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ABSTRACT

To bridge themismatt betweerthesizesofimagesanddisplayde-
vices we presentan efficientandautomadic algorithmto createan
adaptiveimage represettation called SmartNail. Givena digital
image and rectangula display framesmallerthan the image, we
definethe SmartNailasan appropriatelycroppedpart of a suitably
scaled-devn image. We choosethe SmartNail-defilmg parame
ters —down-saling factor and croppinglocation— to maximize
a bit-allocation-basedcostfunctionthat quartifies the visual im-
portanceof theimage contentin the SmartNail. For JPEG 2000
encodel images, the SmartNail parametes can be determined
using just the headerinformation available in the encoaed file.
Henceonly the waveletcoeficients required to reconsruct the
SmartNailneedto be decodedfrom the entire JPEG 2000 code
stream. Consequetly, the SmartNailconstructionrequresmini-
mal computdionsand memoryrequirements.Simulationsdemon
stratethe effectivenessf SmartNailrepresentations.

1. INTRODUCTION

The variety of displaysusedto brovse andview imageshascre-
atedaneedto adaptanimagerepresetationto the sizeconstraints
of a given display For example,a high-resoltion image might
needto be displayal simultaneosly on a desktopmonitoranda
PDA. Thecorventioral thumbnal representationbtainedoy uni-
formly scalingthe whole imageto fit in the display areais often
unsatiséctory; for example,the imageof a text documen scaled
down to fit on a cell-phonedisplay mostlikely doesnot corvey
muchmeaningfulinformation.

Severalapproachehave beenproposel to represenimagesn
a smallerdisplay Oneapproachis to createa representatiory
pastingkey-words extractedfrom the original imageusing opti-
cal characterrecognition(OCR) onto a scaledversionof the im-
age[1]. However, suchanapproat is neitheruniversdly applica-
ble dueto the unavailability of text key-wordsin all typesof im-
ages(seeLenaimagein Figure4), nor computatiomlly efficient
due to OCR usage. Another approachis to manudly associate
aresolution-depedentimportancevalue with differentimagere-
gionsto aid croppingandscalingat the applicationend[2]. The
needfor manualimageediting makesthe secondapproat unde
sirablefor generaimagebrowsingapplicatiors.

In this paper we describea framework to constructan adap
tive reducedsize image representationermed SmartNail (smart
thumbnal) by automaticallyandefficiently scalingandcroppinga
givenimage. The SmartNailis characterizedy an appropiately
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locatedwindow in a suitablydown-scaledoriginalimage(alsosee
Figurel). We obtainthe scalingandlocationparameterdy opti-
mizing over a bit-allocation-basedostfunctionthatmeasureshe
visual importanceof imageinformation containedin the image
representatiodefinedby the parameters.

Characterizinga SmartNailin the wavelet domainallows us
to createthe SmartNail using wavelet-basedmage coderssuch
asthe state-of-the-arfPEG2000 (J2K) coder[3]. Thanksto the
J2K code-streansyntax, the optimal scaleand location parame-
tersdefiningthe SmartNailarecalculatedrom thecompresseflle
usingonly the heade information of the J2K-encodedmage;no
decodng is requiredfor this step.With knowledgeof theseparam-
etersthe SmartNailcanbe constructedy decodng the minimum
numter of wavelet coeficients from the J2K code stream. Thus
the SmartNailconstructioris very efficientbothmemorywiseand
compuationally

While a compressé domainimageprocessingalgorithmhas
beenreportedfor traditional JPEGimages([4], the algorithmis
not truly heade-basedbecausét needsto parsethe entire code
stream.Further thealgorithmis nottruly multiresolution becase
it doesnothave accesdo ary local frequeng informationwithout
decodng theimage.

2. MATHEMATICAL PROBLEM FORMULATION

The SmartNailcreationproblem(alsoseeFigure 1) describedn
Section1 can be formally posedas the following optimization
problem. Let I denotethe original continuaus imagewith nor-
malized support[0,1] x [0,1], and I be the image obtained
by samplingthe low-passfiltered (for anti-aliasing)I at rate N
sample/uit-length. Definethe X x Y -sizedimagerepresentation
D(N, A) = {IN(]},y)l(J),y) S (AZ’AU)+[05X_1] X [07Y_
1]}, where I (z,) denotesthe pixel of I™ at image location
(z,y), and A := (A., A,) denotesthe anchorlocation for the
display Let A(IV, A) bea costfunction thatmeasureshe visual
importanceof the representatiorD(N, A). Thenthe SmartNail
solutionis specifiedas

SmartNail = D(N*, AY),
where{N* A"} = arg max A(N, A).

Thechalleng in the abore SmartNailformulationis to choosean
easily computalbke costfunction that measureghe visual impor
tanceof imageinformation.

We propo® usinga weightedsumof the bits spentat low bit
rateson alocalregion D(N, A) by reasonale multiresolutionim-
agecodersas a costfunction that yields meanindul SmartNails



with minimal processing The numberof bits spentis termedthe
MultiResolutionLocal Information (MRLI). The multiresolution
aspectof the chosencostfunction is clear— the samplingrate
N characterizeshe resolutionat which ary spatialregion is de-
scribed.

To motivate that the MRLI provides a reasonale metric to
quantify thevisualimportanceof a givendisplay we take a closer
look at“ideal” multiresolutionimagecoders.An “ideal” multires-
olution imagecoderstrivesto provide the bestvisual representa-
tion of a given imagewithin the available bits. At low bit rates,
an“ideal” imagecoderspend relatively more bits describingthe
importantspatialfeaturesof the imageat the appropiate resolu-
tion. Hencethe total bits spentby the ideal coderon D(N, A)
canbe viewed asa metric for the visual importanceof all spatial
featuresobsened at the resolutiondeterminedby NV in the rep-
resentatiorD(N, A). Thusthe MRLI provided by “ideal” mul-
tiresolutionimagecoderswill sene asan excellentcostfunction
to determineSmartNails.Thoughpracticalmultiresolutionimage
coderscannd be consideredruly “ideal”, their bit allocationat
low bit ratesstill provide usefulinformationaboutthe underlying
image. HenceMRLI with weightschosento offset someof the
non-idealnatureof practicalimagecoders bit allocationprovides
areasonhle metricto quarntify theimportanceof achoserdisplay

3. SMARTNAILSIN THE WAVELET DOMAIN

3.1. Wavelets

Thewavelettransformrepresents continuosimage! in termsof
shifted versionsof a low-passscalingfunction ¢ and shiftedand
scaledversionsof a bandmsswaveletfunction« [5]. For special
choicesof ¢ andy, thefunctionsg;  (t) := 27/* $(2°t — k), and
¢],k,,(t) =27/ 4y (27t — k) with ¢ := (t,ty) € R x R, shift
= (kz,ky) € Z x Z, scalej € Z, andsub-banis! € {1, 2, 3}

form an orthonormé basis. Let N = 271+! for someJ; € Z.
Then, a finite-resolution,continuaus approxmation IV toIis
givenby

3
() = ZcJo,mJo, (t) + ZZZ%I i ka(t), (1)
I=1j=Jg k
with the scalingcoeficientsc; . := (I, ¢;,1) andwaveletcoefi-
cientsd; k1 := (I,v; k). Thescaleparameteyj increasegrom
thecoarsesscaleJy to thefinestscaleJ;. TheJ; = log,(N) — 1
controlsthe resolutionof the wavelet reconstruction™ of I; in
fact,the Ly norm|[IY — I||> — 0 aslog, (V) — .

In practice,animageis typically specifiedin a sampledform
with N samplesavailable along eachdirection; thesesamples
defineI¥. Corvertionally, the samplesof IV are assumedo
well-approximatethe scaling coeficients ¢y, 41, of I at scale
Ji +1 = log, N [5]. A good low-resolution,sampledimage

»org < J1 is definedby using the coarsescalingcoefi-
cientscy+1,r. assamples.The coarsescalingandwavelet coefi-
cientsareeasilyobtainedby passingl™¥ througha filter-bank

3.2. Wavelet-domain mathematical reformulation

The mathematicaformulation describedn Section2 can be re-
formulatedin the wavelet domain using the notation described
abore. Any X x Y imagerepresentatiorD(2’ !, A) obtained
from an arbitrarily sub-samfed imageIzJ+1 for J < Jy canbe
redefinedn thewaveletdomainasD (27!, A) := {cs11x|k €

(Az, Ay) +[0,X — 1] x [0,Y — 1]}. The setof scalingand

waveletcoeficientsW requiredto approximatelyreconstructhis
imagedisplayD is givenby*

W(J,A) = {csr |k € K(J)} |
{d',k,l |J0 S] < Jz ke IC(]): le {1a2:3}}7 (2)

with K(j) := {[Q(JO_J_I) support(D(N, A))J} C Z. The
|- ]denotesfloor to integer. The setW(J, A) correspoding to
thedifferentimagedisplaychoicesof Figurel aremarked by the
hashel regionsin Figure2.

TheMRLI costcanbespecifiedn thewaveletdomainas

A A) = Z Vao.k B(Cio,k) + Z 0510 B(djr), (3)

cyo,kEW(J,A) dj k1 EW(J,A)

whereB(.) denoteghefractionof bits spentonthecorrespading
coeficient,and~y andthed denotetheweightschoserto offsetthe
non-ideal natureof practically available bit allocation. Thusthe
SmartNailproblemcanbereformulatedn the waveletdomainas

{J A"} = arg max A(J, A). 4

In words,the SmartNailproblemin the waveletdomainis equiv-
alentto simultaneouslyhoosirg the appropiate waveletscaleJ”
andanchorlocation A*.

4. SMARTNAILSFROM J2K IMAGES

J2Kis anewly standardizedvavelet-basedodingschemeo rep-
resentdigital imagesin a coherentcode streamand file format
[3]. The J2K image coding algorithm consistsof the following

steps:(1) Optionally divide the imageinto indepen@ntrectangu-
lar tiles. (2) Take the wavelet transformof eachtile. (3) Parti-

tion the waveletdomainat eachlevel and sub-bando form local

groups of typically 32 x 32 or 64 x 64 coeficientstermedcode
blocks (4) Encodeeachcodeblock indepemiently usinganarith-
metic coder (5) Organizethe codedcoeficientsinto oneor more
layers to facilitate progression. (6) Assembleall the codedand
organizeddatainto smallerunits called padets (7) Storethe or-

ganizationalinformation requiredto parsethe codeddatain the
paclet heades.

4.1. MRLI from J2K headers

J2K is desigredto suit mary differentapplications.For example,
a particularimagemay be J2K-encaledsuchthatit canberecon-
structedatavariety of bit rates.Suchfeaturesareenabledecase
awide variety of informationis storedin theheaders.

Using the J2K headerinformation, it is possibleto infer the
numter of bitsallocatedto thedifferentcodeblocksin thewavelet
domainatlow bit rateswith minimal processing— only thepaclet
heades needto be read; no decodng of wavelet coeficients is
required.

Thepacletheadergontaininformationsuchasnumberof bits
allocatedto eachcodeblock. For someJ2K files, the bit alloca-
tion atlow bit ratescanalsobe extractedfrom the paclet headers.
If the low bit rate information cannotbe directly obtainedfrom
the headersthenthe numberof zerobit-planesandcodingpasses
availablein the paclet headerdor eachcodeblock could be used
to estimatethebit allocationatlow bit ratesfrom thebit allocation
at high bit rates. For simplicity, we assumehat the low bit rate
bit allocationis available. One suchextractedmultiresolutionbit
allocationfor the 512 x 512 Lenaimageis illustratedin Figure3.

1For a Haarwavelet systemtherecastructbn is exact



Fromthe extractedbit allocation,we canestimatethe MRLI
costfor ary imagedisplaychoice. Oneobstaclein estimatingthe
MRLI costis that while the headersprovide the total bits spent
on eachcode block, we needthe fraction of bits spentof indi-
vidual wavelet coeficientsto determinethe MRLI using(4). To
resohe this lack of resolution we assumehateachwaveletcoefi-
cientwithin a codeblock equallyshareghetotal bits allocatedby
the J2K coderto the codeblock. For example,if C denotessome

32 x 32-sizedcodeblock thatis allocatedB(C) bits, thenwe es-
timate B(d;,i,1) = s for all dj«,; € C. TheMRLI costcan
now easily be calculatedusing (4) with weights~y andé§ chosen

appropriately

4.2. SmartNail algorithm for J2K -encoded images

Thealgorithmto constructhe SmartNailgivena J2K-encodd im-
age,andaspecifieddisplayareaof size X x Y pixelsis asfollows:

1. Extract the total bits allocatedto individua code blocks
fromthe J2K pacletheadbrs.

2. Computethe fraction of bits allocatedto eachwavelet co-
efficientfrom thetotal bit allocationof Stepl.

3. Scaletheinferredbit allocationwith weightsy and4.

4. Searchfor the scaleandancha location of the SmartNail
thatmaximizesthe MRLI costfunction.

5. Extractanddecodeonly the pacletscontainingcoeficients
requiredto reconstructhe chosenSmartNail.

Stepsl through3 acces®nly theheade informationfrom the J2K
image.Sincetheheadtrconstituteaasmallfraction(lessthan2 %)
of the J2K file, thesestepscan be implementedvery efficiently
with little memory Step4 canbeimplementedn lineartime using
convolution of theweightedbit allocationwith a X x Y averaging
filter. Finally, Step5 sareson expensve J2K decaling operatiors.
Thusthe SmartNailcan be constructedvith minimal processing
from J2K headers.

5. RESULTS

We illustrate the performanceof our SmartNail algorithm de-
scribedin Section4.2 usingthe512 x 512-pixel images.enaand
Java shawvn in Figure 4. Imagesencodd with the J2K encode
operatingin therange0.1-0.75bits perpixel yield similar Smart-
Nails. Theresultsin this paperare obtainedby encodng theim-
ageswith a J2K encoderat 0.2 bits per pixel using32 x 32-sized
codeblocks with five decommsition levels of the 5-3 reversible
wavelet transform. We computeSmartNailsof sizes192 x 192
and128 x 192 pixelsfrom eachimage.Thedesireddisplayareas
are chosento be multiples of the code-blocksize for simplicity.
To incorpaatehumantendeng to centerthe importantobjectsin
a photograp, the weightsy andé in the MRLI costfunctionare
choserto linearly decreasérom 1 to 0.77towardthe edgesof the
imageatall scales.

As shown in Figure4, for the 192 x 192 display frame, the
SmartNailalgorithm scaledboth the Lenaand Java imagesby a
factorof two alongeachdirection,andselectedhelower andup-
perleft regionsrespectiely. Forthe128 x 192 displayframe,the
SmartNailalgorithm selectedhe lower-centraland uppercentral
pixels respectiely from both the twice down-scaledmages. For
bothimagespnly 16.7%and13.2%of all waveletcoeficientshad
to be decodkd for reconstructinghe 192 x 192 and128 x 192
SmartNailsrespectiely. In contrastto the LenaandJavathumb-
nails,whichareobtainedy uniformly down-scalingtherespectie

imagesto fit the givendisplayareasthe SmartNailsprovide more
recogrizableimagerepresetations. For example,the text in the
Java SmartNail2, is morereadablecompaed to the Java thumb-
nail 2.

6. CONCLUSIONS

We have propcseda novel framavork to representmageswithin
a smallerdisplay frame usinga SmartNail— an adaptve repre-
sentationcreatedby scalingandcroppingthe original image. We
obtainedthe SmartNail-characterizingarameterdy maximizing
a bit-allocation-baseaostfunction that quantifiesthe visual im-
portane@ of the information containedwithin the representation.
For J2K-enco@dimagesthe SmartNailis characterizedsingjust
the J2K headeiinformation,andconstructedvith minimal decod-
ing of waveletcoeficientsfrom the codestream.Thoughwe have
describedand demonstratedhe SmartNailproblemand solution
for rectanguladisplaysand squareémages the approacttrivially
generdizesto displaysandimageswith arbitraryshapes.

We arecurrentlyrefiningthe algorithmby improving the esti-
mation of the numberof bits allocatedto eachindividual wavelet
coeficientfrom thetotalbitsallocatedo acodeblock. Thiswould
improve the MRLI costfunction, therebyyielding better Smart-
Nails. Further we are alsorefining the estimationof the MRLI
costfunction at low bit ratesfrom a given a high-hit-rate J2K-
encockdimage. Thiswill enableSmartNailconstructionfrom all
typesof J2K-encodd images.

With standardization]2K is poisedto becometheimagerep-
resentatiorformat of choicefor the internet,in medicalimaging,
andin digital cameras.With the numberof digital imagesever
increasingfastheadeibasedalgorithmssuchasour SmartNailal-
gorithmwill becomeextremelydesirable.In additionto adaptve
imagerepresentationsye ervision thatthe framework introduced
in thispapemwill alsoenableotherdesirablemultiresolutionimage
processg operatiors for JPEG2000imagessuchasheadetbased
segmertationandfeatureextraction.
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Fig. 1. SmartNailproblem. Fromthe mary possiblerepresentationgwo exam-
pleswith representatior hashedareaare givento fit the original imagewithin
the illustrateddisplay area. Representatiod suggestsa croppedwindow in the
original resolutionimage, while representatior? suggets a cropped window in
the original image scaleddown by a factor of two in eachdirection. The ideal
representatiors the onethat corveys the maximumvisualinformation.
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Fig. 3. Lenak bit allocationextracted
from the J2K header: The numbers
shawn arethebits allocatedby J2K at
0.5 bits perpixel usingthreelevels of
decompsitionto the respectie code
blocks (separatedy thin graylines).
The gray underlying patternsdenote
thewaveletcoeficientsof Lena,with
the thick black lines separatingthe
wavelet sub-bands. The bit alloca-
tions of J2K provide a goodmeasure
for the visual importanceof the dif-
ferentfeaturesat their relevant reso-
lutions. We can seethat J2K allo-
catesmary bits to the fine-scalefea-
turessuchasthe feathersn thefinest
scale. The faceregion receves more
bits in the intermediatescale, while
the smooth,unimportantbackgound
recevesfew bits.
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Fig. 2. The hashedegionsmarkthe waveletcoef-
ficientsrequiredto reconstructherespectie repre-
sentationshawvn in Figurel.
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Fig. 4. Results:TheLenaandJavaimage (both512 x 512 pixels)needto berepresenedwithin
two differentdisplayareas of sizes192 x 192 and 128 x 192 pixelsrespectivelyFor bothim-
ages, the coarsestandfinestscalesare Jo = 4 and J; = lo 2(512) — 1 = 8 respectivelyThe
respetive SmartNailsare displayedwith greatercontrast and are bounded by thick lines. The
Lenal92 x 192 SmartNailis defiredby croppinga display-sizedvindowlocatedat A* = (0, 0)

in thetwice down-scaled_enaimage (waveletscaleJ* = J; — 1 = ). Thescaleandanchor

location definingthe Lena128 x 192 SmartNailare {J*, A*} = { ,(64,0)}. Ontheother
hand, theJava192 x 192 and 128 x 192 SmartNailsare definedby {J*, A*} = { , (0,64)}

and{J*, A*} = { , (64, 64)} respectivelyln contrastto therespectivéhumbnailsthe Smart-
Nails providemore-recognizablerepresetiations. Therelativescalingbetweerall thedisplayed

imagesis preserved



