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Figure1: Ourbackward-compatibleHDR DVD movie processingpipeline.Thehighdynamicrangecontent,providedby advancedcameras
and CG rendering,is encodedin addition to the low dynamicrange(LDR) contentin the video stream. The �les compressedwith the
proposedHDR MPEGmethodcanplayonexistingandfutureHDR displays.

Abstract

To embracethe imminent transitionfrom traditional low-contrast
video (LDR) contentto superiorhigh dynamicrange(HDR) con-
tent, we proposea novel backward-compatibleHDR video com-
pression(HDR MPEG) method. We introducea compactrecon-
structionfunctionthat is usedto decomposeanHDR videostream
into a residualstreamanda standardLDR stream,which canbe
playedon existing MPEGdecoders,suchasDVD players.There-
constructionfunction is �nely tunedto the contentof eachHDR
frameto achieve strongdecorrelationbetweentheLDR andresid-
ualstreams,whichminimizestheamountof redundantinformation.
Thesizeof the residualstreamis further reducedby removing in-
visible detailsprior to compressionusingour HDR-enabled�lter ,
whichmodelsluminanceadaptation,contrastsensitivity, andvisual
maskingbasedon theHDR content.Designedespeciallyfor DVD
movie distribution, our HDR MPEGcompressionmethodfeatures
low storagerequirementsfor HDR contentresultingin a 30%size
increaseto an LDR video sequence.The proposedcompression
methoddoesnot imposerestrictionsor modify the appearanceof
the LDR or HDR video. This is importantfor backward compat-
ibility of the LDR streamwith currentDVD appearance,andalso
enablesindependent�ne tuning, tonemapping,andcolor grading
of bothstreams.
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1 Intro duction
Thereis tremendousprogressin the developmentand accessibil-
ity of high dynamicrange(HDR) imaging technology[Reinhard
etal. 2005].ModerngraphicshardwarepipelinesareHDR-enabled
andHDR camerasanddisplaydevicesareavailable[Seetzenet al.
2004]. In concertwith thosedevelopments,3D graphicsandim-
ageprocessingsoftwareoftenincludeHDR capabilities.Theenter-
tainmentandgamingindustriesalreadyemploy HDR techniques.
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Moviesdigitized from celluloid �lm caneasilycapturea dynamic
rangeof 4–5ordersof magnitudeandmoderndigital cinemacam-
eras,suchasDalsa's Origin R
 or ThomsonViper FilmStreamTM ,
featureextendeddynamicrangecapture. Adjusting the dynamic
rangeto a speci�c displaydevice throughtoneandgamutmapping
canbeperformedin realtimeandaddedasa �nal processingstage
to any digital videoplayer, gameengine,or real-timerenderingsys-
tem[Krawczyketal. 2005].

Givensuchdevelopments,anef�cient methodfor exchangingHDR
informationamongvariousHDR devicesandsoftwarepackagesis
required.Analogousto traditional(LDR) digital imagingtechnol-
ogy, thereis a needfor lossycompressionschemesfor HDR im-
agesandvideo,similar to JPEGandMPEGstandards.An impor-
tant requirementfor suchschemesis backwardcompatibilitywith
existing low dynamicrange(LDR) technology. This problemhas
alreadybeensuccessfullyaddressedby WardandSimmons[2004]
for HDR JPEGencoding. In this work, we focus on backward-
compatibleHDR MPEGcompressiontechniques,whichguarantee
that HDR video can be playedon any modernDVD systemand
theresultingvideoappearanceis thesameasfor traditionalDVDs.
The latter issueis of primary importancesincethe DVD industry
putsmuchexpertiseandeffort into tuningthevideoappearanceon
many typical LDR displaydevices(a dif�cult taskgiven a single
LDR videostreamthatis storedonDVDs) andwouldneveraccept
any hazardousor intentional(third party)departurefrom thetuned
appearance.

The greatestadvantageof HDR video can be expectedfor HDR
displays(e.g.,BrightSideDR37-P),but even nominally LDR de-
vicescanoftentake theadvantageof HDR information.Thequal-
ity of existingDVD contentis inadequatefor many existingdisplay
devicessuchashigh power projectorsand10–12-bitdesktopLCD
displays.Thelimited bit-depthpercolorchannelleadsto thelossof
low contrastdetailsandfalsecontoursin smoothgradientregions.
Suchartifactsbecomea problemfor modernLCD television sets
thatfeaturesharper, brighter, andlessnoisyimagesthantraditional
CRT displaysfor which DVD wasprimarily developed[Daly and
Feng2004]. Clearly, a new HDR video encoding,which is fully
compatiblewith existingLDR devicesandat thesametimeenables
for HDR-awaredevicesto take advantageof HDR information,is
urgentlyneeded.

In thiswork weproposeanovel backward-compatibleHDR MPEG
video encoding(asdepictedin Figure1). The backward compat-
ibility is achieved by encodingthe HDR and LDR video frames
in an LDR streamthat is compatiblewith MPEG decoders,and



a residualstreamthat enablesthe restorationof the original HDR
stream.To minimize redundancy of information,the residualand
LDR streamsaredecorrelated.Suchdecorrelationrequirespercep-
tually meaningfulcomparisonof theLDR andHDR pixels,which
weachieveby introducingapairof correspondingcolorspacesthat
arescaledin termsof thehumanvisualsystem(HVS) responseto
luminanceandchrominancestimuli. We usethesecolor spacesto
build a frame-dependentreconstructionfunctionthatapproximates
valuesof HDR pixels basedon their LDR counterparts.This ap-
proximation,togetherwith othercompressionmechanisms,reduces
theresidualstreamto about30%of thesizeof theLDR stream.Be-
causeof suchasmalloverhead,bothstandardresolutionandHigh-
De�nition movies can �t in their original storagemediumwhen
encodedwith HDR information. SincetheproposedHDR MPEG
encodingdoesnot imposeany restrictionsonLDR or HDR content,
bothvideoscanbeindependentlytunedandtone/gamutmappedto
achieve thebestlook on differentclassesof displays.This tuning
�e xibility is requiredfor currentpracticesof theDVD industry. To
reducethe productioncostsof HDR DVD players,the compres-
sion algorithmis designedso that standard8-bit MPEG decoding
chipsetscanbeusedto decodetheHDR stream.

A secondimportantcontributionof thiswork is thedevelopmentof
aperception-basedHDR �lter thatpredictsthevisibility thresholds
for HDR frames.Ourwavelet-based�ltering approachis fastasre-
quiredby videoapplications,but still modelsimportantcharacter-
isticsof theHVS suchasluminancemasking,contrastsensitivity,
andvisualmaskingfor thefull visibledynamicrangeof luminance.
We apply our HDR �lter to remove invisible noisein the residual
videostreamtaking into accounttheadaptationconditionsandvi-
sualmaskingimposedby the original HDR stream.This leadsto
evenmoreeffectiveHDR videocompressionsincedetailsthatcan-
notbeseenareremovedfrom theresidualstreamprior to encoding.

2 Previous work

This work is the �rst attemptat developing a lossy, backward-
compatibleHDR videoencodingwith propercolorhandling.Since
theproblemof HDR lossycompressionhasalreadybeenpartially
addressed,especiallyfor images,we brie�y discussexisting solu-
tionsfrom thestandpointof their applicationto HDR video.

The problemof dynamicrangecompressionandexpansionarises
in many imaging pipelineswith constrainedbit depthat certain
processingstages(only 6 bits per color channelis often usedfor
DVD movieswhile displayscanhandle8 bits/colorchannel).This
may result in the lossof low amplitudesignalsandfalsecontour-
ing. Bit-depthexpansion(BDE) techniquesaredesignedspeci�-
cally to combatthoseeffectsandachievehigherperceivedbit depth
quality than are physically available. For exampleimperceptible
spatiotemporalnoiseis addedto an imageprior to the quantiza-
tion stepin dither techniques[Daly andFeng2003]. Whenhigher
bit depthinformationis notavailable,low-amplitudedetailscannot
bereconstructed,andprocessingis focusedon removing falsecon-
tours using adaptive �ltering, predictive cancellation,spatial fre-
quency channelcoring techniques[Daly andFeng2004]. All ex-
isting BDE andde-contouringtechniquesareoptimizedfor much
lower bit depthexpansionthanrequiredto accommodateHDR im-
ageandvideocontent.Furthermore,storingHDR videousing8-bit
encodingwith additionalspatio-temporaldither is impracticalbe-
causeditherpatternsdonotcompresswell.

While thedynamicrangeemployed in digital photography is usu-
ally limited to 2–3 ordersof magnitude,a muchbroaderdynamic
rangeof 4–5 ordersof magnitudecan be achieved with analog
�lm. Theproblemof digital encoding,whichemulatesthedynamic
rangeandS-shapedresponsecurve of �lm hasbeenaddressedin

patentliterature[Lucian et al. 2005]. Customwavelet encoders,
suchas layeredwavelet encoders,have beendesignedespecially
for the purposeof storingwide dynamicrangescansof �lm neg-
ativesusedin cinematography [Bogart et al. 2003; Demos2004].
Thesecompressionmethodshowever requiresubstantialbit-rates
andarenotsuitablefor on-DVD storageor real-timeplayback.The
dynamicrangelevel achievedwith analog�lm andits digital emu-
lation is too low for ourpurposes.Besides,wearguethatthevideo
encodingformatshouldbedesignedfor thecapabilitiesof thehu-
maneye ratherthananalog�lm or cameracharacteristics.

Li et al. [2005] proposea wavelet-basedtone mappingoperator
pairedwith an inverseoperatorthat can restorean original HDR
image. Sincethe tone mappingoperatoris designedto preserve
high frequencies,therestoredHDR imageis visually very closeto
theoriginal. Theemphasisonhighfrequenciesmakestheproposed
solutionlesssuitablefor JPEGandMPEG encodings,which em-
ploy quantizationmatricesthatareperceptuallytunedto discarda
greatdealof visually unimportanthigh frequencies.Li et al. re-
port relatively poorcompressionrateswhenthey attemptto usethe
JPEGencodingof their tone-mappedimages.Moreover, a prede-
terminedchoiceof tonemappingoperatoris not acceptablefor our
applicationandahighcomputationcostof thewavelettransforma-
tion makesthis algorithmunsuitablefor video(theauthorsrecom-
mendoversampling,i.e., handlingthesubbandcomputationin the
full imageresolutionto avoid aliasing).

The recent video compressionstandardsoffer an extendedbit-
depthof up to 12bits for ISO/IEC14496-2andISO/IEC14496-10
AVC/H.264 with high pro�les de�ned in the Fidelity RangeEx-
tensions(FRExt). This unfortunatelydoesnot imply that these
extensionsweredesignedto storehigherdynamicrange. Despite
the higherbit-depth,the speci�ed transferfunctionsallow encod-
ing only up to 2.5 log-10units of dynamicrange.Also, encoding
at morethan8 bits is rarely implemented.HDR imagesandvideo
canbe encodedwith the precisionof the humaneye using tradi-
tional video and imageformatsthat allow the encodingof lumi-
nance(transferfunction) with eleven or morebits [Mantiuk et al.
2006b]. This hasbeenshown feasiblefor JPEG2000[Xu et al.
2005]andMPEG-4ISO/IEC14496-2[Mantiuk et al. 2004]. Even
thoughtheseapproachesoffer astraightforwardextensionto theex-
isting formats,they arenot backwardcompatibleandrequiremore
than8-bit decoders,whichareexpensiveandrarelyimplementedin
hardware.

Spauldinget al. [2003] showed that the dynamicrangeandcolor
gamutof typical sRGBimagescanbeextendedusingresidualim-
ages. Their methodis backward compatiblewith the JPEGstan-
dard,but only considersimagesof moderatedynamicrange.Ward
andSimmons[2004]have proposeda backward-compatibleexten-
sionof JPEGwhichenablescompressionof imagesof muchhigher
dynamicrange(JPEGHDR). An HDR imageis tone-mappedand
compressedusingthestandard8-bit JPEGencoder. An additional
subbandimagestorestheratiosbetweentheHDR andLDR lumi-
nancevaluesthatareusedto reconstructtheoriginal HDR image.
The subbandimageis downsampledto reduceits sizeandJPEG
compressed.Two outstandingcontributions of this work are the
maintenanceof backward compatibility with standardJPEGand
�e xibility in choosinganarbitrarytonemappingoperator. Thepro-
posedHDR MPEGcompressionachievesbothof thesegoals,andit
additionallyoffersmore�e xibility in thechoiceof tone/gamutmap-
ping, bettercompressionandis especiallydesignedfor video. We
give a detailedcomparisonbetweenour approachandJPEGHDR
in Section6.



 0

 200

 400

 600

 800

 1000

 1200

 0  50  100  150  200  250

l h
dr

lldr

Figure2: A data�o w of backward-compatibleHDR MPEGencod-
ing. Seetext for details.

3 HDR Video Compression
Thecompletedata�o w of theproposedbackward-compatibleHDR
video compressionalgorithm is shown in Figure2. The encoder
takes two sequencesof HDR and LDR frames as input. The
LDR frames,intendedfor LDR devices, usually containa tone-
mappedor gamutmappedversionof the original HDR sequence.
TheLDR framesarecompressedusinga standardMPEGencoder
(MPEG encodein Figure 2) to producea backward-compatible
LDR stream. The LDR framesare thendecodedto obtaina dis-
torted (due to lossy compression)LDR sequence,which is later
usedasareferencefor theHDR frames(seeMPEG decodein Fig-
ure2). Both theLDR andHDR framesarethenconvertedto com-
patiblecolorspaces,whichminimizedifferencesbetweenLDR and
HDR colors. The reconstructionfunction (seeFind reconstruc-
tion function in Figure2) reducesthecorrelationbetweenLDR and
HDR pixelsby giving thebestpredictionof HDR pixelsbasedon
thevaluesof LDR pixels.Theresidualframeis introducedto store
a differencebetweenthe original HDR valuesandthe valuespre-
dictedby thereconstructionfunction.To improvecompression,in-
visibleluminanceandchrominancevariationsareremovedfromthe
residualframe(seeFilter invisible noisein Figure2). Finally, the
pixel valuesof a residualframearequantized(seeQuantize resid-
ual frame in Figure 2) and compressedusing a standardMPEG
encoderinto a residualstream. Both the reconstructionfunction
andthequantizationfactorsarecompressedusinga losslessarith-
meticencodingandstoredin anauxiliarystream.Themostimpor-
tant stepsof the compressionalgorithmaredescribedin detail in
the following subsectionswhile thedetails,which aresuf�cient to
reimplementthealgorithm,aregivenin thetechnicalreport[Man-
tiuk etal. 2006a].

3.1 Color Space Transformations

Both LDR and HDR framesmust be transformedto compatible
and perceptuallyuniform color spacesto enableany comparison

betweenLDR and HDR pixel valuesand to assesstheir correla-
tion. The“compatible”color spacesmeanherethatcolor channels
of bothLDR andHDR pixelsrepresentapproximatelythesamein-
formation. Perceptualuniformity is neededto estimatecolor dif-
ferencesaccordingto perceivable, rather than arithmetic, differ-
ences. Furthermore,an HDR color spacemust representthe full
color gamutvisible to the humaneye. To achieve all thesegoals,
wehavederivedtwo colorspaces:(i) A colorspacefor LDR pixels
that encodeschromausingCIE 1976Uniform ChromacityScales
(u0, v0, similar to logLuvencoding[WardLarson1998])andluma
usingsRGBnonlinearity, whichconsistof a linearandpower func-
tion segments;(ii) A color spacefor theHDR pixelsusesthesame
u0, v0 encodingfor chromaasthecolor spacefor LDR pixels,and
a perceptuallyuniform luminanceencoding.ThesRGBnonlinear-
ity cannotbeusedfor luminancevaluesrangingfrom 10� 5 to 1010

cd=m2, which can be found in real world scenes.Thereforewe
apply the luminanceencodingthathasbeenderivedfrom thecon-
trastdetectionmeasurementsfor thefull visiblerangeof luminance.
Thisencodingwasshown to havesimilarpropertiesto gammacor-
rectionfor LDR, but canencodeluminancevaluesfound in HDR
imagesusing11–12bits andensuresthat the quantizationerror is
below the thresholdof visibility. A similar encodingwasusedin
thecontext of HDR videoencoding[Mantiuk et al. 2004]. Thede-
tailsandthederivationof thisspacecanbefoundin [Mantiuk etal.
2006b].To convertHDR luminance,y, into 12-bitHDR luma,lhdr ,
weusetheformula:

lhdr (y) =

8
<

:

a� y if y < yl
b� yc + d if yl � y < yh
e� log(y) + f if y � yh

(1)

andfor the inverseconversion,from 12-bit lumato luminance,we
apply:

y(lhdr ) =

8
<

:

a0� lhdr if lhdr < l l
b0(lhdr + d0)c0

if l l � lhdr < lh
e0� exp( f 0� lhdr ) if lhdr � lh

(2)

Theconstantsaregivenin thetablebelow:

a = 17:554 e= 209:16 a0= 0:056968 e0= 32:994

b = 826:81 f = � 731:28 b0= 7:3014e� 30 f 0= 0:0047811

c = 0:10013 yl = 5:6046 c0= 9:9872 l l = 98:381

d = � 884:17 yh = 10469 d0= 884:17 lh = 1204:7

Note that we useu0 andv0 chromaticitiesratherthanu� andv� of
theL� u� v� color space.Althoughu� andv� give betterperceptual
uniformity andpredictthelossof colorsensitivity at low light, they
arestronglycorrelatedwith luminance.Suchcorrelationis highly
undesiredin imageor videocompression.Besides,u� andv� could
reachhigh valuesfor high luminance,which would be dif�cult to
encodeusingan8-bit MPEGencoder.

3.2 Reconstruction Function
Both LDR and HDR framescontainsimilar information and are
thereforestronglycorrelated.This is illustratedin Figure3, which
shows how the luma valuesof an LDR frame relateto the luma
valuesof an HDR frame. The relation is different for eachtone
mappingalgorithm,but in generalit follows anapproximatelylin-
earfunctionwith morevarianceathighvalues.Uncorrelatedpixels
at theright endof thel ldr axisaretheresultof luminanceclamping
that is appliedin many tonemappingalgorithms.Local tonemap-
pingusuallyresultsin highervarianceandthereforeamore“noisy”
shapeof this relation,while globaltonemappingresultsin a direct
one-to-onerelationshipunlesssomepixel valuesareclamped.

The goal of mostcompressionmethodsis to decorrelatedata,so
thatthesameinformationis notencodedtwice. To decorrelateLDR
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Figure3: The relationbetweenLDR (l ldr ) andHDR (lhdr ) luma
valuesfor varioustonemappingalgorithms(markedin red)andthe
correspondingreconstructionfunctions(marked in green). Tone
mappingalgorithms(left to right, top to bottom): [Pattanaiket al.
2000],[Reinhardet al. 2002],[DurandandDorsey 2002]and[Fat-
tal et al. 2002]. Therelationsareplottedfor theMemorialChurch
image.

andHDR frames,we �nd areconstructionfunction, whichpredicts
thevalueof anHDR pixel basedon thevalueof thecorresponding
LDR pixel. Having sucha function we needonly to encodethe
differencesbetweenvaluespredictedby the reconstructionfunc-
tion andthe actualvaluesfrom an HDR frame. Suchdifferences
areusuallycloseto zeroandthereforecanbe ef�ciently encoded
in residualframes. Thereconstructionfunctionneedsto bede�ned
for only 256values(bins)for 8-bit perchannelLDR encoding.The
function doesnot needto be continuoussinceits major role is to
make the valuesof the residualframeassmall aspossible.Some
examplesof reconstructionfunctionsfor differenttonemappingal-
gorithmsareplottedin Figure3 ascontinuousgreenlines.

A mappingfrom LDR valuesto HDR valuesis, in thegeneralcase,
a one-to-many relationship– thereare many HDR pixels values
that fall in one of 256 bins of the reconstructionfunction (LDR
pixel values).Thequestionsis how to �nd avaluefor eachbin that
would leadto thebestcompressionperformance.Weexperimented
with an arithmeticmean,a mediananda midrange1. While the
midrangegave the worst compressionratio, the arithmeticmean
andthemedianexhibitedsimilarperformance.Wehave decidedto
useanarithmeticmeanbecauseof its lowercomputationalcost.

To summarize,we de�ne the reconstructionfunction asthe arith-
meticmeanof all pixelsfalling in acorrespondingbin Wl :

RF(l ) =
1

Card(Wl )
å

i2Wl

lhdr (i) whereWl = f i = 1::N : l ldr (i) = lg

(3)
l = 0::255is anindex of abin, N is thenumberof pixelsin aframe,
l ldr (i) andlhdr (i) arelumavaluesof the i-th LDR andHDR pixel
respectively.

We executeda setof testson videosequencesto decidehow often
a reconstructionfunction shouldbe updated:eachframe,only at
eachintra-encodedframe(I-frame),or if theupdateshoulddepend
on a differencebetweenconsecutive frames.We achievedthebest
compressionratio when the reconstructionfunction was updated

1Midrangeis de�ned asanarithmeticmeanof themaximumandmini-
mumvaluein aset.
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Figure 4: A potential reconstructionfunction for the approach
employed in JPEGHDR [Ward andSimmons2004] compression
(markedin green)anda relationbetweenLDR andHDR pixel val-
ues(marked in red). Theratio usedin JPEGHDR is equivalentto
a linearreconstructionfunction in the logarithmicdomain.Sucha
functiondoesnot decorrelateHDR andLDR lumawell andthere-
fore reducescompressionsavings.

eachframe,while updatingit for every I-frame resultedin severe
artifacts.

TherelationbetweenLDR andHDR framesis complex only for lu-
minance,andcolorchannelscanbequiteaccuratelypredictedwith
simplerelationsuhdr (i) = uldr (i) andvhdr (i) = vldr (i). Although
this maynot be true for somesophisticatedgamutmappingcases,
wedidnot�nd it necessaryto computeareconstructionfunctionfor
chromachannelsfor any of thetonemappingoperatorswe tested.

Sincethereconstructionfunctiontendsto beslowly changingwith
anincreasingslope,weapplyanadaptiveHuffmanalgorithmonthe
differencesbetweenthevaluesin consecutive bins to signi�cantly
reducethe sizeof the storeddata. The sizeof the auxiliary data
stream,which storesa reconstructionfunction,is below 1% of the
total streamsize,thereforeits storageoverheadis almostinsigni�-
cant.

Webrie�y compareourapproachwith theJPEGHDR compression
[Ward andSimmons2004]. A moredetailedcomparisonwill be
givenin Section6. TheJPEGHDR compressionencodesaratiobe-
tweenHDR andLDR luminancevalues,ratherthanadifferencebe-
tweenHDR valuesandthereconstructionfunction.However, it can
beeasilyshown thatsucharatio is meantto achieve thesamegoal,
which is to decorrelateHDR andLDR pixels.Sincearatioof HDR
andLDR luminancecorrespondsto a differencein thelogarithmic
domain,andour luminanceto lumamappingfrom Equation1 has
roughly logarithmic properties,the ratio encodingof JPEGHDR
correspondsto alinearreconstructionfunctionlhdr = a� l ldr . As we
experimentedwith suchsimplereconstructionfunctions,we found
that they give inferior resultscomparedto better�tted ones,like
thosecomputedfrom Equation3. In Figure4 we plot the recon-
structionfunction usedin JPEGHDR. Obviously, it doesnot fol-
low thedatawell andsomelumainformationis thereforeencoded
twice in an LDR and an HDR (subband)stream,which leadsto
worsecompressionperformance.

3.3 Residual Frame Quantization

Although the magnitudesof the differencesencodedin residual
framesareusuallysmall, they canin fact take valuesfrom � 4095
to 4095(for 12-bit HDR luma encoding). Suchvaluescannotbe
encodedusingan8-bit MPEGencoder. AlthoughMPEGstandards
provide anextensionfor encodinglumavalueson 12 bits, suchan
extensionis rarely implemented,especiallyin hardware. Instead,



Figure5: Residualframebefore(left) andafter (center)�ltering
invisible noise.Details,suchaswindow frame,arelost whenlow-
pass�ltering (or downsampling)is used(right). Greencolor de-
notesnegative values. The Memorial Church imagecourtesyof
PaulDebevec.

we would like to reducethe magnitudeof residualvaluesso that
they canbeencodedusingastandard8-bit MPEGencoder.

We have experimentedwith a non-linearquantization,wherelarge
absolutevaluesof residualswere heavily quantized,while small
valueswerepreserved with maximumaccuracy. Sincefew pixels
containa largemagnitudeof residual,mostpixelsarenot affected
by the strongquantization. Sucha solution, althoughgiving the
bestSNR, resultedin poor visual quality for someimages. This
was becausethe very few pixels that were heavily quantizedat-
tractedattentiondueto largequantizationerrors.Thereforethe �-
nal judgementof quality wasmostly basedon thosefew distorted
pixels.

A simpleclampingof residualvaluesto 8-bit rangeproducedvi-
suallybetterresults,but at thecostof losingsomedetailsin bright
or dark regions. Additionally, to reduceclampingat the costof a
strongerquantization,theresidualvaluescanbedividedby a con-
stantquantizationfactor. Sucha factorwould decideon thetrade-
off betweenerrorsdueto clampinganderrorsdueto quantization.
Furthermore,we observed that very few bins of a reconstruction
functioncontainresidualvaluesthatexceed8-bit range.Therefore
thequantizationfactorcanbesetseparatelyfor eachbin, basedon
the maximummagnitudeof the residualthat belongsto that bin.
Therefore,the residualvaluesafter quantizationcanbe computed
as:

r̂ l (i) = [r l (i)=q(m)] � 127� 127, wherem= k , i � Wk (4)

and quantizationfactor, q(m), is selectedseparatelyfor eachbin
Wk:

q(m) = max(qmin;
maxi2Wl (jr l (i)j)

127
) (5)

qmin is a minimum quantizationfactor, which is usually set to 1
or 2. [�]� 127� 127 is anoperatorthatroundsthevaluesto theclosest
integerandthenclampsthemif they aresmallerthan� 127or larger
than127.Thel subscriptin r l denotesa lumachannel.

Thequantizationfactorsq(m), wherem= 0::255,needto bestored
in an MPEG streamto later restorenon-quantizedresidualvalues
on thedecodingstage.We storequantizationfactorstogetherwith
thereconstructionfunctionin theauxiliarydatastream.Sincequan-
tization factorsareusuallyequalto qmin exceptfor a few bins,we
foundthata run-lengthencodingfollowedby theHuffmanencod-
ing caneffectively reducethesizeof thisdata.

3.4 Filtering of Invisible Noise

Residualframesdo not compresswell mainly becausethey con-
tain a large amountof high frequencies.Thesehigh frequencies
comefrom threesources:noisein thesourceHDR images,round-
ing errorsfrom the tonemappingalgorithm,andthe DCT quanti-
zationerrorsdueto MPEGencodingof LDR frames(refer to Fig-
ure2). However, muchof thishigh frequency informationdoesnot
needto bepreservedin theresidualstreamsinceit is not visible to
the humaneye. To remove suchinvisible noiseandthusimprove
compressionef�ciency, we introducea �ltering algorithmbasedon
a simpli�ed modelof the humanvisual system(HVS). Although
modelsof theHVS have beenusedbeforein CG to controlrender-
ing [Ferwerdaet al. 1997;Bolin andMeyer 1998;Ramasubrama-
nianetal.1999],theproposed�ltering algorithmhasbeenspecially
designedto handleHDR dataandit hasbeenoptimizedfor speed,
sothatit canef�ciently processvideosequences.It is alsodifferent
from a typical denoisingalgorithms,e.g. [BennettandMcMillan
2005], sinceit operateson imperceivable, ratherthanperceivable
noise.It canbeusedasastandardtool whichguaranteesthatall the
visualinformationthatcannotbediscerneddueto imperfectionsof
thehumaneyeandearlyvisionprocessingwill be�ltered out from
theimage.

The standardMPEG encodingalreadyincorporatesmany aspects
of humanvision in orderto improve compressionef�ciency. The
gammacorrectedcolorspace(or transferfunction)accountsfor lu-
minancemasking(sometimeswrongly namedthe Weber-Fechner
law [Mantiuk et al. 2006b]). The limited spatialcontrastsensitiv-
ity of the HVS is utilized by the DCT quantizationmatrix. Two
differentquantizationmatricesareusedfor inter- andintra-frames
to takeadvantageof lowersensitivity to high temporalfrequencies.
However, contrastmasking(or visualmasking)is very poorly pre-
dictedby themechanismof MPEGencoding.Sincecontrastmask-
ing is primarily responsiblefor maskinginvisible high frequency
noise,we focuson modelingthis aspectof theHVS to �lter resid-
ual frames.

Thereareseveralmethodsthatincorporatevisualmaskingin image
encodingalgorithms,suchasoptimizedDCT quantizationmatri-
ces[Ahumadaand Peterson1993; Watsonet al. 1994], the pre-
quantizationscheme[Safranek1993], or the point-wiseextended
maskingin theJPEG-2000standard[Wenjunetal.2000].However,
sinceall theseapproachesareeithernotsuitablefor videoor require
signi�cant changesin the MPEG encoder/decoder, we decidedto
useyet anotherapproach,which involvesthepre�ltering of resid-
ualframesbeforethey arepassedto theMPEGencoder. Pre�ltering
methodshave beenshown to improve video compression[Border
andGuillotel 2000]. They do not dependon a compressionalgo-
rithm andthereforedo not requireany changesto theencoder. The
proposedpre�ltering algorithmpreciselymodelscontrastmasking
in the wavelet domain,which is quite dif�cult and inaccuratein
theDCT domain. Thepre�ltering is especiallywell suitedfor the
residualframes,sincethey containmostlylow magnitudecontrast,
while pre�ltering involvesthresholdingof waveletcoef�cients that
arebelow thepredictedvisibility level. If thewavelet coef�cients
arelow, mostof themaresetto zeroandthereforecompressionef-
�ciency is improved. Thepre�ltering affectsonly encodingspeed
while decodingspeedis usuallyimproveddueto thereducedstream
size.

Theinput to our residual�ltering algorithmconsistsof two frames:
aresidualframe(Figure5 left) andanoriginalHDR frame,whichis
a masker for theresidual.Both framesshouldbestoredin theper-
ceptuallyuniformluma/ chromacolorspace.Outputof the�ltering
is aresidualframewith highfrequenciesattenuatedin thoseregions
wherethey arenotvisible(Figure5 center).Thedata�o w of theal-
gorithmis shown in Figure6. Thoughwe describeprocessingthat



Figure6: A data�o w of theresidualframe�ltering, whichremoves
imperceptiblenoisefor bettercompressionperformance.

is doneon a luma channel,the sameprocessingis performedfor
two chromachannels,which aresubsampledto half of their origi-
nal resolution.This approximatelyaccountsfor thedifferencesbe-
tweenthe ContrastSensitivity Function(CSF) for luminanceand
chrominance.

In the �rst step we apply the Discrete Wavelet Transform to
split a residualframe into several frequency and orientationse-
lective channels. We have experimentedwith the cortex decom-
position [Watson1987] performedin the Fourier domain,which
can betterapproximatevisual channels,but we rejectedthis ap-
proachdue to prohibitively long executiontimes(up to 1 minute
per frame). Wavelets,on the otherhand,leadto computationally
moreef�cient algorithmsandwereshown to beusefulfor model-
ing many aspectsof theHVS [Bradley 1999;Wenjunet al. 2000].
We employ CDF 9/7 discretewaveletbasiswhich is alsousedfor
the lossycompressionof JPEG-2000.This waveletbasisprovides
agoodtrade-off betweensmoothnessandcomputationalef�ciency.
We useonly the three�nest scalesof the wavelet decomposition
since�ltering of lower spatialfrequenciesat coarserscalescould
leadto noticeableartifacts.

In thenext stepweaccountfor lowersensitivity of theHVS for high
frequencies,whichisusuallymodelledwith theContrastSensitivity
Function(denotedasCSF in Figure6). We weight eachbandof
waveletcoef�cients by a constantvaluein thesameway asis done
in JPEG-2000. The weighting factorsfor a viewing distanceof
1,700pixels(� 1:5 � screenheight)aregivenin thetablebelow.

Scale LH HL HH

1 0.275783 0.275783 0.090078

2 0.837755 0.837755 0.701837

3 0.999994 0.999994 0.999988

The visual channelshave limited phasesensitivity, rangingfrom
45� to morethan90� . Becauseof this, the maskingsignalaffects
not only regions wherethe valuesof wavelet coef�cients are the
highest,but mayalsoaffectneighboringregions.Phaseuncertainty
reducestheeffectof maskingatedges,asopposedto textureswhich
show ahighamountof masking.Following thepoint-wiseextended
maskingin JPEG-2000[Wenjunet al. 2000],we modelphaseun-
certaintywith theL0:2-norm:

L̄CSF =
1
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Figure7: Thethresholdelevationfunctionfor contrastrepresented
as wavelet coef�cients. Data points were found from the model
proposedby Daly [1993] afterconversionto new unitsof contrast.
The solid line is a model from Equation7, which approximates
thesedatapoints.

whereQ denotesaneighborhoodof awaveletcoef�cient (weusea
box13� 13kernelin our implementation).

In thefollowing stepwe predicthow contrastthresholdschangein
thepresenceof a maskingsignal,which is anoriginal HDR frame
in our case. To model contrastmasking,we employ a threshold
elevation function, which we derive from the modelproposedby
Daly [1993] (alsousedin [Ramasubramanianet al. 1999]). We as-
sumea maskingslopeof 1:0, which wasshown to be appropriate
for natural images[Mantiuk et al. 2005]. We modify the origi-
nal thresholdelevation function to make it applicableto the per-
ceptuallyuniform lumaspace,whichwe introducedin Section3.1.
Thresholdelevationfor thisspacecanbeapproximatedby thefunc-
tion:

Te(L̄CSF ) =
�

1 if L̄CSF � a
c� (L̄CSF ))b otherwise

(7)

whereL̄CSF is awaveletcoef�cient, a = 0:093071,b = 1:0299and
c = 11:535. The function with original datapoints is plotted in
Figure7.

Next, we compareeachCSF weightedcoef�cient of a residual
frame, RCSF , with the correspondingvalue of the thresholdele-
vation Te. If the residualis smaller than the visibility threshold
predictedby the thresholdelevation function from Equation7, we
cansafelysetthis coef�cient to zerowithout introducingvisually
noticeablechanges.Formally, it canbewrittenas:

Rf il t =
�

0 if Te(L̄CSF ) < RCSF
R otherwise (8)

Finally, we transformthe �ltered waveletscoef�cients, Rf il t back
to theimagedomain(DWT � 1 in Figure6).

The pre�ltering methodpresentedabove cansubstantiallyreduce
thesizeof a residualstreamandis a reasonabletrade-off between
computationalef�ciency and accuracy of the visual model. The
encodingtime is affectedby no more than80% when�ltering is
usedand it canonly reducedecodingtimesbecauseof a smaller
resultingbit-stream.We have resolvedto simplify someaspectsof
thevisualmodelin orderto bring theperformanceto anacceptable
level. For example,we do not modeltheOpticalTransferFunction
(OTF) sincewefoundthatits localeffect is negligible (closeor be-
low theMTF of a monitor) for typical viewing conditionsandthe
�are effect would requiremuchlargerkernelsor operationsin the
Fourierdomain,whichwouldslow down �ltering signi�cantly. For
performancereasonswe usewavelets,which do not modelvisual
channelsasaccuratelyasothertransformationsdesignedespecially



for thatpurpose.Sincewe do not have preciseinformationon the
optical �o w, we cannot model temporalaspectsof the CSF. The
temporalCSFis partially takeninto accountby theMPEGencoder.
Nevertheless,the proposedpre�ltering methodtakesinto account
moreperceptualfactorsthanmoststate-of-the-artvideo compres-
siontechniquesandcanadditionallyhandleHDR scenes.

Notethatthis is not theonly possible�ltering schemeandsomeap-
plicationsmayusedifferent�lters. For example,sub-samplingand
reducingthe resolutionof residualframes,asdonein [Ward and
Simmons2004],canimprove bothcompressionef�ciency anden-
coding/decodingspeed,but at thecostof blurry artifacts,especially
in the regionswhereLDR pixels have beenclampedto minimum
or maximumvalues.If videois to bedisplayedonaparticulartype
of display, thereis noreasonto encodetheinformationthatcannot
bedisplayed.Thereforethe �lter cantake into accountthe limita-
tionsof thedisplay, which areusuallymorerestrictive thanthefull
capabilitiesof theHVS.

4 Implementation Details

The implementation of MPEG-4 Advanced Simple Pro�le
ISO/IEC 14496-2,available from http://www.xvid.org/ , was
usedasa baseMPEG encoder/decoder. However, our methodis
not restrictedto any particularimplementationandany othervideo
or imageencodercouldbeusedinstead.Thebackward-compatible
HDR encoder/decoderhasbeenimplementedasa dynamiclibrary
to simplify integrationwith externalsoftware. We separatelyim-
plementeda setof command-linetools for encodinganddecoding
video streamsto and from HDR image�les and integratedthem
with the pfstoolsframework (http://pfstools.sourceforge.
net/ ). An LDR streamcanbeplayedbackusingany videoplayer
capableof decodingMPEG-4video.To playbackanHDR stream,
we have developeda customHDR videoplayer, which candisplay
videoonbothLDR andHDR displays[Seetzenetal. 2004].

Since HDR video playback involves decoding two MPEG-4
streams,an LDR and a residualstream,achieving an acceptable
framerateis morechallengingthanin thecaseof anordinaryLDR
video. To boostplaybackframerate,we movedsomepartsof the
decodingprocessto graphicshardware. We found that both color
spaceconversionandup-samplingof color channelsarecomputa-
tionally expensive when executedon a CPU while the sameop-
erationscan be performedin almostno time on a GPU as frag-
mentprograms.Theremainingpartsof thedecodingandencoding
algorithmwere implementedusing the SSEinstructionsetwhen-
ever possible.Additionally, somecolor conversionfunctionswere
signi�cantly acceleratedwith theuseof �x edpoint arithmeticand
lookuptables.All thoseoptimizationslet usachieve real-timesoft-
wareplaybackof HDR movies (25–50framesper secondfor the
VGA resolution,dependingon a hardwarecon�gurationandqual-
ity settingsof thecompression).

5 Results

To testtheperformanceof our backward-compatibleHDR MPEG
compression,we have executedanextensive setof over 1,500tests
on imagesandvideosequences.A goodvideocompressionshould
produceavideostreamof thesmallestsize(measuredin ourtestsas
thenumberof bitsperpixel) atthehighestquality. Althoughsimple
arithmeticmetrics,suchasSignalto NoiseRatio(SNR),areusually
usedto measurethe quality of compressedimages,we follow a
commonpracticein CG[WardandSimmons2004;Xu etal. 2005]
andalsouseadvancedmetricsthat accountfor the aspectsof the
HVS. We usedthe following metricsto evaluatethequality of the
decodedimagesandvideosequences:

HDR VDP — Visual DifferencePredictor for High Dynamic
Rangeimages[Mantiuk et al. 2005]. This is a �delity metric that
canpredictthedifferencesbetweentwo imagesthatarelikely to be
noticedby a humanobserver. This metrichasbeenespeciallyde-
signedfor HDR imagesandtakesinto accountsucheffectsaslight
scatteringin theopticsof theeye, luminancemaskingfor thevisi-
ble rangeof luminance,spatialcontrastsensitivity, localadaptation
andvisualmasking.Theresultof theHDR VDP is aprobabilityof
detectionmap,which assignsfor eachpixel a probability that the
differencecanbe noticed. For easierinterpretationof the results
we have summarizedthepredictionof theHDR VDP with a single
number, which is a percentageof pixels in an imagethat exceed
75%probabilityof detection.Thelower percentagedenotesa bet-
ter quality, asfewer pixelsarenoticeablyaffectedby compression
distortions.We usedtheoriginal implementationof theHDR VDP
providedby theauthors.

UQI — UniversalImageQuality Index [WangandBovik 2002].
Thisqualitymetricmodelsany imagedistortionasacombinationof
threefactors:lossof correlation,luminancedistortion,andcontrast
distortion.Theindex, althoughit doesnotemploy any modelof the
HVS,showsconsistency with asubjectivequalitymeasurementand
performsbetterthanthemeansquarederror. Thequality index can
rangefrom � 1 (theworstquality) to 1 (thebestquality). We have
implementedthismetricaccordingto theoriginalpaper[Wangand
Bovik 2002]. To adaptthis metric to HDR images,we provide for
input lumavaluescomputedwith Equation1.

SNR — Signal to NoiseRatio. This is the simplestbut also the
most commonlyusedmetric, which doesnot model any aspects
of the HVS and may not be consistentwith a subjective quality
measurement.We usedthestandardformulasto computetheSNR
for thelumavaluescomputedwith Equation1. Thelargervalueof
SNRusuallyresultsin higherquality.

In thefollowing sectionswe analyzeseveralaspectsof our encod-
ing schemebasedon thecollectedtestresults.

5.1 In
uence of Tone Mapping Operator

Although thereareno restrictionson tonemapping/ gamutmap-
ping or stylizing usedto obtain LDR frames,the choiceof such
processingwill obviously affect the ef�ciency of compression.
We testedour encoderwith � ve tonemappingoperators(TMOs)
from thepfstmopackage2 (labelsin italics): Pattanaik00— Time-
DependentVisualAdaptation[Pattanaiketal. 2000];Durand02—
FastBilateralFiltering [DurandandDorsey 2002];Reinhard02—
PhotographicToneReproduction[Reinhardet al. 2002]; Fattal02
— GradientDomain[Fattaletal.2002];Drago03— AdaptiveLog-
arithmicMapping[Dragoet al. 2003]. We usedthedefault param-
etersfor all TMOs. To preventtemporal�ick eringin tone-mapped
video sequences,we addedextensionsto the original TMOs that
ensuredtime-coherenceof the TMO parameters.The extension
ensuredthat the maximumdifferenceof selectedparameters(e.g.
LWhite for theReinhard02TMO) betweenframesis alwaysbelow
thevisibility threshold.

Figure8 shows how theef�ciency of compressionis affectedby a
TMO. The resultsfor mostTMOs arein fact similar, with theex-
ceptionof Fattal02, which resultsin signi�cantly larger streams.
This is mainly becausetheoperatorintroducesthe largestchanges
of local contrastin LDR frames,which resultsin thehigh variance
of residualvalues.Theresultis consistentwith ourearlierconsider-
ationsin Section3.2,which suggestedthatglobalTMOs arebetter
approximatedby thereconstructionfunctionandthereforeresultin

2More details on the pfstmo at: http://www.mpii.mpg.de/
resources/tmo/
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Figure8: Comparisonof compressionperformancefor differenttonemappingoperators.SeeSection5 for the descriptionof the quality
metrics.“+” denotesmeasurementpointsfor aselectedimage.

smallermagnitudesof theresidual.If Fattal02 is usedto generate
LDR video,thesizeof theLDR streamis alsoaffectedsincehigh
frequencies,whicharepoorlycompressedby theMPEGencoding,
areenhanced(we expectsimilar problemswith the tonemapping
approachproposedby Li et al. [2005]). Nevertheless,Fattal02
gave the mostattractive LDR images. Thereforethe selectionof
a properTMO for compressionis often a combinedaestheticand
economicchoice.

5.2 The E�ect of Invisible Noise Filtering

We validatethealgorithmfor �ltering invisible noise,describedin
Section3.4, for a rangeof MPEG quality settings.Figure9 illus-
trateshow thesizeof aresidualstreamis reducedwhenthe�ltering
is used.Notethatthelargestsavingsarepossiblefor thebestquality
settings.This is becausethestrengthof the �ltering is determined
by the visibility thresholds,which do not dependon quality set-
tings.The�ltering hasaminimal impacton thestreamsizefor low
quality settingssincethe distortionsintroducedby the aggressive
DCT quantizationarefarabove thevisibility thresholdsusedin the
�ltering. Figure13showshow boththetotalstreamsizeandquality
areaffectedwhentheresidualframesare�ltered. Althoughthe�l-
teringin factintroduceschangesthataredetectedby theHDR VDP
(probablydueto amismatchin thevisualmodelsusedby the�lter -
ing andtheHDR VDP), thelossof quality is fully compensatedby
thebit-ratesavings(seeFigure13). Moreover, we observe thatthe
subjective quality of �ltered video is betterthanpredictedby the
HDR VDP. This is becausethe blurry artifactsdueto the wavelet
based�ltering arelessobjectionablethanblocky artifactsof DCT
coding(seeFigure12). AlthoughHDR VDP canpredicttheexis-
tenceof visible distortions,it canneitherestimatetheir magnitude,
nor their impactonperceivedquality.

5.3 Comparison with Lossy HDR Compression
Metho ds

Theperformanceof theproposedmethod(labeledasHDR MPEG)
hasbeencomparedwith two otherslossyHDR compressionmeth-
ods:

HDRV — Perception-motivatedHDR Video Encoding[Mantiuk
et al. 2004]. This is the �rst lossy HDR video compression
method,which, however, doesnot offer backward compatibility.
The methodencodesHDR pixels using11 bits for luminanceand
twice8 bits for chrominance.Sincetheresultingvideostreamdoes
not containany information on LDR frames,it can be expected
that this compressionmethodgivesbetterresultsthanbackward-
compatiblemethods. We usedthe original implementationpro-
videdby theauthors.

JPEG HDR — Subbandencodingof highdynamicrangeimagery
[Ward andSimmons2004; Ward andSimmons2005]. This is a
backward-compatibleHDR image encoding,which is conceptu-
ally theclosestto our method.A detailedcomparisonof bothour
approachandJPEGHDR is given in Section6. The methodin-
volvessub-samplingof asubbandlayer(aresidualframein thecase
of our encoding),which can leadto the lossof high frequencies.
To prevent this loss, the methodsuggeststhreeapproaches:pre-
correction of LDR layer, to encodewithin this layerhigh frequen-
cies that canbe lost dueto sub-sampling;post-correction which
triesto restorehighfrequenciesthathavebeenlostratherthanmod-
ifying LDR image,andfull-sampling, which meansthat no sub-
samplingis performed. We usedthe original encoding/decoding
library providedby theauthors.

To evaluatethe performanceof intra-frame(image)compression,
we ran the testson eight representative HDR images. We chose
the Reinhard02 TMO to compareour algorithm with other lossy
compressionmethods. This TMO performedsimilar to the oth-
ersandis alsousedin JPEGHDR. Figure14 shows the averaged
results. The HDRV encodingclearly shows the bestperformance
for all threequality metrics. This canbe explainedby the lack of
any informationon an LDR stream,which reducesthe amountof
information that needsto be storedbut alsomakes this encoding
incompatiblewith theLDR MPEGformat. For theHDR VDP and
theUQI, JPEGHDR performsalmostthesameasour methodfor
the pre-correctionand the post-correctionapproach,but is worse
for the full-sampling. Note thatour compressionmethoddoesnot
involve sub-samplingand thereforeis closerto the full-sampling
than the other two approaches.JPEGHDR performsworsethan
our methodfor theSNRmetric. Theimprovedperformanceof our
encodingoverJPEGHDR for imagesis surprising,sincetheimage
encodingalgorithms,suchasJPEG,areknown to performbetter
thanintra-framevideoencoding.Thisis dueto betterarithmeticen-
codingandaquantizationmatrix,which is especiallyoptimizedfor
images.Anotherdifferencebetweentwo methodsthat affectsthe
performanceis thatHDR MPEGencodesinformationon all color
channelsin theresidualstreamwhile theJPEGHDR encodesonly
luminancein theadditionalsubbandlayer(seedetailsin Section6)

The performanceof inter-frame (video) compressionwas tested
on two video sequencesfor both HDR MPEG andHDRV, while
JPEGHDR wasnot includedin thesetests. Sinceboth the VDP
andtheUQI aredesignedfor imagesandarelesssuitablefor video
(largecomputationalcost,lack of temporalaspects),we computed
theSNRoverall videoframesto measurequality. Theaveragedre-
sultsfor two videosequencesareshown in Figure10. Similarly as
for images,HDRV gavebetterSNRthanHDR MPEGfor thesame
numberof bits. HDR MPEG,however, couldachieveahigherSNR
thanHDRV for veryhighbit-rates.
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Figure12: Quality comparisonfor an imagecompressedwithout �ltering (left) and
with invisible noise�ltering (right). Both imageswere compressedto streamsof
approximatelythesamesize.Thestronglyvisibleblocky artifactsin theimagecom-
pressedwithout �ltering becomebarelynoticeablein the“�ltered” image.Notethat
theartifactsmaynotbevisible in print andshouldbeobservedonagamma-2.2mon-
itor. No �ltering: qscale= 6, bpp= 1:37, HDR VDP 75%= 3:12%;With �ltering:
qscale= 2, bpp= 1:23,HDR VDP 75%= 1:11%.
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5.4 The Cost of Encoding Residual Stream

The proposedHDR encodingmethodis designedto be an exten-
sion to the existing MPEG formats. Therefore,it is interestingto
know how much more datamust be storedto include additional
HDR information.We plot thesizeof thetotal HDR stream(LDR
+ Residual+ Auxiliary stream)againstthesizeof theLDR stream
in Figure11. Theresidualstreamdoesnot seemto dependon the
quality settingsasmuchastheLDR stream.Thereforeits sharein
the total streamsizeis the smallestfor high quality settings.This
can be expectedsincethe residualstreamencodesthe difference
betweenLDR andHDR frames,includingthosedifferencesthatre-
sult from lossycompressionof theLDR stream(referto theMPEG
encodinganddecodingstagesin Figure2). ThelowerqualityLDR
streammeansthatmoreinformationneedsto bestoredin theresid-
ual stream.Overall, theshareof residualstreamrangesfrom 5 to
70percent,dependingontheimage,qualitysettingsandaTMO. A
well chosenTMO anda decentquality settingsresultin a residual
streamthatis 25–30%of theLDR stream.Thesizeof theauxiliary
streamis negligible.

6 Discussion

Althoughtheproposedbackward-compatibleHDR encodingalgo-
rithm seemsto beconceptuallysimilar to theJPEGHDR compres-
sion[WardandSimmons2004],thereareseveral importantdiffer-
encesbetweenthe approaches,which not only enablevideo com-

pression,but alsoresultin bettercompressionandmore�e xibility
of HDRMPEG.Asdiscussedin Section3.2,HDRMPEGcanadapt
the reconstructionfunction to the tone/gamut mappingalgorithm
usedto generateLDR framesandthereforereducesthemagnitude
of the residualvalues.This resultsin bettercompressionratiosas
comparedto JPEGHDR (referto Section5.3),althoughtheresults
would beevenmorefavorableif we hadusedtheJPEGalgorithm
insteadof MPEGintra-framecompressionto encodeimages.Fur-
therbit-ratesavings in MPEGHDR comefrom perceptuallyopti-
mizedcolor spacesfor HDR pixels(referto Section3.1).

HDR MPEGoffersperceptuallyconservativeandtimecoherenten-
codingof residualvalues,while JPEGHDR suggestsanad-hocap-
proachto encodingsubband,which is not suitablefor video. The
JPEGHDR encodertransformssubbandvaluesto the logarithmic
domainandthenlinearly scalesthemsothat theminimumandthe
maximumvalues�t in the0–255range.Sincetheminimumandthe
maximumsubbandvaluecandiffer from imageto image,thescal-
ing factorcanalsochangefrom frameto framefor videosequences,
which would resultin temporal�ick eringandlack of temporalco-
herencein subbandframes.Sucha lack of temporalcoherencecan
signi�cantly impact the performanceof MPEG inter-frame com-
pression.HDR MPEG,on theotherhand,guaranteesthetemporal
coherenceof residualframes.Moreover, the linearscalingof sub-
bandvaluesin JPEGHDR makesthequantizationof thesubband
layerdif�cult to predictandcontrol.JPEGHDR will quantizesub-
bandvalueswith high accuracy for thoseimagesthat leadto small
magnitudeof subbandvalues,perhapswastingsomebit-rateon in-
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Figure14: Comparisonof lossyHDR compressionalgorithms.Averagedresultsfor asetof images.

visible contrastdetails. For anothersetof images,which resultin
large magnitudeof subbandvalues,JPEGHDR canquantizetoo
coarsely, leadingto contouringartifacts. To reducequantization,
JPEGHDR skipsa small percentof the brightestandthe darkest
pixels in animage,which however canleadto lossof somedetails
(seeFigure15). HDR MPEG quantizescolor valuesconsistently
for consecutive framesandthe quantizeris basedon the visibility
thresholdsof theHVS ratherthanframecontent.

UnlikeJPEGHDR, theproposedcompressionmethoddoesnot im-
poseany restrictionson thechoiceof aTMO andagamutmapping
algorithm. A TMO for HDR MPEG cansaturateboth luminance
andcolor, changecolor valuesandenhancelocal contrast. Such
changesmay result in a lower compressionratio, but both LDR
andHDR frameswill be preserved in the resultingvideo stream.
JPEGHDRwill losemostcolordifferencesbetweenHDRandLDR
sinceit doesnotstorecolor in thesubbandlayer. Suchunrestricted
controlover theappearanceof bothLDR andHDR streamsis very
importantfor our major application- a storageformat for digital
movieswhoseappearancecannotbecompromised.

Finally, a sub-samplingof the subbandlayer in JPEGHDR may
lead to the loss of visible details. Although the pre-correction
may be usedto avoid loss of high frequency details, this leads
to distortedLDR frames,which, similar to the compandingap-
proach[Li et al. 2005], is not acceptablefor applicationsrequir-
ing uncompromisedquality of tone-mappedimages. The post-
correction, althoughit doesnotmodify thesourceimage,alsodoes
not give asgoodresultsas the pre-correction. Full-sampling, on
the other hand, doesnot give as good compressionratio as the
othertwo approaches.Thecounterpartof sub-samplingin thepro-
posedHDR MPEGis �ltering of invisible noise(seeSection3.4).
The �ltering hasa similar goal as the sub-sampling— to reduce
high frequency noiseandimprove compression,but it doesit in a
moreselective manner. Theproposed�ltering removesonly those
high frequency detailswhich arenot visible andthereforecanbe
smoothedout without impairing thevisualquality of the resulting
video. Sub-sampling,obviously, cannotgive sucha guarantee(re-
fer to Figure5).

7 Conclusions and Future Work

In this work we proposea �rst backward-compatibleHDR MPEG
video compressionmethodthat can facilitate a smoothtransition
from LDR to HDR content. The storagecost of a backward-
compatibleHDR streamis modest(about30% overhead),com-
paredto the hugestoragerequirementof High De�nition video.
Theproposedformatis especiallysuitablefor DVD movie distribu-
tion, which mustensurethecompatibilitywith existing DVD play-
ersthatarenot capableof HDR playback.Theformatdesigncon-
formsto standard8-bit MPEGdecodingchips.Themethodallows

Figure15: Very bright pixels in the original image(left) are lost
aftercompressionwith JPEGHDR (right) at quality setting90 and
with the precorrection(default settings). This is becausea small
percentageof thebrightestanddarkestpixelsis skippedwhencom-
putingminimumandmaximumvalueof thesubbandimage.

for separatetone/gamutmappingof LDR andHDR video,which is
essentialfor top-qualitymovie production.We introducedapairof
compatiblecolor spacesthat facilitatecomparisonsbetweenLDR
andHDR pixels.Thenonlinearfunctionusedto encodeHDR lumi-
nancecanberegardedasanextended“gammacorrection”thatcan
beusedfor the full rangeof visible luminancevalues.To achieve
even bettercompressionperformance,we employed an advanced
modelof theHVS, which is tunedfor thefull rangeof visible lumi-
nanceandis suitablefor HDR imageprocessing.Weintroducedan
HDR �ltering solutionbasedon this modelwhich selectively and
conservatively removesimperceptiblehigh-frequency detailsfrom
thevideostreamprior to its compression.Webelieve thatourcom-
putationallyef�cient HVS model and HDR �ltering solution are
generalenoughto �nd otherapplicationsin computergraphicsand
digital imaging.

We implementedandtesteda dual video streamencodingfor the
purposeof abackward-compatibleHDR encoding,however, webe-
lieve thatotherapplicationsthatrequireencodingmultiple streams
canpartly or fully bene�t from the proposedmethod. For exam-
ple, a movie couldcontaina separatevideostreamfor color blind
people.Sucha streamcould be ef�ciently encodedbecauseof its
high correlationwith the original color stream. Movie producers
commonlytarget different audienceswith different color appear-
ance(for exampleKill Bill Vol. 2 wasscreenedwith adifferentcolor
stylizationin Japan).The proposedalgorithmcould be easilyex-
tendedso that several color stylizedmovies could be storedon a
singleDVD. This work is alsoa steptowardsanef�cient encoding
of multiple viewpoint video, requiredfor 3D video [Matusik and
P�ster 2004].
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