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Figurel: Ourbackward-compatibléHDR DVD movie processingipeline. The high dynamicrangecontent provided by advancedcameras
and CG rendering,is encodedn additionto the low dynamicrange(LDR) contentin the video stream. The les compressedvith the
proposedHDR MPEG methodcanplay on existing andfuture HDR displays.

Abstract

To embracethe imminenttransitionfrom 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-
structionfunctionthatis usedto decompos@n HDR video stream
into a residualstreamand a standard_.DR stream,which canbe
playedon existing MPEG decoderssuchasDVD players.There-
constructionfunctionis nely tunedto the contentof eachHDR
frameto achieve strongdecorrelatiorbetweerthe LDR andresid-
ualstreamswhich minimizestheamounif redundaninformation.
The sizeof the residualstreamis further reducedby removing in-
visible detailsprior to compressiorusingour HDR-enabledlter ,
which modelsluminanceadaptationcontrassensitvity, andvisual
maskingbasedon the HDR content.Designedespeciallyfor DVD
movie distribution, our HDR MPEG compressiomethodfeatures
low storagerequirementdor HDR contentresultingin a 30%size
increaseto an LDR video sequence.The proposedcompression
methoddoesnot imposerestrictionsor modify the appearancef
the LDR or HDR video. This is importantfor backward compat-
ibility of the LDR streamwith currentDVD appearanceandalso
enablesndependentne tuning, tonemapping,andcolor grading
of bothstreams.
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1 Intro duction

Thereis tremendougprogressin the developmentand accessibil-
ity of high dynamicrange(HDR) imagingtechnology[Reinhard
etal. 2005]. ModerngraphicshardwarepipelinesareHDR-enabled
andHDR camerasanddisplaydevicesareavailable[Seetzeretal.
2004]. In concertwith thosedevelopments 3D graphicsandim-
ageprocessingoftwareoftenincludeHDR capabilities. Theenter
tainmentand gamingindustriesalreadyemploy HDR techniques.

¢ ACM, 2006. This is the author’s versionof the work. It is posted
hereby permissionof ACM for your personaluse. Not for redistritution.
To appeain: Proceedingsf SIGGRAPH'06(Specialissueof ACM Trans-
actionson Graphics).

Movies digitized from celluloid Im caneasilycapturea dynamic
rangeof 4-5 ordersof magnitudeandmoderndigital cinemacam-
eras,suchasDalsas Origin R or ThomsonViper FilmStream™,

featureextendeddynamicrangecapture. Adjusting the dynamic
rangeto a speci c displaydevice throughtoneandgamutmapping
canbeperformedn realtime andaddedasa nal processingtage
to ary digital videoplayer gameengine or real-timerenderingsys-
tem[Krawczyk etal. 2005].

Givensuchdevelopmentsanef cient methodfor exchangingHDR
informationamongvariousHDR devicesandsoftwarepackagess
required. Analogousto traditional (LDR) digital imagingtechnol-
ogy, thereis a needfor lossycompressiorschemegor HDR im-
agesandvideo, similar to JPEGandMPEG standardsAn impor-
tantrequirementor suchschemess backward compatibility with
existing low dynamicrange(LDR) technology This problemhas
alreadybeensuccessfullyaddressetty Wardand Simmong2004]
for HDR JPEGencoding. In this work, we focus on backward-
compatibleHDR MPEG compressiotechnigueswhich guarantee
that HDR video can be playedon ary modernDVD systemand
theresultingvideoappearances the sameasfor traditionalDVDs.
The latter issueis of primary importancesincethe DVD industry
putsmuchexpertiseandeffort into tuningthevideoappearancen
mary typical LDR display devices (a dif cult taskgiven a single
LDR videostreamthatis storedon DVDs) andwould never accept
ary hazardousr intentional(third party) departuréfrom thetuned
appearance.

The greatestadvantageof HDR video can be expectedfor HDR
displays(e.g., BrightSide DR37-P),but even nominally LDR de-
vicescanoftentake the advantageof HDR information. The qual-
ity of existing DVD contentis inadequatéor mary existingdisplay
devicessuchashigh power projectorsand 10—12-bitdesktopLCD
displays.Thelimited bit-depthpercolorchanneleadsto thelossof
low contrastdetailsandfalsecontoursin smoothgradientregions.
Suchartifactsbecomea problemfor modernLCD television sets
thatfeaturesharperbrighter andlessnoisyimageshantraditional
CRT displaysfor which DVD was primarily developed[Daly and
Feng2004]. Clearly, a nev HDR video encoding,which is fully
compatiblewith existing LDR devicesandatthesametime enables
for HDR-awvaredevicesto take advantageof HDR information,is
urgentlyneeded.

In thiswork we proposeanovel backward-compatibléiDR MPEG
video encoding(asdepictedin Figure1). The backward compat-
ibility is achiezed by encodingthe HDR and LDR video frames
in an LDR streamthat is compatiblewith MPEG decodersand



a residualstreamthat enableshe restorationof the original HDR
stream. To minimize redundang of information, the residualand
LDR streamsaredecorrelatedSuchdecorrelatiorrequirespercep-
tually meaningfulcomparisorof the LDR andHDR pixels, which
we achieve by introducinga pair of correspondingolor spaceshat
arescaledin termsof the humanvisual system(HVS) responséo
luminanceandchrominancestimuli. We usethesecolor spacedo
build a frame-dependemeconstructiorfunctionthatapproximates
valuesof HDR pixels basedon their LDR counterparts.This ap-
proximation togethemwith othercompressiomechanismsgeduces
theresidualstreanto about30%of thesizeof theLDR stream Be-
causeof sucha smalloverheadbothstandardesolutionandHigh-
De nition mavies can t in their original storagemediumwhen
encodedvith HDR information. Sincethe proposedHDR MPEG
encodingdoesnotimposeary restrictionson LDR or HDR content,
bothvideoscanbeindependentlyunedandtone/@amutmappedo
achieve the bestlook on differentclassef displays. This tuning
e xibility is requiredfor currentpracticesof the DVD industry To
reducethe productioncostsof HDR DVD players,the compres-
sion algorithmis designedso that standard-bit MPEG decoding
chipsetsanbeusedto decodehe HDR stream.

A secondmportantcontritution of thiswork is thedevelopmenif
aperception-basedDR Iter thatpredictsthevisibility thresholds
for HDR frames.Ourwavelet-basedtering approachs fastasre-
quiredby video applications put still modelsimportantcharacter
istics of the HVS suchasluminancemasking,contrastsensitvity,
andvisualmaskingfor thefull visible dynamicrangeof luminance.
We apply our HDR lter to remove invisible noisein the residual
video streamtaking into accountthe adaptatiorconditionsandvi-
sualmaskingimposedby the original HDR stream. This leadsto
evenmoreeffective HDR videocompressiosincedetailsthatcan-
notbeseerareremovedfrom theresidualstreanprior to encoding.

2 Previous work

This work is the rst attemptat developing a lossy backward-
compatibleHDR videoencodingwith propercolor handling.Since
the problemof HDR lossycompressiomasalreadybeenpartially
addressedgspeciallyfor images.we brie y discussexisting solu-
tionsfrom the standpoinbf their applicationto HDR video.

The problemof dynamicrangecompressiorand expansionarises
in mary imaging pipelineswith constrainecdbit depthat certain
processingstageqonly 6 bits per color channelis often usedfor

DVD movieswhile displayscanhandle8 bits/colorchannel).This

may resultin the lossof low amplitudesignalsandfalsecontour

ing. Bit-depth expansion(BDE) techniquesare designedspeci -

cally to combatthoseeffectsandachieve higherpercevedbit depth
quality than are physically available. For exampleimperceptible
spatiotemporahoiseis addedto an image prior to the quantiza-
tion stepin dithertechniquegDaly and Feng2003]. Whenhigher
bit depthinformationis not available,low-amplitudedetailscannot
bereconstructecandprocessings focusedon removing falsecon-
tours using adaptve lItering, predictive cancellation,spatialfre-

queny channelcoringtechniquegDaly and Feng2004]. All ex-

isting BDE and de-contouringechniquesre optimizedfor much
lower bit depthexpansionthanrequiredto accommodatéiDR im-

ageandvideocontent.FurthermorestoringHDR videousing8-bit

encodingwith additionalspatio-temporatlither is impracticalbe-
causdlitherpatterngdo not compresavell.

While the dynamicrangeemployedin digital photograpk is usu-
ally limited to 2—3 ordersof magnitude,a muchbroaderdynamic
rangeof 4-5 ordersof magnitudecan be achieved with analog
Im. Theproblemof digital encodingwhich emulateghedynamic
rangeand S-shapedresponseure of Im hasbeenaddressedh

patentliterature[Lucian et al. 2005]. Customwavelet encoders,
suchas layeredwavelet encodershave beendesignedespecially
for the purposeof storingwide dynamicrangescansof Im neg-
ativesusedin cinematograpi [Bogart et al. 2003; Demos2004].
Thesecompressiormethodshowever require substantiabit-rates
andarenotsuitablefor on-DVD storageor real-timeplayback.The
dynamicrangelevel achievedwith analog Im andits digital emu-
lationis too low for our purposesBesideswe arguethatthevideo
encodingformatshouldbe designedor the capabilitiesof the hu-
maneye ratherthananalogIm or cameracharacteristics.

Li etal. [2005] proposea wavelet-basedone mappingoperator
pairedwith an inverseoperatorthat canrestorean original HDR

image. Sincethe tone mappingoperatoris designedto presere

high frequenciestherestoredHDR imageis visually very closeto

theoriginal. Theemphasi®n high frequenciesnakesthe proposed
solutionlesssuitablefor JPEGand MPEG encodingswhich em-

ploy quantizationrmatricesthatare perceptuallytunedto discarda

greatdeal of visually unimportanthigh frequencies.Li etal. re-

portrelatively poorcompressiomateswhenthey attemptto usethe

JPEGencodingof their tone-mappedmages. Moreover, a prede-
terminedchoiceof tonemappingoperatotis not acceptabldor our

applicationanda high computatiorcostof thewavelettransforma-
tion makesthis algorithmunsuitablefor video (the authorsrecom-
mendoversamplingj.e., handlingthe subbanccomputationin the

full imageresolutionto avoid aliasing).

The recentvideo compressionstandardsoffer an extended bit-

depthof upto 12 bits for ISO/IEC 14496-2andISO/IEC 14496-10
AVC/H.264 with high pro les de ned in the Fidelity RangeEx-

tensions(FRExt). This unfortunatelydoesnot imply that these
extensionswere designedo storehigherdynamicrange. Despite
the higher bit-depth,the speci ed transferfunctionsallow encod-
ing only up to 2.5log-10units of dynamicrange. Also, encoding
at morethan8 bits is rarelyimplemented HDR imagesandvideo
canbe encodedwith the precisionof the humaneye using tradi-

tional video and image formatsthat allow the encodingof lumi-

nance(transferfunction) with eleven or more bits [Mantiuk et al.

2006b]. This hasbeenshavn feasiblefor JPEG200(0Xu et al.

2005]andMPEG-4ISO/IEC 14496-2[Mantiuk et al. 2004]. Even
thoughtheseapproachesffer astraightforvardextensionto theex-

isting formats,they arenot backward compatibleandrequiremore
than8-bit decoderswhich areexpensve andrarelyimplementedn

hardware.

Spauldinget al. [2003] shaved that the dynamicrangeand color
gamutof typical SRGBimagescanbe extendedusingresidualim-

ages. Their methodis backward compatiblewith the JPEGstan-
dard,but only considersmagesof moderatedynamicrange.Ward
andSimmong2004] have proposeda backward-compatiblexten-
sionof JPEGwhichenablexompressiomf imagesof muchhigher
dynamicrange(JPEGHDR). An HDR imageis tone-mappeénd
compressedsingthe standard-bit JPEGencoder An additional
subbandmagestorestheratiosbetweerthe HDR andLDR lumi-

nancevaluesthatare usedto reconstructhe original HDR image.
The subbandmageis downsampledo reduceits size and JPEG
compressed.Two outstandingcontritutions of this work are the
maintenanceof backward compatibility with standardJPEGand
e xibility in choosinganarbitrarytonemappingoperator The pro-
posedHDR MPEGcompressiomchievesbothof thesegoals,andit

additionallyoffersmore e xibility in thechoiceof tone/@amutmap-
ping, bettercompressiorandis especiallydesignedor video. We
give a detailedcomparisorbetweenour approachand JPEGHDR

in Section®.
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3 HDR Video Compression

Thecompletedata o w of theproposedackward-compatibléiDR
video compressioralgorithmis shavn in Figure 2. The encoder
takes two sequence®f HDR and LDR framesas input. The
LDR frames,intendedfor LDR devices, usually containa tone-

mappedor gamutmappedversionof the original HDR sequence.

The LDR framesarecompressedsinga standardMPEG encoder
(MPEG encodein Figure 2) to producea backward-compatible
LDR stream. The LDR framesarethendecodedo obtaina dis-
torted (due to lossy compression). DR sequencewhich is later
usedasareferencdor theHDR frames(seeMPEG decodein Fig-
ure2). Boththe LDR andHDR framesarethencorvertedto com-
patiblecolor spaceswhich minimizedifferencedbetweerLDR and
HDR colors. The reconstructiorfunction (seeFind reconstruc-
tion function in Figure2) reduceshecorrelationbetweerLDR and
HDR pixels by giving the bestpredictionof HDR pixels basedon
thevaluesof LDR pixels. Theresidualframeis introducedo store
a differencebetweerthe original HDR valuesandthe valuespre-
dictedby thereconstructioriunction. To improve compressionin-
visibleluminanceandchrominanceariationsareremovedfrom the
residualframe (seeFilter invisible noisein Figure2). Finally, the
pixel valuesof aresidualframearequantized seeQuantize resid-
ual frame in Figure 2) and compressedising a standardMPEG
encoderinto a residualstream. Both the reconstructiorfunction
andthe quantizatiorfactorsare compressedsinga losslessrith-
meticencodingandstoredin anauxiliary stream.The mostimpor-
tant stepsof the compressioralgorithm are describedn detail in
the following subsectionsvhile the details,which aresufcient to
reimplementhe algorithm,aregivenin thetechnicalreport[Man-
tiuk etal. 20064a].

3.1 Color Space Transformations

Both LDR and HDR framesmust be transformedto compatible
and perceptually uniform color spacego enableary comparison

betweenLDR and HDR pixel valuesandto assessheir correla-
tion. The“compatible” color spacesneanherethatcolor channels
of bothLDR andHDR pixelsrepresenapproximateljthe samein-
formation. Perceptualiniformity is neededo estimatecolor dif-
ferencesaccordingto percevable, ratherthan arithmetic, differ-
ences. Furthermorean HDR color spacemustrepresenthe full
color gamutvisible to the humaneye. To achieve all thesegoals,
we have derivedtwo color spaces(i) A colorspaceor LDR pixels
thatencodeshromausing CIE 1976 Uniform ChromacityScales
(U9, V2 similar to logLuv encoding]Ward Larson1998]) andluma
usingsRGBnonlinearity which consistof alinearandpower func-
tion sggmentsyii) A color spaceor the HDR pixelsusesthe same
u® W encodingfor chromaasthe color spacefor LDR pixels, and
a perceptuallyuniform luminanceencoding.The sSRGBnonlineaf
ity cannotbe usedfor luminancevaluesrangingfrom 10 ° to 1010
cd=n?, which canbe found in real world scenes. Thereforewe
applythe luminanceencodingthat hasbeenderived from the con-
trastdetectiormeasurementsr thefull visible rangeof luminance.
This encodingwasshown to have similar propertiedo gammacor-
rectionfor LDR, but canencodeluminancevaluesfoundin HDR
imagesusing 11-12bits andensureghat the quantizationerror is
belown the thresholdof visibility. A similar encodingwas usedin
the context of HDR videoencodingMantiuk etal. 2004]. Thede-
tails andthederivation of this spacecanbefoundin [Mantiuk etal.
2006b].To corvertHDR luminancey, into 12-bitHDR luma, I, ,
we usetheformula:

< ay @fy< Vi
lhar(y)=. by+d ity y<yn @
©oelog)+foify oy,

andfor theinversecorversion,from 12-bit lumato luminancewe

apply:
8

< @ Ing if Ihar < 1)
0 .
Y(ha) = . BYnar + d9° ifh Ihar < In v
" exp(fOlng) iflhgr  In

Theconstant@regivenin thetablebelow:

a= 17554 | e= 20916 a®= 0:056968 9= 32994
b= 82681 f= 73128 | 0= 7:3014 30 | f°= 0:0047811
c= 0:10013 | y = 5:6046 | c°= 9:9872 | = 98:381
d= 88417 | y,= 10469 | d°= 88417 In = 12047

Note thatwe useu® and v chromaticitiesratherthanu andv of

theL u v colorspace.Althoughu andv give betterperceptual
uniformity andpredictthelossof color sensitvity atlow light, they

arestronglycorrelatedwith luminance.Suchcorrelationis highly

undesiredn imageor videocompressionBesidesy andv could

reachhigh valuesfor high luminance which would be dif cult to

encodeusingan8-bit MPEG encoder

3.2 Reconstruction Function

Both LDR and HDR framescontainsimilar information and are
thereforestronglycorrelated.This is illustratedin Figure 3, which
shavs how the luma valuesof an LDR framerelateto the luma
valuesof an HDR frame. The relationis differentfor eachtone
mappingalgorithm,but in generait follows anapproximatelylin-
earfunctionwith morevarianceat high values.Uncorrelatecixels
attheright endof thel, 4, axisaretheresultof luminanceclamping
thatis appliedin mary tonemappingalgorithms.Local tonemap-
pingusuallyresultsin highervarianceandthereforeamore“noisy”
shapeof this relation,while globaltonemappingresultsin a direct
one-to-ongelationshipunlesssomepixel valuesareclamped.

The goal of mostcompressiormethodsis to decorrelatedata, so
thatthesamanformationis notencodedwice. To decorrelaté. DR
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Figure 3: TherelationbetweenLDR (l;4;) andHDR (Ipg,) luma
valuesfor varioustonemappingalgorithms(markedin red)andthe
correspondingeconstructiorfunctions (marked in green). Tone
mappingalgorithms(left to right, top to bottom): [Pattanaiket al.
2000],[Reinhardet al. 2002],[DurandandDorsey 2002]and[Fat-
tal etal. 2002]. Therelationsareplottedfor the Memorial Church
image.

andHDR frameswe nd areconstructiorfunction which predicts
thevalueof anHDR pixel basedon the valueof the corresponding
LDR pixel. Having sucha function we needonly to encodethe
differencesbetweenvaluespredictedby the reconstructiorfunc-
tion andthe actualvaluesfrom an HDR frame. Suchdifferences
areusuallycloseto zeroandthereforecanbe ef ciently encoded
in residualframes Thereconstructioriunctionneedso bede ned
for only 256values(bins)for 8-bit perchanneLDR encoding.The
function doesnot needto be continuoussinceits major role is to
male the valuesof the residualframeassmall aspossible. Some
examplesof reconstructiorfunctionsfor differenttonemappingal-
gorithmsareplottedin Figure3 ascontinuouggreenlines.

A mappingfrom LDR valuesto HDR valuesis, in thegenerakase,
a one-to-maw relationship— there are mary HDR pixels values
that fall in one of 256 bins of the reconstructiorfunction (LDR
pixel values).Thequestionss how to nd avaluefor eachbin that
would leadto thebestcompressioperformanceWe experimented
with an arithmeticmean,a medianand a midrangel. While the
midrangegave the worst compressiorratio, the arithmeticmean
andthe medianexhibited similar performanceWe have decidedo
useanarithmeticmeanbecausef its lower computationatost.

To summarizewe de ne the reconstructiorfunction asthe arith-
meticmeanof all pixelsfalling in acorrespondindpin W :

RF(I) = é_ Ihar (i) whereW = fi= 1:N: lig ()= 1g
2w

3)
| = 0::255is anindex of abin, N is thenumberof pixelsin aframe,
ligr (i) andlyg (i) arelumavaluesof thei-th LDR andHDR pixel
respectiely.

1
Card(W)

We executeda setof testson video sequenceto decidehow often
a reconstructiorfunction shouldbe updated:eachframe, only at
eachintra-encodedrame(I-frame), or if the updateshoulddepend
on a differencebetweenconsecutie frames.We achieved the best
compressiorratio when the reconstructiorfunction was updated

IMidrangeis de ned asan arithmeticmeanof the maximumandmini-
mumyvaluein aset.
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Figure 4: A potential reconstructionfunction for the approach
employedin JPEGHDR [Ward and Simmons2004] compression
(markedin green)andarelationbetweerLDR andHDR pixel val-
ues(markedin red). Theratio usedin JPEGHDR is equivalentto
alinearreconstructiorfunctionin the logarithmic domain. Sucha
functiondoesnot decorrelateHDR andLDR lumawell andthere-
forereducesompressiosavings.

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

Therelationbetweer. DR andHDR framesis comple only for lu-
minance andcolor channelsanbe quiteaccuratelypredictedwith
simplerelationsung: (i) = uigr(i) andvng (i) = vigr(i). Although
this may not be true for somesophisticatedjamutmappingcases,
wedid not nd it necessarto computeareconstructiorfiunctionfor
chromachanneldor ary of thetonemappingoperatorsve tested.

Sincethereconstructiorfunctiontendsto be slowly changingwith
anincreasingslope we applyanadaptve Huffmanalgorithmonthe
differenceshetweerthe valuesin consecutie binsto signi cantly
reducethe size of the storeddata. The size of the auxiliary data
streamwhich storesa reconstructiorfunction, is belowv 1% of the
total streamsize,thereforeits storageoverheads almostinsigni -
cant.

Webrie y compareourapproactwith the JPEGHDR compression
[Ward and Simmons2004]. A more detailedcomparisorwill be
givenin Section6. TheJPEGHDR compressioencodes ratio be-
tweenHDR andLDR luminancevalues ratherthanadifferencebe-
tweenHDR valuesandthereconstructiorfunction. However, it can
be easilyshavn thatsucharatio is meantto achieve the samegoal,
whichis to decorrelatdéiDR andLDR pixels. Sincearatio of HDR
andLDR luminancecorrespondso a differencein thelogarithmic
domain,andour luminanceto lumamappingfrom Equationl has
roughly logarithmic properties the ratio encodingof JPEGHDR
correspond#o alinearreconstructiorfunctionlyg = a ljgr. Aswe
experimentedvith suchsimplereconstructiorfunctions,we found
thatthey give inferior resultscomparedo better tted ones,like
thosecomputedfrom Equation3. In Figure4 we plot the recon-
structionfunction usedin JPEGHDR. Olviously, it doesnot fol-
low the datawell andsomelumainformationis thereforeencoded
twice in an LDR andan HDR (subband)stream,which leadsto
worsecompressiomperformance.

3.3 Residual Frame Quantization

Although the magnitudesof the differencesencodedin residual
framesareusuallysmall, they canin facttake valuesfrom 4095
to 4095 (for 12-bit HDR luma encoding). Suchvaluescannotbe
encodedisingan8-bit MPEG encoderAlthoughMPEG standards
provide an extensionfor encodinglumavalueson 12 bits, suchan
extensionis rarely implementedespeciallyin hardware. Instead,



Figure 5: Residualframe before (left) and after (center) Itering
invisible noise. Details,suchaswindow frame,arelost whenlow-
pass ltering (or dowvnsampling)is used(right). Greencolor de-
notesnegative values. The Memorial Church image courtesyof
Paul Debevec.

we would like to reducethe magnitudeof residualvaluesso that
they canbeencodedisinga standardB-bit MPEG encoder

We have experimentedvith a non-linearquantizationwherelarge
absolutevaluesof residualswere heavily quantized,while small
valueswere presered with maximumaccurag. Sincefew pixels
containa large magnitudeof residual,mostpixels arenot affected
by the strongquantization. Sucha solution, althoughgiving the
bestSNR, resultedin poor visual quality for someimages. This
was becausehe very few pixels that were heavily quantizedat-
tractedattentiondueto large quantizatiorerrors. Thereforethe -
nal judgementof quality was mostly basedon thosefew distorted
pixels.

A simple clampingof residualvaluesto 8-bit rangeproducedvi-
sually betterresults but at the costof losing somedetailsin bright
or dark regions. Additionally, to reduceclampingat the costof a
strongerquantizationthe residualvaluescanbe divided by a con-
stantquantizatiorfactor Sucha factorwould decideon the trade-
off betweenrerrorsdueto clampinganderrorsdueto quantization.
Furthermorewe obsened that very few bins of a reconstruction
function containresidualvaluesthatexceed8-bit range.Therefore
the quantizatiorfactorcanbe setseparatelyfor eachbin, basedon
the maximummagnitudeof the residualthat belongsto that bin.
Therefore the residualvaluesafter quantizationcan be computed
as:

A() = n@)=a(m)] " 127, wherem=k, i W (4

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

Q) = maxm; T2 N 01

) ®)
Omin IS @ minimum quantizationfactor which is usually setto 1
or2.[] 127 127is anoperatorthatroundsthe valuesto the closest
integerandthenclampsthemif they aresmallerthan 127orlarger
than127.Thel subscripin r; denotesalumachannel.

Thequantizatiorfactorsq(m), wherem= 0::255,needto bestored
in an MPEG streamto later restorenon-quantizedesidualvalues
on the decodingstage.We storequantizatiorfactorstogethemith

thereconstructiofiunctionin theauxiliary datastream.Sincequan-
tizationfactorsare usuallyequalto gmin exceptfor a few bins,we
foundthata run-lengthencodingfollowed by the Huffman encod-
ing caneffectively reducethe sizeof this data.

3.4 Filtering of Invisible Noise

Residualframesdo not compressavell mainly becausehey con-
tain a large amountof high frequencies. Thesehigh frequencies
comefrom threesourcesnoisein the sourceHDR images round-
ing errorsfrom the tone mappingalgorithm,andthe DCT quanti-
zationerrorsdueto MPEG encodingof LDR frames(referto Fig-
ure2). However, muchof this high frequeng informationdoesnot
needto bepreseredin theresidualstreamsinceit is notvisible to
the humaneye. To remove suchinvisible noiseandthusimprove
compressiomf ciency, weintroducea ltering algorithmbasedn
a simpli ed modelof the humanvisual system(HVS). Although
modelsof the HVS have beenusedbeforein CG to controlrender
ing [Ferwerdaet al. 1997; Bolin andMeyer 1998; Ramasubrama-
nianetal. 1999],theproposeditering algorithmhasbeenspecially
designedo handleHDR dataandit hasbeenoptimizedfor speed,
sothatit canef ciently processideosequencedt is alsodifferent
from a typical denoisingalgorithms,e.g.[Bennettand McMillan
2005], sinceit operateson impercevable, ratherthan percevable
noise.lt canbeusedasastandardool whichguaranteethatall the
visualinformationthatcannotbediscernedlueto imperfectionsof
thehumaneye andearlyvision processingvill be Itered outfrom
theimage.

The standardMPEG encodingalreadyincorporatesnary aspects
of humanvision in orderto improve compressioref ciency. The
gammacorrectedcolor spacgor transferfunction)accountgor lu-
minancemasking(sometimesvrongly namedthe WeberFechner
law [Mantiuk et al. 2006b]). The limited spatialcontrastsensitv-
ity of the HVS is utilized by the DCT quantizationmatrix. Two
differentquantizatiormatricesare usedfor inter- andintra-frames
to take adwantageof lower sensitvity to high temporalfrequencies.
However, contrastmasking(or visualmasking)is very poorly pre-
dictedby the mechanisnof MPEG encoding.Sincecontrasimask-
ing is primarily responsibl€for maskinginvisible high frequeng
noise,we focuson modelingthis aspecf the HVS to lIter resid-
ualframes.

Thereareseveralmethodghatincorporatevisualmaskingin image
encodingalgorithms,suchas optimized DCT quantizationmatri-

ces[Ahumadaand Petersonl993; Watsonet al. 1994], the pre-

quantizationschemgSafranek1993], or the point-wiseextended
maskingn theJPEG-200&tandardWenjunetal. 2000]. However,

sinceall theseapproacheareeithernotsuitablefor videoor require
signi cant changesn the MPEG encoder/decodewe decidedto

useyet anotherapproachwhich involvesthe pre Itering of resid-
ualframesheforethey arepassedo theMPEGencoderPre Itering

methodshave beenshowvn to improve video compressioriBorder
and Guillotel 2000]. They do not dependon a compressioralgo-
rithm andthereforedo not requireary changeso theencoderThe
proposedore Itering algorithmpreciselymodelscontrastmasking
in the wavelet domain, which is quite dif cult andinaccuratein

the DCT domain. The pre ltering is especiallywell suitedfor the
residualframes sincethey containmostlylow magnitudecontrast,
while pre Itering involvesthresholdingof waveletcoefcients that
arebelow the predictedvisibility level. If the wavelet coefcients

arelow, mostof themaresetto zeroandthereforecompressioref-

ciency is improved. The pre ltering affectsonly encodingspeed
while decodingspeeds usuallyimproveddueto thereducedstream
size.

Theinputto ourresidual ltering algorithmconsistof two frames:
aresiduaframe(Figure5 left) andanoriginal HDR frame,whichis
amasler for theresidual.Both framesshouldbe storedin the per
ceptuallyuniformluma/ chromacolor space Outputof the Itering

is aresiduaframewith highfrequenciesttenuateéh thoseregions
wherethey arenotvisible (Figure5 center).Thedata o w of theal-
gorithmis showvn in Figure6. Thoughwe describeprocessinghat
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Figure6: A data o w of theresidualframe ltering, whichremoves
imperceptiblenoisefor bettercompressiomperformance.

is doneon a luma channel the sameprocessings performedfor
two chromachannelswhich aresubsampledo half of their origi-
nal resolution.This approximatelyaccountdor the differencede-
tweenthe ContrastSensitvity Function(CSF)for luminanceand
chrominance.

In the rst step we apply the Discrete Wavelet Transform to
split a residualframe into several frequeng and orientationse-
lective channels. We have experimentedwith the cortex decom-
position [Watson1987] performedin the Fourier domain, which
can betterapproximatevisual channels,but we rejectedthis ap-
proachdueto prohibitively long executiontimes (up to 1 minute
per frame). Wavelets,on the otherhand,leadto computationally
moreefcient algorithmsandwereshaowvn to be usefulfor model-
ing mary aspectof the HVS [Bradley 1999; Wenjunet al. 2000].
We employ CDF 9/7 discretewavelet basiswhich is alsousedfor
thelossycompressiomf JPEG-2000.This waveletbasisprovides
agoodtrade-of betweersmoothnesandcomputationaéf ciency.
We useonly the three nest scalesof the wavelet decomposition
since Itering of lower spatialfrequenciesat coarserscalescould
leadto noticeableartifacts.

In thenext stepwe accounfor lower sensitvity of theHVS for high
frequencieswhichis usuallymodelledwith theContrasSensitvity
Function(denotedas CSF in Figure6). We weight eachbandof
waveletcoefcients by aconstantvaluein the sameway asis done
in JPEG-2000. The weighting factorsfor a viewing distanceof
1,700pixels( 1:5 screerheight)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 phasesensitvity, rangingfrom
45 to morethan90 . Becauseof this, the maskingsignalaffects
not only regions wherethe valuesof wavelet coefcients arethe
highest but mayalsoaffect neighboringegions. Phaseaincertainty
reducesheeffectof maskingatedgesasopposedo textureswhich
shav ahighamouniof masking.Following thepoint-wiseextended
maskingin JPEG-200QWenjunet al. 2000], we modelphaseun-
certaintywith the Ly.o-norm:
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Figure7: Thethresholdelevationfunctionfor contrastrepresented
as wavelet coefcients. Data points were found from the model

proposedy Daly [1993] after corversionto new units of contrast.

The solid line is a model from Equation7, which approximates
thesedatapoints.

whereQ denotesa neighborhoodf awaveletcoefcient (we usea
box13 13kernelin ourimplementation).

In thefollowing stepwe predicthow contrasthresholdshangan
the presencef a maskingsignal,which is anoriginal HDR frame
in our case. To model contrastmasking,we emplo/ a threshold
elevation function, which we derive from the model proposedby
Daly [1993] (alsousedin [Ramasubramaniaet al. 1999]). We as-
sumea maskingslopeof 1:0, which was showvn to be appropriate
for naturalimages[Mantiuk et al. 2005]. We modify the origi-
nal thresholdelevation function to malke it applicableto the per
ceptuallyuniform lumaspacewhich we introducedn Section3.1.
Thresholcelevationfor this spacecanbeapproximatedby thefunc-
tion: _

if ch: a

Te(lesr) = ¢ (Les))®  otherwise

(7)
Wherefcg: is awaveletcoefcient, a= 0:093071b = 1:0299and
¢ = 11:535. The function with original datapointsis plottedin
Figure?.

Next, we compareeach CSF weighted coefcient of a residual
frame, Rcg=, with the correspondingralue of the thresholdele-
vation Te. If the residualis smallerthan the visibility threshold
predictedby the thresholdelevation function from Equation7, we
cansafelysetthis coefcient to zerowithout introducingvisually
noticeablechangesFormally, it canbewritten as:

_ 0 if Te(lesr) < Resr
Riit= R otherwise (8)

Finally, we transformthe Itered waveletscoefcients, R¢j; back
to theimagedomain(DWT 1 in Figures).

The pre Itering methodpresentedabove can substantiallyreduce
the sizeof a residualstreamandis a reasonablérade-of between
computationalkef ciency and accurag of the visual model. The
encodingtime is affectedby no more than 80% when ltering is
usedandit canonly reducedecodingtimes becauseof a smaller
resultingbit-stream.We have resolhedto simplify someaspectof
thevisualmodelin orderto bring the performancéo anacceptable
level. For example ,we do not modelthe Optical TransferFunction
(OTF) sincewe foundthatits local effectis negligible (closeor be-
low the MTF of a monitor) for typical viewing conditionsandthe
are effect would requiremuchlargerkernelsor operationsn the
Fourierdomain,whichwould slow down Itering signi cantly. For
performanceeasonsve usewavelets,which do not modelvisual
channelssaccuratelyasothertransformationslesignedespecially



for thatpurpose.Sincewe do not have preciseinformationon the
optical o w, we cannot modeltemporalaspectof the CSE The
temporalCSFis partially takeninto accounby the MPEGencoder
Neverthelessthe proposedore Itering methodtakesinto account
more perceptuafactorsthan most state-of-the-arvideo compres-
siontechniqguesndcanadditionallyhandleHDR scenes.

Notethatthisis nottheonly possibleltering schemendsomeap-
plicationsmay usedifferent Iters. For example,sub-samplingaind
reducingthe resolutionof residualframes,asdonein [Ward and
Simmons2004], canimprove both compressioref ciency anden-
coding/decodingpeedput atthe costof blurry artifacts,especially
in the regionswhereLDR pixels have beenclampedto minimum
or maximumvalues.If videois to bedisplayedon a particulartype
of display thereis noreasorto encodetheinformationthatcannot
be displayed.Thereforethe Iter cantake into accountthe limita-
tionsof thedisplay which areusuallymorerestrictve thanthe full
capabilitiesof the HVS.

4 Implementation Details

The implementation of MPEG-4 Advanced Simple Prole
ISO/IEC 14496-2,available from http://www.xvid.org/ , was
usedas a baseMPEG encoder/decoderHowever, our methodis
notrestrictedio ary particularimplementatiorandary othervideo
or imageencodeicould beusedinstead.The backward-compatible
HDR encoder/decoddrasbeenimplementedasa dynamiclibrary
to simplify integrationwith external software. We separatelym-
plementeda setof command-lingoolsfor encodinganddecoding
video streamgto and from HDR image les and integratedthem
with the pfstoolsframework (http://pfstools.sourceforge.

net/ ). An LDR streamcanbe playedbackusingary videoplayer
capableof decodinglPEG-4video. To play backanHDR stream,
we have developeda customHDR video player which candisplay
videoonbothLDR andHDR displays[Seetzeretal. 2004].

Since HDR video playback involves decoding two MPEG-4
streams,an LDR and a residualstream,achiezing an acceptable
framerateis morechallengingthanin the caseof anordinaryLDR
video. To boostplaybackframerate,we moved somepartsof the
decodingprocesgo graphicshardware. We found that both color
spacecorversionandup-samplingof color channelsarecomputa-
tionally expensve 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 acceleratedvith theuseof x edpoint arithmeticand
lookuptables.All thoseoptimizationdet usachiese real-timesoft-
ware playbackof HDR mavies (25-50framesper secondfor the
VGA resolution,dependingon a hardwarecon gurationandqual-
ity settingsof thecompression).

5 Results

To testthe performanceof our backward-compatibleHDR MPEG
compressionve have executedan extensve setof over 1,500tests
onimagesandvideosequencesA goodvideocompressioshould
produceavideostreanof thesmallessize(measuredh ourtestsas
thenumberof bits perpixel) atthehighestguality. Althoughsimple
arithmeticmetrics,suchasSignalto NoiseRatio(SNR),areusually
usedto measurethe quality of compressedmages,we follow a
commonpracticein CG [WardandSimmons2004;Xu etal. 2005]
and alsouseadwancedmetricsthat accountfor the aspectf the
HVS. We usedthe following metricsto evaluatethe quality of the
decodedmagesandvideosequences:

HDR VDP — Visual Difference Predictor for High Dynamic
Rangeimages[Mantiuk et al. 2005]. Thisis a delity metricthat
canpredictthedifferencesdetweertwo imageshatarelikely to be
noticedby a humanobsenrer. This metrichasbeenespeciallyde-
signedfor HDR imagesandtakesinto accountsucheffectsaslight
scatteringn the opticsof the eye, luminancemaskingfor the visi-
ble rangeof luminance spatialcontrasisensitvity, local adaptation
andvisualmasking.Theresultof theHDR VDP is a probability of
detectionmap, which assigngfor eachpixel a probability that the
differencecan be noticed. For easierinterpretationof the results
we have summarizedhe predictionof the HDR VDP with asingle
number which is a percentagef pixelsin animagethat exceed
75% probability of detection.The lower percentagelenotesa bet-
ter quality, asfewer pixels are noticeablyaffectedby compression
distortions.We usedthe original implementatiorof theHDR VDP
providedby theauthors.

UQI — Universallmage Quality Index [Wang and Bovik 2002].

Thisqualitymetricmodelsary imagedistortionasacombinatiorof

threefactors:lossof correlation Juminancedistortion,andcontrast
distortion. Theindex, althoughit doesnotemploy ary modelof the

HVS, shavs consisteng with asubjectve quality measuremerand
performsbetterthanthe meansquarecerror Thequality index can
rangefrom 1 (theworstquality) to 1 (the bestquality). We have

implementedhis metricaccordingto the original papefWangand
Bovik 2002]. To adaptthis metricto HDR imageswe provide for

inputlumavaluescomputedwith Equationl.

SNR — Signalto Noise Ratio. This is the simplestbut alsothe
most commonly usedmetric, which doesnot model ary aspects
of the HVS and may not be consistentwith a subjectve quality
measuremeniVe usedthe standardormulasto computethe SNR
for thelumavaluescomputedwith Equationl. Thelargervalueof
SNRusuallyresultsin higherquality.

In the following sectionsve analyzeseveral aspect®f our encod-
ing schemébasedn the collectedtestresults.

5.1 Inuence of Tone Mapping Operator

Although thereare no restrictionson tone mapping/ gamutmap-
ping or stylizing usedto obtain LDR frames,the choiceof such
processingwill obviously affect the ef ciency of compression.
We testedour encoderwith ve tone mappingoperator§ TMOSs)
from the pfstmapackag@ (labelsin italics): Pattanaik00— Time-
DependenVisual Adaptation[Pattanaiket al. 2000]; Durand02—
FastBilateral Filtering [DurandandDorsey 2002]; Reinhad02 —
PhotographicTone ReproductiofReinhardet al. 2002]; Fattal02
— GradientDomain[Fattaletal. 2002]; Drago03— Adaptive Log-
arithmic Mapping[Dragoetal. 2003]. We usedthe default param-
etersfor all TMOs. To preventtemporal ick eringin tone-mapped
video sequencesye addedextensionsto the original TMOs that
ensuredtime-coherencef the TMO parameters. The extension
ensuredhat the maximumdifferenceof selectedparameterge.g.
Lwhite for the Reinhad02 TMO) betweenframesis alwaysbelow
thevisibility threshold.

Figure8 shavs how the ef ciency of compressioris affectedby a
TMO. Theresultsfor mostTMOs arein factsimilar, with the ex-
ceptionof Fattal02 which resultsin signi cantly larger streams.
This is mainly becauséhe operatorintroduceshe largestchanges
of local contrastin LDR frames which resultsin the high variance
of residualvalues.Theresultis consistentvith our earlierconsider
ationsin Section3.2, which suggestedhatglobal TMOs arebetter
approximatedy thereconstructiorfunctionandthereforeresultin

2More details on the pfstmo at:
resources/tmo/

http://iwww.mpii.mpg.de/
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smallermagnitudef theresidual.If Fattal02is usedto generate
LDR video, thesizeof the LDR streamis alsoaffectedsincehigh
frequencieswhich arepoorly compressetly the MPEG encoding,
areenhancedwe expectsimilar problemswith the tone mapping
approachproposedby Li et al. [2005]). NeverthelessFattal02
gave the mostattractve LDR images. Thereforethe selectionof
a properTMO for compressioris often a combinedaestheticand
economicchoice.

5.2 The Eect of Invisible Noise Filtering

We validatethe algorithmfor ltering invisible noise,describedn
Section3.4, for arangeof MPEG quality settings.Figure9 illus-
trateshow thesizeof aresidualstreamis reducedvhenthe Itering
is used.Notethatthelargestsavingsarepossibldor thebestquality
settings.This is becauséhe strengthof the Itering is determined
by the visibility thresholdswhich do not dependon quality set-
tings. The Itering hasaminimalimpactonthe streamsizefor low
quality settingssincethe distortionsintroducedby the aggressie
DCT quantizatiorarefar above thevisibility thresholdsisedin the
Itering. Figurel3shavshow boththetotal streansizeandquality
areaffectedwhentheresidualframesare ltered. Althoughthe I-
teringin factintroduceshangeshataredetectedy theHDR VDP
(probablydueto a mismatchin thevisualmodelsusedby the Iter -
ing andthe HDR VDP), thelossof qualityis fully compensatetly
the bit-ratesavings (seeFigure 13). Moreover, we obsene thatthe
subjectve quality of ltered video is betterthan predictedby the
HDR VDP. This is becausehe blurry artifactsdueto the wavelet
basedltering arelessobjectionablehanblocky artifactsof DCT
coding(seeFigure12). AlthoughHDR VDP canpredictthe exis-
tenceof visible distortions,it canneitherestimatetheir magnitude,
nor theirimpacton perceved quality.

5.3 Comparison with Lossy HDR Compression
Metho ds

Theperformancef theproposednethod(labeledasHDR MPEG)
hasbeencomparedvith two otherslossyHDR compressiometh-
ods:

HDRV — Perception-motiated HDR Video Encoding[Mantiuk

et al. 2004]. This is the rst lossy HDR video compression
method, which, however, doesnot offer backward compatibility

The methodencodedHDR pixels using11 bits for luminanceand

twice 8 bitsfor chrominanceSincetheresultingvideostreamdoes
not containary informationon LDR frames, it can be expected
that this compressiommethodgives betterresultsthan backward-

compatiblemethods. We usedthe original implementationpro-

videdby theauthors.

JPEG HDR — Subbandncodingof high dynamicrangeimagery
[Ward and Simmons2004; Ward and Simmons2005]. This is a
backward-compatibleHDR image encoding,which is conceptu-
ally the closestto our method. A detailedcomparisorof both our
approachand JPEGHDR is givenin Section6. The methodin-
volvessub-samplingf asubbandayer(aresiduaframein thecase
of our encoding),which canleadto the loss of high frequencies.
To prevent this loss, the methodsuggestshreeapproachespre-
correction of LDR layer, to encodewithin this layerhigh frequen-
ciesthat canbe lost dueto sub-samplingpost-correction which
triesto restorehighfrequencieshathave beenlostratherthanmod-
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 representatie HDR images. We chose
the Reinhad02 TMO to compareour algorithmwith otherlossy
compressiormethods. This TMO performedsimilar to the oth-
ersandis alsousedin JPEGHDR. Figure 14 shows the averaged
results. The HDRV encodingclearly shavs the bestperformance
for all threequality metrics. This canbe explainedby the lack of
ary informationon an LDR stream which reduceghe amountof
information that needsto be storedbut also makes this encoding
incompatiblewith the LDR MPEG format. For the HDR VDP and
the UQI, JPEGHDR performsalmostthe sameasour methodfor
the pre-correctionand the post-correctiorapproach but is worse
for the full-sampling. Note that our compressioimethoddoesnot
involve sub-samplingand thereforeis closerto the full-sampling
thanthe othertwo approachesJPEGHDR performsworsethan
our methodfor the SNRmetric. Theimproved performancef our
encodingover JPEGHDR for imagess surprising sincetheimage
encodingalgorithms,suchas JPEG,are known to perform better
thanintra-framevideoencoding.Thisis dueto betterarithmeticen-
codinganda quantizatiormatrix, whichis especiallyoptimizedfor
images. Another differencebetweentwo methodsthat affectsthe
performances thatHDR MPEG encodesnformationon all color
channelsn theresidualstreamwhile the JPEGHDR encode®nly
luminancein theadditionalsubbandayer(seedetailsin Section6)

The performanceof inter-frame (video) compressiorwas tested
on two video sequence$or both HDR MPEG and HDRV, while

JPEGHDR wasnot includedin thesetests. Sinceboth the VDP

andtheUQI aredesignedor imagesandarelesssuitablefor video
(large computationatost,lack of temporalaspects)ywe computed
theSNRover all videoframesto measurejuality. Theaveragede-

sultsfor two video sequenceareshavn in Figure10. Similarly as
for imagesHDRV gave betterSNRthanHDR MPEGfor thesame
numberof bits. HDR MPEG, however, couldachieze ahigherSNR
thanHDRYV for very high bit-rates.
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Figure12: Quality comparisorfor animagecompresseevithout Itering (left) and
with invisible noise Itering (right). Both imageswere compressedo streamsof
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itor. No lItering: gscak= 6, bpp= 1:37,HDR VDP 75%= 3:12%; With lItering:

gscak= 2,bpp= 1:23,HDR VDP 75%= 1:11%.

5.4 The Cost of Encoding Residual Stream

The proposecdHDR encodingmethodis designedo be an exten-
sionto the existing MPEG formats. Therefore,it is interestingto

know how much more datamust be storedto include additional
HDR information. We plot the size of the total HDR stream(LDR

+ Residuak Aucxiliary stream)againstthe sizeof the LDR stream
in Figure11. Theresidualstreamdoesnot seemto dependon the
quality settingsasmuchasthe LDR stream.Thereforeits sharein

the total streamsizeis the smallestfor high quality settings. This

can be expectedsincethe residualstreamencodeghe difference
betweerLDR andHDR frames,jncludingthosedifferenceshatre-
sultfrom lossycompressiomf the LDR stream(referto the MPEG
encodinganddecodingstagesn Figure2). Thelower quality LDR

streammeanghatmoreinformationneedgo bestoredin theresid-
ual stream.Overall, the shareof residualstreamrangesfrom 5 to

70percentdependingntheimage,quality settingsanda TMO. A

well chosenTMO anda decentquality settingsresultin aresidual
streamthatis 25-30%of the LDR stream.The sizeof theauxiliary
streamis negligible.

6 Discussion

Althoughthe proposedackward-compatibléHDR encodingalgo-
rithm seemgo be conceptuallysimilar to the JPEGHDR compres-
sion[Ward andSimmons2004],thereareseveralimportantdiffer-

encesbetweenthe approachesywhich not only enablevideo com-

Figure 10: Comparisonof lossy HDR
compressiorlgorithms.Averagedesults

ings are achieved for the bestquality set- for two videosequences.
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Figure 13: Performanceof HDR video compression
with andwithoutinvisible noise ltering (referto Sec-
tion 3.4). The bit-rate savings gainedon the Itering
compensatéor thelossof quality.

pressionput alsoresultin bettercompressiorandmore e xibility
of HDR MPEG.As discusseth Section3.2,HDR MPEGcanadapt
the reconstructiorfunction to the tone/gmut mappingalgorithm
usedto generatd.DR framesandthereforereduceshe magnitude
of the residualvalues. This resultsin bettercompressionatiosas
comparedo JPEGHDR (referto Section5.3),althoughtheresults
would be even morefavorableif we hadusedthe JPEGalgorithm
insteadof MPEG intra-framecompressioro encodeémages.Fur-
ther bit-ratesavingsin MPEG HDR comefrom perceptuallyopti-
mizedcolor spacedor HDR pixels(referto Section3.1).

HDR MPEGoffersperceptuallyconserative andtime coherenen-
codingof residualvalues while JPEGHDR suggestsinad-hocap-
proachto encodingsubbandwhich is not suitablefor video. The
JPEGHDR encodettransformssubbandvaluesto the logarithmic
domainandthenlinearly scalegshemsothatthe minimumandthe
maximumvaluest in the0-255range.Sincetheminimumandthe
maximumsubbandraluecandiffer from imageto image,the scal-
ing factorcanalsochangdrom frameto framefor videosequences,
which would resultin temporal ick eringandlack of temporalco-
herencean subbandrames.Suchalack of temporalcoherencean
signi cantly impactthe performanceof MPEG inter-frame com-
pressionHDR MPEG, on the otherhand,guaranteethe temporal
coherencef residualframes.Moreover, the linear scalingof sub-
bandvaluesin JPEGHDR malkesthe quantizationof the subband
layerdif cult to predictandcontrol. JPEGHDR will quantizesub-
bandvalueswith high accurag for thoseimagesthatleadto small
magnitudeof subbandralues perhapsvastingsomebit-rateonin-
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Figure14: Comparisorof lossyHDR compressioralgorithms.Averagedesultsfor a setof images.

visible contrastdetails. For anothersetof images which resultin
large magnitudeof subbandvalues,JPEGHDR canquantizetoo
coarsely leadingto contouringartifacts. To reducequantization,
JPEGHDR skipsa small percentof the brightestand the darkest
pixelsin animage,which hawever canleadto lossof somedetails
(seeFigure 15). HDR MPEG quantizescolor valuesconsistently
for consecutie framesandthe quantizeris basedon the visibility
thresholdf the HVS ratherthanframecontent.

Unlike JPEGHDR, the proposedcompressiomethoddoesnotim-

poseary restrictionson thechoiceof aTMO anda gamutmapping
algorithm. A TMO for HDR MPEG cansaturateboth luminance
and color, changecolor valuesand enhancdocal contrast. Such
changesmay resultin a lower compressiorratio, but both LDR

andHDR frameswill be preseredin the resultingvideo stream.
JPEGHDR will losemostcolordifferencebetweerHDR andLDR

sinceit doesnotstorecolorin thesubbandayer Suchunrestricted
controlovertheappearancef bothLDR andHDR streamss very

importantfor our major application- a storageformat for digital

movieswhoseappearanceannotbe compromised.

Finally, a sub-samplingof the subbandayerin JPEGHDR may
lead to the loss of visible details. Although the pre-correction
may be usedto avoid loss of high frequeng details, this leads
to distortedLDR frames, which, similar to the compandingap-
proach[Li et al. 2005], is not acceptabldor applicationsrequir

ing uncompromisedjuality of tone-mappedmages. The post-
correction althoughit doesnot modify the sourceimage,alsodoes
not give as goodresultsasthe pre-correction Full-sampling on

the other hand, doesnot give as good compressiorratio as the
othertwo approachesThe counterparbf sub-samplindgn the pro-
posedHDR MPEGis Itering of invisible noise(seeSection3.4).
The Itering hasa similar goal asthe sub-sampling— to reduce
high frequeng noiseandimprove compressionbut it doesit in a
moreselectve manner The proposedltering remosesonly those
high frequeng detailswhich are not visible andthereforecanbe
smoothedut without impairing the visual quality of the resulting
video. Sub-samplingphviously, cannotgive sucha guarantedre-
ferto Figure5).

7 Conclusions and Future Work

In this work we proposea rst backward-compatibleHDR MPEG
video compressiormethodthat can facilitate a smoothtransition
from LDR to HDR content. The storagecost of a backward-
compatibleHDR streamis modest(about30% overhead),com-
paredto the huge storagerequirementof High De nition video.
Theproposedormatis especiallysuitablefor DVD movie distribu-
tion, which mustensurethe compatibilitywith existing DVD play-
ersthatarenot capableof HDR playback.The formatdesigncon-
formsto standard-bit MPEG decodingchips. The methodallows

Figure 15: Very bright pixels in the original image (left) arelost
aftercompressionvith JPEGHDR (right) at quality setting90 and
with the precorrection (default settings). This is becausea small
percentagef thebrightestanddarkestpixelsis skippedwhencom-
putingminimumandmaximumvalueof the subbandmage.

for separatéone/@amutmappingof LDR andHDR video,whichis

essentiafor top-qualitymovie production.We introduceda pair of

compatiblecolor spaceghat facilitate comparisondetweenLDR

andHDR pixels. Thenonlinearfunctionusedto encodeHDR lumi-

nancecanberegardedasanextended‘gammacorrection’thatcan
be usedfor thefull rangeof visible luminancevalues. To achieve
even bettercompressiorperformancewe emplg/ed an advanced
modelof theHVS, whichis tunedfor thefull rangeof visible lumi-

nanceandis suitablefor HDR imageprocessingWe introducedan
HDR ltering solutionbasedon this modelwhich selectvely and
conseratively removesimperceptiblehigh-frequeng detailsfrom

thevideostreamprior to its compressionWe believe thatour com-
putationallyef cient HVS modeland HDR lItering solution are
generaknoughto nd otherapplicationsn computemgraphicsand
digitalimaging.

We implementedandtesteda dual video streamencodingfor the
purposeof abackward-compatibléiDR encodinghowever, we be-
lieve thatotherapplicationghatrequireencodingmultiple streams
canpartly or fully bene t from the proposedmnethod. For exam-
ple, a movie could containa separatevideo streamfor color blind
people. Sucha streamcould be ef ciently encodedecausef its
high correlationwith the original color stream. Movie producers
commonlytaget differentaudienceswith differentcolor appear
ance(for exampleKill Bill Vol. 2 wasscreeneavith adifferentcolor
stylizationin Japan).The proposedalgorithmcould be easily ex-
tendedso that several color stylized movies could be storedon a
singleDVD. Thiswork is alsoa steptowardsanef cient encoding
of multiple viewpoint video, requiredfor 3D video [Matusik and
P ster 2004].
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