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ABSTRACT
To bridgethemismatch betweenthesizesof imagesanddisplayde-
vices,wepresentanefficientandautomatic algorithmto createan
adaptiveimage representation called SmartNail. Givena digital
image and rectangular displayframesmallerthan the image, we
definetheSmartNailasanappropriatelycroppedpart of a suitably
scaled-down image. We choosethe SmartNail-defining parame-
ters — down-scaling factor andcroppinglocation— to maximize
a bit-allocation-basedcostfunctionthat quantifies the visual im-
portanceof the image contentin theSmartNail.For JPEG2000-
encoded images, the SmartNail parameters can be determined
using just the headerinformation available in the encoded file.
Henceonly the waveletcoefficients required to reconstruct the
SmartNailneedto be decodedfrom the entire JPEG2000 code
stream. Consequently, the SmartNailconstructionrequiresmini-
mal computationsandmemoryrequirements.Simulationsdemon-
stratetheeffectivenessof SmartNailrepresentations.

1. INTRODUCTION

The variety of displaysusedto browseandview imageshascre-
atedaneedto adaptanimagerepresentationto thesizeconstraints
of a given display. For example,a high-resolution imagemight
needto be displayed simultaneously on a desktopmonitor anda
PDA. Theconventional thumbnail representationobtainedby uni-
formly scalingthe whole imageto fit in the displayareais often
unsatisfactory; for example,the imageof a text document scaled
down to fit on a cell-phonedisplaymost likely doesnot convey
muchmeaningfulinformation.

Severalapproacheshavebeenproposed to representimagesin
a smallerdisplay. Oneapproachis to createa representationby
pastingkey-words extractedfrom the original imageusing opti-
cal characterrecognition(OCR) onto a scaledversionof the im-
age[1]. However, suchanapproach is neitheruniversally applica-
ble dueto the unavailability of text key-words in all typesof im-
ages(seeLena imagein Figure4), nor computationally efficient
due to OCR usage. Another approachis to manually associate
a resolution-dependentimportancevaluewith differentimagere-
gionsto aid croppingandscalingat the applicationend[2]. The
needfor manualimageediting makesthesecondapproach unde-
sirablefor generalimagebrowsingapplications.

In this paper, we describea framework to constructan adap-
tive reduced-size imagerepresentationtermedSmartNail (smart
thumbnail) by automaticallyandefficiently scalingandcroppinga
given image. The SmartNailis characterizedby an appropriately�
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locatedwindow in asuitablydown-scaledoriginal image(alsosee
Figure1). We obtainthescalingandlocationparametersby opti-
mizing over a bit-allocation-basedcostfunctionthatmeasuresthe
visual importanceof image information containedin the image
representationdefinedby theparameters.

Characterizinga SmartNailin the wavelet domainallows us
to createthe SmartNailusing wavelet-basedimagecoderssuch
asthe state-of-the-artJPEG2000 (J2K) coder[3]. Thanksto the
J2K code-streamsyntax,the optimal scaleand locationparame-
tersdefiningtheSmartNailarecalculatedfrom thecompressedfile
usingonly the header informationof the J2K-encodedimage;no
decoding is requiredfor thisstep.With knowledgeof theseparam-
eters,theSmartNailcanbeconstructedby decoding theminimum
number of wavelet coefficients from the J2K codestream. Thus
theSmartNailconstructionis veryefficientbothmemorywiseand
computationally.

While a compressed domainimageprocessingalgorithmhas
beenreportedfor traditional JPEGimages[4], the algorithm is
not truly header-based,becauseit needsto parsethe entirecode
stream.Further, thealgorithmis not truly multiresolution,because
it doesnothave accessto any local frequency informationwithout
decoding theimage.

2. MATHEMATICAL PROBLEM FORMULATION

The SmartNailcreationproblem(alsoseeFigure1) describedin
Section1 can be formally posedas the following optimization
problem. Let

�
denotethe original continuous imagewith nor-

malized support � �����
	��
� ������	 , and
���

be the image obtained
by samplingthe low-passfiltered (for anti-aliasing)

�
at rate �

sample/unit-length.Definethe ����� -sizedimagerepresentation��� ��������� �! � � �#" �%$&�(' �#" �%$&��) � �+*��,�+-.��/0� �1�2�
3��
	4�5� ���,�63�
	87 , where
���9�#" �%$&� denotesthe pixel of

���
at image location�#" �2$&� , and �:� � � � * �,� - � denotesthe anchorlocation for the

display. Let ; � ���,��� be a costfunction that measuresthe visual
importanceof the representation

��� ���,��� . Then the SmartNail
solutionis specifiedas

SmartNail � ��� � � �,� � ���
where  <� � �,� � 7=� � >@?,A�B�>@C�ED F ; � �����G��H

Thechallenge in theabove SmartNailformulationis to choosean
easily computable cost function that measuresthe visual impor-
tanceof imageinformation.

We propose usinga weightedsumof thebits spentat low bit
ratesona local region

��� ������� by reasonable multiresolutionim-
agecodersasa cost function that yields meaningful SmartNails



with minimal processing. The numberof bits spentis termedthe
MultiResolutionLocal Information(MRLI). The multiresolution
aspectof the chosencost function is clear — the samplingrate� characterizesthe resolutionat which any spatialregion is de-
scribed.

To motivate that the MRLI provides a reasonable metric to
quantifythevisualimportanceof 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 availablebits. At low bit rates,
an“ideal” imagecoderspends relatively morebits describingthe
importantspatialfeaturesof the imageat the appropriate resolu-
tion. Hencethe total bits spentby the ideal coderon

��� �������
canbe viewed asa metric for the visual importanceof all spatial
featuresobserved at the resolutiondeterminedby � in the rep-
resentation

��� �����G� . Thus the MRLI provided by “ideal” mul-
tiresolutionimagecoderswill serve asan excellentcostfunction
to determineSmartNails.Thoughpracticalmultiresolutionimage
coderscannot be consideredtruly “ideal”, their bit allocationat
low bit ratesstill provide usefulinformationabouttheunderlying
image. HenceMRLI with weightschosento offset someof the
non-idealnatureof practicalimagecoder’s bit allocationprovides
areasonablemetricto quantify theimportanceof achosendisplay.

3. SMARTNAILS IN THE WAVELET DOMAIN

3.1. Wavelets
Thewavelettransformrepresentsacontinuousimage

�
in termsof

shiftedversionsof a low-passscalingfunction I andshiftedand
scaledversionsof a bandpasswavelet function J [5]. For special
choicesof I and J , thefunctionsI�K D L �8M ��� �!N K
O,P IRQSN K M 3UT&V , andJ K D L@D W �8M ��� �XN K�O�P J W Q N K M 3YT V with

M � � �8M *&� M -Z�[) IR � IR, shiftT\� � � T * �,T - ��) ZZ � ZZ, scale]5) ZZ, andsub-bands ^_)` ��.��N1��a�7
form an orthonormal basis. Let �b�XN@c�d,egf for some h f ) ZZ.
Then, a finite-resolution,continuous approximation i� � to

�
is

givenby

i� � �8M �j�lk Lnm c�o D L I c
o D L �8M �5/qpk Wsr f
c�dkK r c
o k L`t K

D L<D W JuK D L<D W �8M ��� (1)

with thescalingcoefficients m K D L � �wv � �2I�K D LZx andwaveletcoeffi-
cients t K D L<D W � �yv � �%JuK D L@D W#x . The scaleparameter] increasesfrom
thecoarsestscaleh�z to thefinestscaleh f . The h f �|{s}.A�~ � �n�_3��
controlsthe resolutionof the wavelet reconstructioni� � of

�
; in

fact,the � ~ norm � i��� 3 � � ~�� � as {s}.A ~ � ��� ��� .
In practice,an imageis typically specifiedin a sampledform

with � samplesavailable along eachdirection; thesesamples
define

� �
. Conventionally, the samplesof

� �
are assumedto

well-approximatethe scaling coefficients m c�d�egf D L of
�

at scaleh f /�����{s}ZA�~�� [5]. A good low-resolution,sampledimage� ~
��� d for h��bh f is definedby using the coarsescalingcoeffi-
cients m c�e_f D L assamples.The coarsescalingandwavelet coeffi-
cientsareeasilyobtainedby passing

� �
througha filter-bank.

3.2. Wavelet-domain mathematical reformulation
The mathematicalformulationdescribedin Section2 can be re-
formulatedin the wavelet domain using the notation described
above. Any ���U� imagerepresentation

��� N c�e_f �,��� obtained

from an arbitrarily sub-sampled image
� ~ ��� d for h|��h f canbe

redefinedin thewavelet domainas
��� N c�e_f �,�G�9� �� m c�e_f D L ' TU)� �+*��,�+-��R/�� ���,��3y�
	��X� �1�,�w3y�
	87 . The set of scalingand

waveletcoefficients � requiredto approximatelyreconstructthis
imagedisplay

�
is givenby1

� � h&�%����� �� m c
o D L '%T�)�� � h z �,7X� t K D L<D W ',h z �U]���h&��T\)\� � ]4����^�)` 4�.��N4�,a47Z7R� (2)

with � � ]4�R� ���� ¡N1¢ c�o<£�c1£�f¡¤1¥(¦�§�§©¨<ª M
�#��� ���2���2�¡«u¬®­ ZZ. The¯ H ° denotesfloor to integer. The set � � h&�,�G� corresponding to
thedifferentimagedisplaychoicesof Figure1 aremarkedby the
hashed regionsin Figure2.

TheMRLI costcanbespecifiedin thewaveletdomainas

; � h��2����� k± � o<² ³.´�µ ¢ c D F ¤
¶ c
o D Lg· � m c
o D L �u/¸k¹�º ² ³�² »¡´4µ ¢ c D F ¤

¼ K D L<D WZ· � t K D L<D W ��� (3)

where· � H � denotesthefractionof bitsspenton thecorresponding
coefficient,and ¶ andthe

¼
denotetheweightschosento offsetthe

non-ideal natureof practicallyavailablebit allocation. Thus the
SmartNailproblemcanbereformulatedin thewaveletdomainas Zh � ��� � 7½� � ><?,AEB�><Cc D F ; � h&�,����H (4)

In words,theSmartNailproblemin thewaveletdomainis equiv-
alentto simultaneouslychoosing theappropriatewaveletscaleh �
andanchorlocation � � .

4. SMARTNAILS FROM J2K IMAGES

J2K is a newly standardizedwavelet-basedcodingschemeto rep-
resentdigital imagesin a coherentcodestreamand file format
[3]. The J2K imagecoding algorithm consistsof the following
steps:(1) Optionallydivide the imageinto independent rectangu-
lar tiles. (2) Take the wavelet transformof eachtile. (3) Parti-
tion the wavelet domainat eachlevel andsub-bandto form local
groups of typically a�N��0a�N or ¾<¿��0¾Z¿ coefficientstermedcode
blocks. (4) Encodeeachcodeblock independentlyusinganarith-
meticcoder. (5) Organizethecodedcoefficientsinto oneor more
layers to facilitateprogression.(6) Assembleall the codedand
organizeddatainto smallerunitscalledpackets. (7) Storetheor-
ganizationalinformation requiredto parsethe codeddatain the
packet headers.

4.1. MRLI from J2K headers
J2K is designedto suit many differentapplications.For example,
a particularimagemaybeJ2K-encodedsuchthat it canberecon-
structedatavarietyof bit rates.Suchfeaturesareenabledbecause
a wide varietyof informationis storedin theheaders.

Using the J2K headerinformation, it is possibleto infer the
numberof bitsallocatedto thedifferentcodeblocksin thewavelet
domainatlow bit rateswith minimalprocessing— only thepacket
headers needto be read; no decoding of wavelet coefficients is
required.

Thepacketheaderscontaininformationsuchasnumberof bits
allocatedto eachcodeblock. For someJ2K files, the bit alloca-
tion at low bit ratescanalsobeextractedfrom thepacket headers.
If the low bit rate information cannotbe directly obtainedfrom
theheaders,thenthenumberof zerobit-planesandcodingpasses
availablein thepacket headersfor eachcodeblock couldbeused
to estimatethebit allocationat low bit ratesfrom thebit allocation
at high bit rates. For simplicity, we assumethat the low bit rate
bit allocationis available. Onesuchextractedmultiresolutionbit
allocationfor the À1��N���À1��N Lenaimageis illustratedin Figure3.

1For a Haarwavelet system,thereconstruction is exact.



From the extractedbit allocation,we canestimatethe MRLI
costfor any imagedisplaychoice.Oneobstaclein estimatingthe
MRLI cost is that while the headersprovide the total bits spent
on eachcodeblock, we needthe fraction of bits spentof indi-
vidual wavelet coefficients to determinethe MRLI using(4). To
resolvethis lackof resolution,weassumethateachwaveletcoeffi-
cientwithin a codeblock equallysharesthetotal bits allocatedby
theJ2K coderto thecodeblock. For example,if Á denotessomea.N5�`a.N -sizedcodeblock that is allocated· � ÁÂ� bits, thenwe es-
timate · � t K D L@D W ���ÄÃ ¢ÆÅ ¤p ~�Ç p ~ for all t K D L@D W )UÁ . TheMRLI costcan
now easilybe calculatedusing (4) with weights ¶ and

¼
chosen

appropriately.

4.2. SmartNail algorithm for J2K-encoded images
Thealgorithmto constructtheSmartNailgivenaJ2K-encoded im-
age,andaspecifieddisplayareaof size ����� pixelsis asfollows:

1. Extract the total bits allocatedto individual code blocks
from theJ2K packet headers.

2. Computethe fraction of bits allocatedto eachwavelet co-
efficient from thetotal bit allocationof Step1.

3. Scaletheinferredbit allocationwith weights¶ and
¼
.

4. Searchfor the scaleandanchor locationof the SmartNail
thatmaximizestheMRLI costfunction.

5. Extractanddecodeonly thepacketscontainingcoefficients
requiredto reconstructthechosenSmartNail.

Steps1 through3 accessonly theheader informationfrom theJ2K
image.Sincetheheaderconstitutesasmallfraction(lessthan2%)
of the J2K file, thesestepscan be implementedvery efficiently
with little memory. Step4 canbeimplementedin lineartimeusing
convolutionof theweightedbit allocationwith a ���9� averaging
filter. Finally, Step5 saveson expensiveJ2Kdecodingoperations.
Thus the SmartNailcanbe constructedwith minimal processing
from J2K headers.

5. RESULTS

We illustrate the performanceof our SmartNail algorithm de-
scribedin Section4.2usingthe À4�@Nj�\À1��N -pixel imagesLenaand
Java shown in Figure4. Imagesencoded with the J2K encoder
operatingin therange0.1–0.75bits perpixel yield similar Smart-
Nails. The resultsin this paperareobtainedby encoding the im-
ageswith a J2K encoderat 0.2 bits perpixel using a�N��na�N -sized
codeblockswith five decomposition levels of the 5-3 reversible
wavelet transform. We computeSmartNailsof sizes �(È�N����(È�N
and �@N<É��0��È.N pixelsfrom eachimage.Thedesireddisplayareas
arechosento be multiplesof the code-blocksize for simplicity.
To incorporatehumantendency to centerthe importantobjectsin
a photograph, the weights ¶ and

¼
in the MRLI costfunctionare

chosento linearly decreasefrom 1 to 0.77towardtheedgesof the
imageat all scales.

As shown in Figure4, for the �(È�N��Ê��È.N display frame,the
SmartNailalgorithmscaledboth the LenaandJava imagesby a
factorof two alongeachdirection,andselectedthelower andup-
perleft regionsrespectively. For the �@N<É��`��È�N displayframe,the
SmartNailalgorithmselectedthe lower-centralandupper-central
pixels respectively from both the twice down-scaledimages.For
bothimages,only 16.7%and13.2%of all waveletcoefficientshad
to be decoded for reconstructingthe ��È�N�����È�N and ��NZÉn���(È�N
SmartNailsrespectively. In contrastto theLenaandJava thumb-
nails,whichareobtainedby uniformly down-scalingtherespective

imagesto fit thegivendisplayareas,theSmartNailsprovide more
recognizable imagerepresentations. For example,the text in the
Java SmartNail2, is morereadablecompared to the Java thumb-
nail 2.

6. CONCLUSIONS

We have proposeda novel framework to representimageswithin
a smallerdisplay frameusinga SmartNail— an adaptive repre-
sentationcreatedby scalingandcroppingtheoriginal image.We
obtainedtheSmartNail-characterizingparametersby maximizing
a bit-allocation-basedcost function that quantifiesthe visual im-
portance of the information containedwithin the representation.
For J2K-encodedimages,theSmartNailis characterizedusingjust
theJ2K headerinformation,andconstructedwith minimal decod-
ing of waveletcoefficientsfrom thecodestream.Thoughwehave
describedanddemonstratedthe SmartNailproblemandsolution
for rectangulardisplaysandsquareimages,theapproachtrivially
generalizesto displaysandimageswith arbitraryshapes.

We arecurrentlyrefiningthealgorithmby improving theesti-
mationof thenumberof bits allocatedto eachindividual wavelet
coefficient from thetotalbitsallocatedto acodeblock. Thiswould
improve the MRLI cost function, therebyyielding betterSmart-
Nails. Further, we arealso refining the estimationof the MRLI
cost function at low bit ratesfrom a given a high-bit-rate J2K-
encoded image.This will enableSmartNailconstructionfrom all
typesof J2K-encoded images.

With standardization,J2K is poisedto becometheimagerep-
resentationformat of choicefor the internet,in medicalimaging,
and in digital cameras.With the numberof digital imagesever-
increasing, fastheader-basedalgorithmssuchasourSmartNailal-
gorithm will becomeextremelydesirable.In additionto adaptive
imagerepresentations,we envision thattheframework introduced
in thispaperwill alsoenableotherdesirablemultiresolutionimage
processing operationsfor JPEG2000imagessuchasheader-based
segmentationandfeatureextraction.

ACKNOWLEDGEMENTS

WethankEdwardSchwartz,MichaelGormish,andMartin Boliek
for many productive discussionsandhelpwith experiments.

7. REFERENCES

[1] A. Woodruff, A. Faulring, R. Rosenholtz,J. Morrison, and
P. Pirolli, “Using Thumbnailsto SearchtheWeb,” in Proc.of
SIGCHI’01, 2001.

[2] K. Lee,H.S.Chang,H. Choi, andS.Sull, “Perception-based
Image Transcoding for Universal Multimedia Access,” in
Proc. IEEE Int. Conf. Image Processing– ICIP ’01, 2001,
vol. 2, pp.475–478.

[3] ITU-T Rec. T.800—ISO/IEC 15444-1:2000, Information
Technology – JPEG2000Image CodingSystem.

[4] R. de Queirozand R. Eschbach, “FastSegmentationof the
JPEGCompressedDocuments,” Electronic Imaging, vol. 7,
no.2, pp.367–377,April 1998.

[5] C. S. Burrus,R. A. Gopinath, and H. Guo, Introductionto
Waveletsand WaveletTransforms:A Primer, Prentice-Hall,
1998.



display area

anchor
point

(P/4,P/4)

original image
(0,0)

(P,P)

(0,0)(0,0)

(P/2,P/2)

(P,P)

representation 1 representation 2

Fig. 1. SmartNailproblem. Fromthe many possiblerepresentations, two exam-
pleswith representation= hashedareaaregiven to fit the original imagewithin
the illustrateddisplayarea. Representation1 suggestsa croppedwindow in the
original resolutionimage,while representation2 suggestsa cropped window in
the original imagescaleddown by a factorof two in eachdirection. The ideal
representationis theonethatconveys themaximumvisualinformation.
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Fig. 2. Thehashedregionsmark thewaveletcoef-
ficientsrequiredto reconstructtherespective repre-
sentationsshown in Figure1.

516 616 345 350 9 56 69 111 0 0 0 0 0 0 0 12

671 592 489 310 42 329 223 90 0 7 14 0 14 14 7 10

213 327 207 279 243 362 272 63 0 36 36 35 36 0 46 0

400 212 386 182 295 334 88 116 0 10 102 213 77 68 6 0

0 132 81 64 0 108 47 45 0 160 148 87 29 140 8 0

8 284 215 31 20 246 141 28 0 221 247 29 14 174 0 0

149 242 96 7 117 205 27 0 10 122 170 27 0 128 0 0

151 228 38 31 97 173 18 0 21 92 146 8 0 40 0 3

0 0 0 73 7 0 0 3 0 0 0 0 0 0 0 0

0 0 0 104 0 11 21 0 0 0 0 0 0 0 0 0

0 7 0 41 49 37 26 0 0 0 0 3 0 0 7 0

0 0 47 62 24 37 7 0 0 4 0 10 0 28 0 0

0 133 81 43 17 18 0 0 0 5 3 23 0 0 0 0

0 25 68 10 13 0 0 0 0 0 30 0 0 0 0 0

6 52 69 9 5 19 0 0 0 0 10 0 0 0 0 0

0 14 73 13 0 0 0 0 0 0 0 0 0 0 0 0

Fig. 3. Lena’sbit allocationextracted
from the J2K header: The numbers
shown arethebitsallocatedby J2Kat�1H À bitsperpixel usingthreelevelsof
decompositionto therespective code
blocks(separatedby thin gray lines).
The gray underlyingpatternsdenote
thewaveletcoefficientsof Lena,with
the thick black lines separatingthe
wavelet sub-bands. The bit alloca-
tionsof J2K provide a goodmeasure
for the visual importanceof the dif-
ferent featuresat their relevant reso-
lutions. We can seethat J2K allo-
catesmany bits to the fine-scalefea-
turessuchasthefeathersin thefinest
scale.The faceregion receivesmore
bits in the intermediatescale,while
the smooth,unimportantbackground
receivesfew bits.

original Lena: À1�@N���À1��N original Java: À1�@N���À1��N

Lenathumbnail1 LenaSmartNail1
displayarea1
( �(È�N��Y�(È�N ) JavaSmartNail1 Java thumbnail 1

Lenathumbnail2 LenaSmartNail2
displayarea2
( ��NZÉ��Y�(È�N ) JavaSmartNail2 Java thumbnail 2

Fig. 4. Results:TheLenaandJavaimage (both À1��N���À1��N pixels)needto berepresentedwithin
two differentdisplayareas of sizes��È�N��U�(È�N and ��NZÉ��U��È.N pixelsrespectively. For both im-
ages, thecoarsestandfinestscalesare h@z��X¿ and h f �
^ ¨@í ~ � À1�@NZ�î3����!É respectively. The
respectiveSmartNailsare displayedwith greatercontrast andare boundedby thick lines. The
Lena �(È�Nï���(È�N SmartNailis definedbycroppinga display-sizedwindowlocatedat � � � � �������
in thetwicedown-scaledLenaimage (waveletscale h � �ðh f 3ñ����ò ). Thescaleandanchor
location definingthe Lena �@N<É��Ê��È�N SmartNailare  .h � �,� � 7��b Zò1� � ¾<¿&���.�,7 . On the other
hand, theJava ��È.N��6�(È�N and ��NZÉ��Y��È.N SmartNailsare definedby  .h � �2� � 7��� <ò1� � ����¾<¿4�,7
and  .h � �,� � 7G�! Zò1� � ¾<¿&��¾<¿4�,7 respectively. In contrastto therespectivethumbnails,theSmart-
Nailsprovidemore-recognizablerepresentations.Therelativescalingbetweenall thedisplayed
images is preserved.


