are calculated by using Egs. (11) to (13), respectively.

Aluyv) = ||Fy (u,0)|| (11)
P(u,v) = t(m_](w) (12)
h,s ‘E,!.,i‘)
X(u ’L‘} o Fﬁ,,u(u1 tl) (13)
T By )l

where A, P and X are the amplitude, phase and eigenaxis
spectra, respectively. Fh’_, and Fh,u are the scale and vector
parts of F}, as explained in [6] while || - || is a hypercomplex
matrix modulus.

3) Spectrum Secale-Space: the repeated pattern spectrum
is suppressed by applying Gaussian filter G, at scale k to the
amplitude spectrum as shown in Eq. (14).

A =GpxA (14)

where Ay is a smoothed amplitude spectrum. The Gaussian
filter at scale k € {1,2,3,...,8} is defined in Eq. (4).

4) Saliency Map Extraction: the candidate saliency map
at scale k is computed by Eq. (15).

Sy = g, * | THFT(Ape™ )2 (15)

where ] H FT(-) is the inverse hypercomplex Fourier transform
and g, is the Gaussian filter with o = 0.05 and S} is the
saliency map at scale % in the spatial domain. The final saliency
map is defined by selecting the minimum local entropy which
is computed from S},

111. PrOPOSED METHOD

The method proposed is divided into 2 main stages (A and
B) and named as MSS (Modified Scale-Space Analysis).

A. Adaptive Multiscale Gaussian Filter for Suppressing Am-
plitude Spectrum

In order to suppress the spectrum of the repeating area,
adaptive multiscale Gaussian filter is proposed. It is extended
from an adaptive median filter, which is a powerful method
to remove the noise from the input image since the amplitude
spectrum of the repeating area is similar to the noise image.
There are many spikes on the image. The flowchart of the
adaptive multiscale Gaussian filter is graphically depicted in
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Fig. 2: The flowchart of adaptive multiscale Gaussian filter.

Fig. 2. Let A4 be the original amplitude spectrum and G, be
the Gaussian filter, A is the smoothed amplitude spectrum. The
flowchart can be described step by step as follows.

1) Initializing step: the parameter & of the Gaussian filter
in Eq. (4) is set to "3".

2) Computing median, max and min step: the local-min,
local-max and local-median are defined in Eqs. (16) to (18).

Stomanlivi) = min{Ala,0) | =X <o < EF
2 a6

j—k i+ k
andTgbgT

i —k i+ k
Sk,ma.x(iaj) = muz{fl(a,b} | : 9 <a< ?-;
. 2 (17)
i—k jtk
d —— < b < T—
and ——<b<—
1 — k i+ k
St,med(t,J) = median{ A(a, b) | ks 3 <a< Pg
. . (18)
-k k
and L0 <y ITHy

[

where Sk med(iy 1)y Skymaz(ty 7) and Sk min (7, ) are the local-
median, local-max and local-min, respectively, in a sigma k.

3) Adjusting sigma step: the parameter k is added by two
when Sﬂ\‘,ﬁﬂed("‘)j) is BqUﬂl to Sk,mu.r('iaj) or Sk,min(i:j) and
if k is less than k,,.o where k.. is @ maximum scale then,
go to the second step.
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(c)
(d)

Fig. 3: An illustration of varying the parameter k of the adaptive multiscale Gaussian filter in different k,,,.: (a) given image
and ground truth, (b) adaptive multiscale Gaussian Filter, (c) smoothed amplitude spectrum and (d) saliency map.

TABLE I: A comparison of performance of the proposed method and baseline methods based on AUC values.

Model Category 1 Category 11 Category 111 Category IV Category V Category VI Overall

Tt 09111 09155 0.9349 0.8435 09165 09419 09147
SUN 07423 0.7645 0.8365 0.6812 0.7081 0.7938 0.7719

SR 0.8131 0.8512 09285 07558 0.7911 0.8996 0.8574
SAL 0.8693 09028 09320 0.8604 09050 09472 0.9037
HFT 0.9432 09135 09221 09440 09200 09530 0.9244
MSS 09376 09231 09230 0.9564 09307 0.9566 0.9283

4) Suppressing amplitude spectrum step: A(i, ) is set to
Sk,gau(iaj) when Sk,metl(iwj) is not eqllﬂl to Sl;,mu.r(i’j) or
Skmin(i,7). Skgau(i,J) is computed by using Eq. (19).

S;..’gm, =GrxA (19)

However, A(i, j) is set by A(i, 7) when k is higher than k,, ;.
Fig. 3 illustrates the smoothed amplitude spectrum and the
saliency map in different £, 4.

B. Modified Scale-Space Analysis Method

The proposed method MSS extended from Jian’s method
[6] consists of three main steps. The method uses the adaptive
multiscale Gaussian filter in conjunction with the conventional
Gaussian filter which can be explained as follows.

1) Feature Map Extraction and Hypercomplex Fourier
Transform: the amplitude, phase and eigenaxis spectra are
given by using Eqs. (11) to (13), respectively, as explained in
section II(B).

2) Adaptive Spectrum Scale-Space: the adaptive mul-
tiscale Gaussian filter as explained in section III(A) is used

to suppress the amplitude spectrum in conjunction with the
conventional Gaussian filter in [6]. The result is a set of sixteen
smoothed amplitude spectra which the first eight spectra are
extracted from the conventional Gaussian filter, while the
residual spectra are obtained from the proposed filter. The
spectra forward to saliency map extraction. Furthermore, the
scale k,,q, of the adaptive multiscale Gaussian filter is set by
2k +1 of the conventional Gaussian filter. For example, in the
first round, the k., of the proposed method is set to "3"
while the scale £ of conventional Gaussian filter is set to "1".

3) Saliency Map Extraction: all candidate saliency maps
are computed by using Eq. (15), and then they are selected to
be the saliency maps based on the minimum local entropy.

IV. EXPERIMENT AND DISCUSSION

In order to evaluate the performance of the proposed
method for the object region prediction which humans pay
attention by comparing the performance with the baseline
methods, these methods are Itti [2], SUN [3], SR [4], SAL [5]
and HFT [6]. The experiment is set up by using the Salmap
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Fig. 4: A comparison of the saliency map obtained from the proposed method (MSS) and baseline methods including HFT [6],

Itti [2], SAL [5], SR [4] and SUN [3] methods, respectively.

data set containing 235 images with 640 x 480 pixels. The
data set is divided into six categories—(I) large salient region,
(II) intermediate salient regions, (III) small salient regions,
(IV) cluttered backgrounds, (V) repeating distractors and (VI)
both large and small salient regions. The performance of the
proposed method and the baseline methods is evaluated by
comparing between the saliency map extracted from each
method and salient region labeled by human observers as
defined in [6]. Moreover, the performance of the proposed and
baseline methods is evaluated by using an area under the curve
(AUC) (or know as receiver operating characteristic curve
(ROC)). The range of AUC is between 0 and 1 where "0"
means that the saliency map is not corresponding to salient
region labeled by human observers while "1" means that it is
corresponding to human observers.

In table I, it shows that the AUC of the proposed method
is higher than all of the baseline methods, in four categories—
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(IT) intermediate salient regions, (IV) cluttered backgrounds,
(V) repeating distractors and (VI) both large and small salient
regions with the difference of 0.0095, 0.0124, 0.0107 and
0.0036, respectively. While the proposed method performs
a little lower than HFT in (I) large salient regions, and is
the third place in (IIT) small salient regions, which HFT and
Itti performs best and second place in this categories. In (I)
large salient regions, HFT is more suitable than our proposed
adaptive Gaussian filter method. It is probably because the
large area is quite straightforward to be detect, then HFT with
a fixed-parameter Gaussian filter is effective here. Similarly to
in (11I) small salient regions, where the single small area is easy
to detect with the specific selected filter in Itti. Even though
the proposed method does not perform best in all categories,
the overall performance of the proposed method increases by
0.0136, 0.1564, 0.0709, 0.0246 and 0.0039 when compared
to the Itti, SUN, SR, SAL and HFT methods, respectively.



Moreover, Fig. 4 shows that the saliency map obtained from the
proposed method provides better performance than the baseline
methods because the amplitude spectrum of the repeated
pattern is suppressed by the proposed filter more than that
from the HFT’s filter. The appropriate scale of the proposed
filter is selected based on the characteristic of the spectrum in
each area, thus making it adaptive local processing.

V. CONCLUSION

In this paper, the modified scale-space analysis (MSS) in
the frequency domain based on adaptive multiscale Gaussian
filter is proposed. The performance of the proposed method
is evaluated by using the Salmap dataset in terms of the
receiver operating characteristic curve. The experimental result
shows that the overall of the proposed method outperforms the
baseline methods—Itti, SUN, SR, SAL and HFT, especially, in
case of the intermediate salient regions, cluttered backgrounds,
repeating distractors and both large and small salient regions
which are high complexity. The contribution in this paper is the
use of the adaptive multiscale Gaussian filter for suppressing
the amplitude spectrum to obtain the saliency map. The pro-
posed filter can select the scale automatically to proper each
region in amplitude spectrum based on the statistical solution.
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Abstract—Saliency detection is a process to find the significant
region on the images, which is popular in the image processing
area. It has been extended and used in many applications in
computer vision systems. Many researches have attempted to
propose effective model to detect the saliency area which is
corresponding to human perception. Therefore, this research
focuses on improving the saliency detection process by proposing
the improved adaptive spectrum scale-space (IASSS). The main
contributions of the proposed methoed include (i) scale-and-space
Gaussian filter (ASG filter) and (ii) the new method for saliency
map selection based on local entropy. Firstly, the AS®G filter is
used to suppress the non-saliency amplitude spectrum to extract
the saliency map. Then, the best saliency map is selected from
the results of the RGB and Lab color images by using the
local entropy criteria. Then, the experimental results based on
235 images show that the overall performance of the proposed
TASSS method outperforms the baseline methods including Itti,
SR, SUN, SAL, HFT, and MSS methods.

Keywords-Scale-and-space Gaussian filter; local entropy; scale-
space analysis; saliency detection

[. INTRODUCTION

Saliency detection on the natural scenery images is to find
the most outstanding characteristics which is normally related
to human perception. People can immediately point out the
objects or regions which are distinctive and different from
the surrounding area. The result of the saliency detection is
the saliency area which contains important information such
as shape, size, and position. The saliency detection is useful
in many applications such as image segmentation [1], object
tracking [2], and object recognition [3].

Many researches [4]-[10] have attempted to simulate the
model which imitates a visual system of human perceptual
abilities. For example, in 1998, Itti et al. [4] proposed a model
of saliency-based visual attention for rapid scene analysis
by using three main feature maps (e.g. color, intensity, and
orientations). Each feature map is computed based on a linear
operator as so-called "center-surround”, it is employed to
extract the saliency map. In 2007, Hou et al. [6] presented
the spectral residual (SR) approach based on the log-spectrum
of an input image on the frequency domain, which found
that the difference between the original log-spectrum and its
smoothed log-spectrum by the Gaussian filter as so-called
"spectrum residual" is equivalent to the saliency map in the
spatial domain. Hence, the Gaussian filter plays an important
role to obtain the smoothed log-spectrum. In other words,
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the good saliency map is received if the Gaussian filter can
suppress the non-saliency area or the repeated patterns. After
that, in 2012, Hou et al. [7] introduced the image signature
based on discrete cosine transform (DCT), which approximated
the location and area of a foreground hidden in a complex
background based on a sign function of the given image. In
2012, Li et al. [8] proposed the solution to extract the saliency
map from the RGB color image based on spectrum scale space,
which consists of four main steps—feature map extraction,
hypercomplex Fourier transform, spectrum scale-space, and
saliency map extraction, as shown in Fig. I(a). The saliency
map is approximated from suppressing the amplitude spectrum
by using the Gaussian filter. Although, the performance of
Li’s method is better than the selected baseline method on
the Salmap standard dataset, the conventional Gaussian filter
used is not adaptive, and all parameters of filters are fixed.
Later on, Jaemsiri et al. [10] proposed the modified spectrum
scale space based on adaptive multiscale Gaussian filter (MSS)
as depicted in Fig. 1(b), which aimed to provide adaptive
multiscale Gaussian (AMG) filter in order to suppress the
repeat pattern on the amplitude spectrum of each region. The
performance of MSS outperformed some selected baseline
methods. However, the size of Gaussian filter is still fixed.

In order to improve the performance, adaptive scale-and-
space Gaussian filter, which is extended from the AMG filter
is proposed here. It provides an automatically adaptive scale
and space filter instead of being fixed size. From our review,
we found that many researches have tried to detect the saliency
map [rom a single color space [4]-[8] but, recently Xiang et
al. [9] proposed an approach to construct the saliency map
from two color spaces, which are the RGB and Lab color
images. The result illustrated that the saliency maps extracted
from the RGB and Lab color image are different depending on
the characteristic of each image, even though the two images
look identical. Xiang’s method is quite effective, however, it
lacks the effective criteria in selecting the accurate or final
saliency map between the maps constructed from RGB and
Lab color. To improve the performance under this issue, this
paper proposed a local entropy as a criteria for selecting the
map in our saliency detection. The contribution in this paper
consists of two main points—(i) the adaptive scale-and-space
Gaussian filter and (i) the saliency map selecting based on
the local entropy as explained in section II(B) and TI(C),
respectively.

The rest of the paper is organized as follows. Section II



gives details of our proposed method, followed by the exper-
iment and discussion in section IIL. Finally, the conclusion is
discussed in section IV.

II.

In this section, we proposed our saliency detection model,
which includes three main stages—(A) proposed saliency de-
tection, (B) improved adaptive spectrum scale-space, and (C)
saliency map selection based on local entropy. Fig. 1 displays
the workflow of our proposed method called TASSS in TFig.
1(c), with a comparison with the other two methods, HFT and
MSS, depicted as Fig. 1(a) and 1(b), respectively.

PROPOSED METHOD

A. Proposed Saliency Detection

Our proposed method (IASSS) extended from the MSS
method [10] aims to improve the performance of the saliency
detection. Its process is divided into five steps as follows.

1) Lab Color Transform: The input image in RGB color
space is converted into Lab color formats, then both RGB
and Lab color images are used in saliency detection since the
characteristics of sliency detection from RGB and Lab color
images are different in color space [9] as depicted in Fig. 2.

2) Hypercomplex Fourier Transform: The RGB and Lab
color images are transformed to the frequency domain by using
hypercomplex Fourier transform as defined in Eq. (1).

Fy, = HFT(fy) (€]

where H FT'(-) is the hypercomplex Fourier transform, /3, and
f» are a hypercomplex matrix in the frequency and the spatial
domains, respectively, as explained in [8]. The amplitude
spectrum (A), phase (P) and eigenaxis (X) spectrum are
computed based on Fj, as explained in [8], [10]. In this paper,
the amplitude spectrum is essential information that can be
used to locate the repeated pattern and suppress it to detect
the saliency map.

3) Improved Adaptive Spectrum Scale-Space: The am-
plitude spectrum is suppressed by using adaptive scale-and-
space Gaussian filter to smooth amplitude spectrum. It is used
to obtain the candidates of the saliency map. The detail of this
step is given in section I1(B).

4) Saliency Map Extraction: The smooth amplitude spec-
trum A is converted by using the inverse hypercomplex Fourier
transform THFT(-) to obtain the saliency map candidates. A
set of the saliency maps S is defined in Eq. (2).

§= {S’I{)7 S}‘jmar} (2)

where S¢ and S7  are the saliency map candidates as

kmaz

defined in Eqs. (3) - (5).

5¢ = SME(AS) 3)
‘v}-;‘mtu' = ‘s“l‘IE(A}:mn.:n) (4)
SME(A) = g, % ||THFT(AeX7)|)? (5)

where ¢, is a fixed scale Gaussian filter (¢ = 0.05). Af and
Af . are a smooth amplitude spectrum suppressed by using
the conventional Gaussian filter as explained in [8] at scale
k€ {1,2,3,..,8} and the proposed AS?G filter as described
in section II(B) at scale kmaz € {3,5,7, ..., 17}, respectively.
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Algorithm 1: Adaptive Scale-and-Space Gaussian Filter

Input: The amplitude spectrum A and kmax;
Output: The smoothed amplitude A.

tforu=1t Udo

2 forv=11tw V do

3 Setk=3;

4 while k& < k4, do

5 Seto=Fkand p = F;

6 Generate Gaussian filter G(a, p);

7 Suppressing amplitude A(u,v);

8 Find maximum spectrum Sy, 00 (2, v);

9 Find minimum spectrum Sy i, (1, v);

10 Find median spectrum S nea(u, v);

11 if Sk‘med(u‘, l") > Sk,min(uav) &
Sk,med(u‘s 'U) < Sk,nmz(u-,v) then

12 Set A(u,v) to A(u,v) ;

13 Break;

14 else

15 k=k+2;

16 if & <k, then

17 | Continue;

18 else

19 ’ Set A(u,v) to A(u,v) ;

20 end

21 end

22 end

23 end

24 end

The minimal entropy is used to determine the optimal
saliency map from the sct of the saliency map candidates in
each color space. The minimum of saliency map is defined in
Eq. (6).

S = arg min{ Hepiropy(S) } ©)
where Hppiropy(-) is an entropy function of the saliency map
and S is a selected saliency map. Sh.p and Sj,, are the
saliency maps, which are resulted from this step, when RGB
and Lab color images are used, respectively.

5) Saliency Map Selection Based on Local Entropy: The
final saliency map is selected from the RGB and Lab saliency
maps by minimal local entropy as computed by Eq. (7).

Sfin.al = arg lnin{III,E(.S}\'GB)', IILE(SILab)} (7)
where Hpp(+) is a local entropy function as explained in

section II(C). Spep and S7,, are the RGB and Lab color
saliency map, respectively.

B. Improved Adaptive Spectrum Scale-Space

This section aims to improve the performance of the
adaptive spectrum scale-space for saliency detection presented
by Jaemsiri et al. as explained in [10]. The achievement
of Jaemsiri’s method is suppressing the spectrum by using
adaptive multiscale Gaussian filter. Although its performance
is higher than that of the baseline methods, its process is still
lack of parameter-free setting such as filter size. Hence, we
proposed the adaptive spectrum scale-space by modifying the
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Fig. 2: A comparison of the saliency map extracted from RGB
and Lab color spaces.

adaptive multiscale Gaussian filter based on the adaptive scale
and space as so-called adaptive scale-and-space Gaussian filter
(AS?G filter). The maximum, minimum, and median of the
amplitude spectrum are used for automatically adjusting the
parameters. As illustrated in Fig. 3, Fig. 3(a) is an initial AS?G
filter. Then, its parameters including the sigma and size are

99

(a) (b) (d)

(e)

(§5)

© (h)

Fig. 3: An illustration of the adaptive scale-and-space Gaussian
filter.

increased until they are equal or higher than the maximum
boundary kyq, as shown in Algorithm 1 at line 11. The result
of parameter adjustment is demonstrated on Figs. 3(b) - 3(h),
respectively.
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Fig. 4: The smooth amplitude spectrum obtained from (a) HFT, (b) MSS, and (c) proposed IASSS methods.

The original amplitude spectrum A with U x V' resolution
is suppressed by using the AS?G filter to obtain the smooth
amplitude spectrum A(w, v). The pseudo code of the proposed
AS?G filter is displayed in Algorithm 1, which can be ex-
plained step by step as follows.

1) Initialize step: Set k to "3" as recommended in [10].

2) Update Gaussian parameter step: Set the parameters
o and p to k if k is lower than or equal t0 ke, where o is a
standard deviation and p is window size of the Gaussian filter.

3) Generate Gaussian filter step: Generate filter by using
Eq. (8).

Glu,v,0) = —— e~ (/2%
3
2ra*

®)

where (u,v) is a position located at the filter’s sizes p x p.

4) Suppress amplitude spectrum step: Compute the
candidate of the smooth amplitude spectrum (A) by using Eq.
©.

“I(U, v) = A(u,v) % G(u,v,0) (9)

where A is the amplitude spectrum and = is a convolution
operation.

5) Find maximum, minimum, and median step: The
maximum, minimum, and median of the amplitude spectrum
are defined in Eqs. (10) to (12).

Skomaz (L, v) = maz{A(a,b) | e<a <€

and w < b < &} L

Skmin (U, v) = min{Ae,b) | e <a <€ i
and w < b <&} )
Sk.med(u,v) = median{A(a,b) ¢<a<? )

and w < b <&}
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(p=1)

2

@,wisvf

(p—-1)

where ¢ is u — cisu+ D and @ is

L+(p—5]2

6) Define the smooth amplitude spectrum step: As
shown in Algorithm 1 at line 11, if S ;,c4(2, v) is higher than
S_]\:,‘miﬂ(u: 'l’) and Sk.mell(uy U) is lower than S}\Z."l,ll.flf(u!v) set
Alu,v) to Alu,v). Whereas the parameter % is added by two
and then go back to the update Gaussian parameter step if &
is lower than or equal (0 k4, Otherwise, A(u,v) is set to
A(u,v) when k is higher than kpe.. The smooth amplitude
spectrum A obtained from the HFT, MSS, and [ASSS methods
is depicted in Fig. 4. It can be seen that the artifact on the
amplitude spectrum obtained from the AS’G filter is lower
than the MSS method.

C. Saliency Map Selection Based on Local Entropy

This section aims to point out the classical saliency map
selection problem which leads to an incorrect selection as
depicted in Fig. 5. It can be seen that the best saliency map can
be obtained but it is not selected. This problem comes from the
global entropy cannot capture the best saliency map. In order
to improve the saliency map selection, the local entropy Hrg
is required due to the fact that it can present the complexity
contained in a given neighborhood of the given image as
defined in Eq. (13).

X ¥
1
Hpig = ﬁ Z Z HEntropy(-'llr y)

r=1y=1

(13)

where X and Y are the width and height of the input image.
HEntropy(+) is the entropy of the saliency map as defined in
Eq. (14).
256
HEntropy(xr 3-/) s Z h'z'(l'e l/) X k'g‘z. hi(Iey)

i=1

(14)

where h;(2,y) is a normalized histogram counts of the sub-
image which its center is located at the position (z,y) and
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TABLE I: The performance based on AUC value of the proposed IASSS and the baseline methods including Itti, SUN, SR,

SAL, HFT, and MSS.

Model Category 1 Category 2 Category 3 Category 4 Category 5 Category 6 Overall

Itti 09111 09155 0.9349 0.8435 0.9165 0.9419 0.9147
SUN 0.7423 0.7645 0.8365 0.6812 0.7081 0.7938 0.7719

SR 0.8131 0.8512 0.9285 0.7558 0.7911 0.8996 0.8574
SAL 0.8693 09028 0.9320 0.8604 0.9050 0.9472 0.9037
HFT 0.9432 09135 0.9221 0.9440 0.9200 0.9530 0.9244
MSS 0.9376 09231 0.9230 0.9564 0.9307 0.9566 0.9283
TASSS 0.9399 0.9262 0.9308 0.9633 0.9287 0.9559 0.9311

TABLE II: The comparison of using various options from MSS
to TASSS method

RGB and Lab Global Local

Pattern ASPG filter 7 ATC
color space Entropy  Entropy
] X X X X 0.9283
2 s X v X 0.9291
3 v X X 4 0.9301
4 X o x X 0.9269
5 4 v v X 0.9290
6 v 4 X v 0.9311

Note: v using the options, which are RGB and Lab color space, AS“G filter, Global
Entropy and Local Entropy. X means not using the options.

its nearest neighbour 9 x 9 pixels on bin No. . Based on our
empirical experiment, the appropriate size of the neighborhood
is set to 9 when comparing to the size of neighborhood 3, 5 and
7. For saliency map detection, the high entropy value means
that there are many noises mixed in the saliency map whereas
the low entropy value means that there are a few noises mixed
in the saliency map.

III. EXPERIMENT AND DISCUSSION

This section aims to evaluate the performance of the
proposed method extended from the MSS method [10]. It
consists of two main parts—(i) experimental setup and (ii) result
and discussion as follows.

A. Experimental Setup

The performance of the proposed method is evaluated
by using 235 images from the Salmap dataset which is a
standard and well-known dataset. This dataset can be divided
into six categories—(1) large salient regions with 50 images,
(2) intermediate salient regions with 80 images, (3) small
salient regions with 60 images, (4) repeating distractors with 15
images, (5) cluttered backgrounds with 15 images and (6) both
large and small salient regions with 15 images. All saliency
maps extracted from the proposed [ASSS, MSS [10], HFT [8],
Itti [4], SAL [7], SR [6], and SUN [5] methods are measured
for their performance by using an area under the curve (AUC)
with the ground truth labeled by humans.

B. Result and Discussion

In the first part, we will explain the improvement of the
proposed method, which is extended from the MSS method.
Based on TABLE I, it shows that the performances of the
proposed method comparing to MSS in the categories (1) to
(4) are better than that of the MSS method, with the percentage
difference of 0.24%, 0.33%, 0.84%, and 0.72%, respectively.
Lven though the performance of IASSS in the categories (5)
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Fig. 5: An example of the incorrect saliency map selection.

and (6) are 0.22% and 0.8%, respectively, lower than that of the
MSS method, the overall value indicates that the performance
of the TASSS is 0.30% higher than the MSS method.

In the second part, we aim to evaluate the performance
of the proposed method with the baseline methods. The
experimental results in TABLE I show that the performance of
the proposed method is the best in the category 2 and 4 and
performs the second best in categories 1, 5 and 6, but is the
third in category 3. However, the overall of the performance
of the proposed method is 0.0164, 0.1592, 0.0737, 0.0274,
0.0067, and 0.0028 higher than that of the Itti, SUN, SR, SAL,
HFT, and MSS methods, respectively. Morcover, Fig. 6 shows
that the saliency map extracted from the proposed method
outperforms the baseline methods. It has minimal noise and is
closely corresponding to the ground truth labeled by humans.

TABLE II shows that the performance of using the RGB-
and-LAB color space with the global entropy criteria (Pattern
2) is higher than that of using only RGB color space (Pattern
I, ie. MSS). It means that using both color spaces can
increase the performance of the proposed method. Morcover,
its performance can be improved when the RGB-and-LAB
color space is used with local entropy criteria as shown in
(Pattern 3) from TABLE II. This is a prove-by-experiment
that the local entropy criteria can improve the efficiency of the
proposed method. Although our performance is reduced when
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