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Preface

Thisprojectis aboutcomparisonof highdynamicrangecompressionalgorithms,andthetheme
for the9thsemesterComputerVisionandMediaTechnology(CVMT) M.Sc.programis »Com-
puterVisionandVirtual Reality«.

This projectreportis structuredaccordingto the IMRAD model. TheIntroductionformulates
problem,andin theMethodpartall theoreticalaspectsandusedalgorithmsaredescribed.Re-
sultsandDiscussiondealswith thepresentationandinterpretationof the�ndings. Eachpart is
subdivided into chaptersnumberedin succession,andtheappendixesareindexed with capital
letters.Citationsin thereportarepresentedas(Author [year]).

ChristianVasePetersen SørenHansen

RuneLaursen
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CHAPTER

Intr oduction

1.1 Problemarea

High dynamicrange(HDR) imagesarebecomingincreasinglycommonandimportantin the
areaof computergraphics,sinceit allows the captureof imagesthat representthe whole dy-
namicrangeof ascene,ratherthanonly asubsetof it asmostconventionalimagingequipment
allows. Thesehigh dynamicrangeimagesthencontainaccuratediscriptionsof imagecontent
in bothdarkandbright regions. Thedynamicrangeof variouscommondisplaydevices,such
asmonitorsandprinters,is muchsmallerthanthedynamicrangetypically foundin real-world
scenes,which posestheproblemof how to displayanHDR imageon suchdevices,while still
preservingasmuchof the original imagecontentaspossible.This motivatesthe needfor an
intelligentmethodthatis capableof compressinga HDR imageto a low dynamicrange(LDR)
image.

1.2 Thr eemethods

Threemethodswerepresentedat theSIGGRAPH2002InternationalConferenceon Computer
GraphicsandInteractive Techniques,for compressingHDR imagesto LDR images:

• PhotographicToneReproductionfor Digital Images(Reinhardetal. [2002])

• GradientDomainHigh DynamicRangeCompression(Fattalet al. [2002])

• Fast Bilateral Filtering for the Display of High Dynamic RangeImages(Durandand
Dorsey [2002])

Thesemethodsareall build on previous work in theareaof high dynamicrangecompression
andincorporateandextendtheresearchdoneover thelastdecade.Thereforeit is interestingto
comparethesemethodsto getanoverview of how theresultsthey producerelateto eachother.

1.3 Comparisonof HDR compressionmethods

Currently, no papersdescribemethodsfor comparinghigh dynamicrangecompressionalgo-
rithms or for evaluatingthe resultsof thesealgorithms. Methodsexist for comparingimages
basedon variouspropertiesin the images,but mostof thesemethodsarerelatedto examining
theartifactsof lossyimagecompression.SincetheHDR compressionmethodsaredif�cult to
compareit is interestingto identify measuresthat arerepresentative for the quality of a com-
pressedHDR imageand basedon thesedevelop methodswhich allow comparisonof HDR
compressionmethods.
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1.4 Problemdescription

Thegoalof thisprojectis to identify measuresfor evaluatingthequalityof anHDR compressed
imageandbasedon thesedevelopmethodsfor assesingthequality of HDR compressionalgo-
rithmsandthusbeingableto comparethem.Furthermoreit is agoalto comparethethreeHDR
compressionalgorithmspresentedatSIGGRAPH2002basedonthedevelopedmethods,andin
thiscontext examinethevalidity of thedevelopedmethods.
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CHAPTER

Intr oduction

Thispartwill introducethemethodsusedin theprojectto ful�l theproblemdescription.These
includeson which parametershigh dynamicrangeimagesshouldbe judged,how to compress
thehighdynamicrangeimagesto low dynamicrangeimagesandhow to testdifferentcompres-
sionmethods.

To �nd out how to obtainhigh dynamicrangeimages,whatspecialcautionsmustbetakenand
whichmeasureson which they shouldbejudgedapreanalysishasbeenmade.

In thecompressionmethodssectiondifferentapproachesfor compressionof highdynamicrange
imageswill bediscussedfrom thevery simplemethodsto thethreemethodspresentedat SIG-
GRAPH2002.

In theTestchapterit will bedecidedhow to comparethedifferentmethodsanddifferenttests
basedonbothdigital methodsandhumanobservation.



CHAPTER

Preanalysis

Thissectiondescribestypicalareasof usefor HDR imagesandhow to obtainHDR imagedata.
Furthermoreit is discussedwhat imagepropertiesareimportantwhendisplayingHDR images
onLDR mediaandwhichartifactscanoccurin theprocess.

3.1 Ar easof use

Typicalusesfor HDR imagescanbedevidedinto surveillanceandpersonalusage.

Surveillancecamerashave for a long time typically beenlow dynamicrangeandtherebynot
being able to copewith varying light levels. HDR camerasallow to capturewhat the eyes
seeregardlessof extremelighting conditionswithin a scene. This is a valuablefeaturefor
applicationssuchas lobbies,parking garagesand warehouses,in which it is critical for the
camerato capturedetail in brightly lit windows, doorways,andbayswithout losingthedetails
of dimmerindooror coveredareas.While detailsfor thevarying light levels is very important
theoverall naturalnessis of lessimportance.

For personalusageof HDR images,suchasthefamily photoalbum,bothdetailsandnaturalness
is important. Wheneg. capturingan imagein a darkendroom of peoplearounda christmas
three,it is desirableto beableto seethepeopleandthe threeclearlywhile still having details
aroundthelightson thechristmasthreesothey appearto beglowing in thedarkendroom.This
amountof detailin variouslight levelsshouldonly beextendedto a level wherethenaturalness
of theimageis notcompromisedsinceit is notdesirableto haveaphotoalbumwith imagesnot
lookingnatural.

3.2 Obtaining high dynamic rangedata

As any amateuror professionalphotographerknows, it is aproblemto capturethefull dynamic
rangeof asceneusingconventionalimagingequipment.Onehasto choosetherangeof radiance
valuesthatareof interestanddeterminetheexposuretime suitably. Sunlit scenes,andscenes
with shiny materialsandarti�cial lightsources,oftenhaveextremedifferencesin radiancevalues
that are impossibleto capturewithout eitherunder-exposingor saturatingthe �lm. To cover
the full dynamicrangeof sucha scene,one can take a seriesof photographswith different
known exposures(see�gure 3.1). Thesecanthenbefusedinto a singlehigh dynamicradiance
mapwhosepixel valuesareproportioalto thetrueradiancevaluesin thescene.A methodfor
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recoveringhigh dynamicrangeradiancemapsfrom photographsis presentedin (Debevecand
Malik [1997])1.
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(f)

Figure 3.1: A series of images showing different exposures.

3.2.1 LARS III high dynamic rangesensor

Anotherway of obtaininghigh dynamicrangedatais to usespecialimagingequipmentthat
is capableof directly capturingthe high dynamicrangeof a scenewithout overexposingor
saturatingtheimage.For thisproject,acamerawith theLARS®III imagesensorhasbeenused.
It hasalinearrangeof 120dB andis capableof capturing30framespersecondwith aneffective
resolutionof 766x494pixels(SiliconVision [2002]).

TheLARS®III sensoris basedon ahybridTFA/CMOStechnology. TFA (Thin Film on ASIC)
is thecombinationof amorphoussilicon,whichis anexcellentmaterialfor opticaldetectors,and
crystallinesilicon integratedcircuits. Theamorphoussilicon is thenplacedon top of anASIC
(ApplicationSpeci�c IntegratedCircuit) which resultsin averticallyalignedhybridsensorthat
takesadvantageof bothmaterials.

ConventionalCMOSandCCD technologieshasa maximumdynamicrangeof roughly70 dB.
LARS III overcomesthis limitation by splitting thepixel informationinto two separatesignals,
bothwith dynamicrangerequirementsbelow 70 dB. In this way a dynamicrangeof morethan
120dB canbecovered.Thesensoris locally auto-adaptive whichmeansthateachpixel controls
its integrationdurationautomaticallywithin the integrationtime setfor thewhole image.The
integratedcapacityandtheindividual timestamp(integrationtime)arecapturedin eachpixel as
analogvalues.For readout, thechip thenre-combinesthetwo signalsto a linearhigh dynamic
rangeof 120dB. Theresultingimageis 24 bit monochrome.

Noise

The imagescapturedwith the LARS®III imagesensordid includemorenoisethanexpected.
In �gure 3.2threeimagesis showing differentbit rangesof ahighdynamicrangeimage.It can
beseenthatnoiceis mostpronouncedin thelowestbit of theimagewhich is mostlikely dueto

1HDR Shop,a high dynamicrangeimageprocessingand manipulationpackagecapableof recovering high
dynamicrangeradiancemapsfrom photographsis availablehere:http://www.debevec.org/HDRShop/ .
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thatthesepixelsrequirea largerintegrationtimeandaretherebymoreproneto noise.It should
alsobenotedthata smallamountof noiseis visible in thehighestbit of thespectrum.This is
mostlikely dueto duston theopticsin thecamera,sincethesamenoisepatternin thehighest
bitswasfoundin all capturedimages.

Theseconstantnoicepixels wereremoved by comparingeachHDR imagewith a noiceonly
imageandthenexchangingthepixels in theHDR image,wherethereis noice,with oneof its
neighbourspixel value. The noice imagewasmadeby obtainingan imagefrom the camera
whereno light wassubmittedinto thelens,leaving only constantnoice.

Therestof thenoicewasmoreor lessremovedby applyinga 3 � 1 median�lter to theimage.
It shouldalsobe notedthat differentdegreesof quanti�cation occursin the lowestbits of the
image.

(a) (b) (c)

Figure 3.2: Different bit ranges of an image. In (a) the range is 27 - 210. In (b) the range is 210

- 214. In (c) the range is 214 - 218.

Sharpness

Thecapturedimageswerenotassharpasonecouldhopefor. Sharpening�lters werenotapplied
to theimagesto assurethatnaturalnesswasnotcompromised.

Color

SincetheLARS®III is a monochromesensor, red,greenandblue �lters hadto be appliedin
front of thelensto producecolor images.This poseda restrictionon whatkindsof scenesthat
couldbe captured.Sinceeach�lter hadto be placedmanuallyonly staticsceneswereviable
whichmadeit somewhatdif�cult to captureskincolorbecauseof subtlemovements.
Due to each�lters absorptionof light it wasnecessaryto increaseoverall integrationtime for
the imageto producecolor imagesof acceptablequality. Thethreeimages,onefor eachcolor
channel,wasthencombinedandwhitebalancingwasappliedby manuallyidentifyingpixelsin
theimagethatwereknown to bebrightwhiteandadjustingthecolor channelsaccordingly.
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3.3 Important imageproperties

When compressinghigh dynamicrangeimagesfor displayon standarddisplaydevices it is
relevant that certainimagepropertiessurvive the process.As mentionedabove, the natural-
nessof the imageshouldbe preserved so the imageappearsphotorealistic.While naturalness
is somewhat dif�cult to de�ne therearecertainpropertieswhich can in�uence the perceived
naturalness.

Detail preservation

Preservingdetail is a goal whencompressingHDR images. It canbe seenasa preservation
of local contrastandshouldtake placeboth in darkandbright regionsof the image.However
detailmustnotbeenhancedto alevel wherenaturalnessis compromised.Thiscouldbethecase
if the HDR imagescontainsnoiseandthe compressionalgorithmtreatsit assmall detail and
thereforeenhancingit.

Shadow preservation

Shadows areimportantto thehumanvisualsystemfor perceptionof depthandtherebynatural-
ness.If for instanceglobal contrastis decreasedandlocal contrastincreasedto a level where
thedifferencebetweenashadowedandanunshadowedregiondisappears,thenaturalnessof the
imagewill suffer.

Color preservation

Colorpreservationis anobviouspropertyfor preservingnaturalness.Whencolorsareunnatural
for known objectsit is quickly discoveredby thehumaneye. Sincethehumanvisualsystemis
especiallygoodat recognizingskin color it is resonableto useimagescontainingskin color as
referencefor assesingcolorpreservation.

Blur

Blurinessis an undesiredeffect for resultingLDR images,sinceit makesthemappearout of
focus. Sincethe imagescapturedwith theLARS®III sensorappeareda little blurredthey are
challengingfor theHDR compressionalgorithmsin meansof whethertheblurinessis decreased
or increased.

Halos

Halo effectsareproblemoftenencounteredin theareaof HDR imagecompression.They typ-
ically appeararoundstrongedgesandmakes the imagelook unnatural(see�gure 3.3 for an
exampleof haloeffects). Halo effectsoccurwhenusinga linear �lter hierachy(eg. an image
pyramid),whichdoesnotadequatelyseparate�ne detailsfrom largefeatures,andthussmooth-
ing oversceneboundaries(TumblinandTurk [1999]).
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(a)
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(b)

Figure 3.3: (a) image without halo effect. (b) images with halo effect.

3.4 Selectingimagesfor further study

Theabovementioneddesiredpreservedimagepropertiesandpossibleartifactsof highdynamic
imagecompression,foundsa basisfor selectingHDR imagessuitablefor testingHDR image
compressionalgorithmsand what to examinein the resultingLDR imageswhen evaluating
thesealgorithms.
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Compressionmethods

In this chaptersomedifferentapproachesfor compressingHDR imageswill bediscussed.The
�rst sectioncontainsdescriptionof somesimplemethodsincludingapplyingalogarithmic�lter ,
usinggammacorrectionanda local mappingof pixel valuesbasedon a window aroundthe
pixels.

After this thethreedifferentmethodsfor HDR compressionpresentedatSIGGRAPH2002will
bedescibed.ThemethodsarePhotographicToneReproductionfor Digital Imagesalsorefered
to asthetonemapmethod,GradientDomainHDR Compressionalsoreferedto asthegradient
methodandFastBilateral Filtering for theDisplayof HDRimagesalsoreferedtoasthebilateral
method.

4.1 Simplemethods

Thetaskto convertanHDR imageto LDR canbedoneusingdifferentapproaches.Someof the
simplemethodswill bediscussedin thefollowing sections.

4.1.1 Linear quantization

Thelinearquantization�lter is thesimplestto reducetherangeof theimage.It canbedoneby
left shiftingthebits in theimagepreservingonly the8 mostsignigicantbits. Thismethodis fast
andcaneasilybedonein realtime.

However this approachgivesan imagewherenoneof the extra detailsobtainedby the HDR
camerahasbeenpreserved,andthereis no reasonto useanexpensive HDR cameraanymore.
Furthermoretheoutputdoesnot look natural.Especiallythedetailsin thedark regionsof the
imageareremoved.

An exampleof asimplelinearquantizationandits histogramcanbefoundin �gure 4.1.

Histogram stretching

Sincemostpixelsin theimagearein thedarkestspectrumof thehistogramit is worthstretching
the histogramleaving the brightestpixel valueaswhite, andthe darkestpixel valueasblack.
This is doneto exploit thefull visible spectrumof intensities.

If thebrightestpixel valuein theoriginal imageis denotedpmaxandthedarkestpixel is denoted
pmin, thenew intensityof eachpixel pxy canbecalculatedas:
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0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

0

1

2

3

4

5

6

x 10
4

(b)

Figure 4.1: The result of a linear quantization of an HDR image. (a) is the resulting image and
(b) is its histogram.

pxy �

oxy �

pmin

pmax �

pmin
(4.1)

whereoxy is theoriginalpixel.

Insteadof letting pmin and pmax representthe absoluteminimum andmaximumvaluerespec-
tively, pmin is de�ned asthevaluewhere99%of thepixelsin theimagehaveahighervalueand
pmax is de�ned asthevaluewhere99%of thepixelsin theimagehave a lowervalue.

Thispreventssingleerrorpixelsto havesigni�cant in�uenceontheclampingof theimage.This
approachalsoclampsoff 2%of thedatain theoriginal image,but it is notconsideredaproblem.

Theresultof thehistogramstretchedimagefrom �gure 4.1canbefoundin �gure 4.2.

(a)

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

0

1.5

3

x 10
4

(b)

Figure 4.2: The result of a linear quantization of an HDR image where the histogram has been
stretched. (a) is the resulting image and (b) is its histogram.

All imagesin therestof thisprojecthasbeenstretchedin orderto utilize thefull outputrange.



17

With the histogramstretchingof the HDR image,the outputof the linear quantizationis still
without detailsat all in the shadow regionsof the scene,andalso in the bright areaslots of
detailshave beenlost.

4.1.2 Logarithmic quantization

Sincethehumanperceptionof theintensitycanbeapproximatedto thelogarithmof theintensity
ratherthantheintensitiesthemselves(Fattalet al. [2002]),a simple�lter to visualizetheHDR
imagewouldbeto usethelogarithmof theintensity.

Using the logarithmof the intensitiesand doing a histogramstretchingafterwardsgives the
resultin �gure 4.3.

(a)

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

0

6000

12000

(b)

Figure 4.3: The result of a logarithmic quantization of an HDR image where the histogram has
been stretched. (a) is the resulting image and (b) is its histogram.

Theresultingimageis now muchmorenaturalandmuchbetterbalancedon thehistogramthan
thelinearlyquantizedimage.But thequantizationdoesnotdoanythingto preservedetailsin the
image.Theextradetailsobtainedby theHDR cameraaresuppressedin thelogarithmquantized
image.Especiallydetailsin the light regionsof the imagearesuppressed.An exampleof this
canbeseenin �gure 4.4.

4.1.3 Gammacorrection

A well known methodto reproduceimageswheredetailsare betterpreserved is the useof
gammacorrection.The intensityIg cansimply be calculatedfrom the original intensityI and
thegammavaluegby Ig �

Ig.

The gamma-correctioncanbe usedto mapa narrow rangeof dark input valuesinto a wider
rangeof outputvalues,with the oppositebeingtrue for highervaluesof input levels. A low
valueof ggivesbetterpreservationof detailsin thebright regions,anda high valueof gamma
givesbetterpreservationof detailsin thedarkregions.
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(a) (b)

Figure 4.4: An extract from the logarithmic quantization of the image in �gure 4.3 (a) and the
original image where the intensity has been exposed to �t this extract (b). It can
be seen, that especially details in the hand and the letters in the book have been
lost in the logarithmic quantization compared to the original image.

(a) (b)

Figure 4.5: The original logarithm image (a) compared to the gamma corrected image (b).
Details in the dark area are better preserved, but has been lost in very bright
areas.
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However this approachdoesnot either do anything intelligent to preserve the details in the
image,andis thereforejustasimplenon-linearscalefactor.

More complex methodsmustthereforbe investigatedto preserve the detailscombinedwith a
quantizationtheoriginal image.However gammacorrectionwill still bea parameterto useto
adjusttheoutcomeof mostof thefollowing approaches.

4.1.4 Windowedhistogram stretching

A simpleideaoriginatefrom theearliermentionedhistogramstretching.Insteadof doing the
stretchingglobally on the entireimage,it canbe donelocally to decideeachpixel's intensity
basedonahistogramstretchingof awindow in theneighborhoodof thepixel.

For eachpixel in the image,the limits for the histogramstretchingis calculatedbasedon a
window aroundthepixel. Thesizeof thewindow will bea parameterto themethod.Thepixel
valueitself will thenbe calculatedrelative to the minimum andmaximumvaluefound in the
histogramstretchingof thewindow.

Theideais, thateachpixel in theresultingimagewill correspondalmostcorrectlyto its neighbor
pixelscomparedto theoriginalimage.Howevergloballytheareasof theimagewill beajustedto
thesameintensitylevel. Therebydarkareasof thescenewill begivenahigherglobalintensity
comparedto theoriginal image,andbrightareaswill begivena lowerglobalintensity.

For a startit mustbementioned,that this methodfocuson thepreservationof detailsfrom the
originaloverhow naturaltheimageappear.

Percentagecut

In the�rst approachthehistogramstretchingof thewindow is performedexactly they way it is
describedearlierfor the whole image. However theminimum valueis setasthe valuewhere
95%of thedatain thewindow areabove this value,andthemaximumvalueis thevaluewhere
95%of thedatain thewindow arebelow thevalue.

An exampleof the resultsof this approachusing two different window sizescanbe seenin
�gure 4.6.

This approachhasa problemon major plain surfaceslike for examplethe surfaceof a table
wherethechangesin intensitiesin theoriginal imagearesmall. If thedifferencebetweenthe
maximumintensityandminimum intensity in the original window is smallerthan the range
of thewindow, too muchstretchingis appliedto thewindow resultingin thesurfacecontours
beeingtoodistinct. In �gure 4.6thisphenomenoncanbeseenon themiddleof thetable.

This phenomenoncanbepreventedby changingtheminimumandmaximumlimits (pmin and
pmax) in thewindow whenthedifferenceis smallerthantherangeRof theoutputimagewhichis
typically 255. In thiscase,thelimits canbecalculatedasin equation4.2whereµ is theaverage
intensityof thepixelsin thewindow.

pmin �

µ
�

R
2

� pmax �

µ �

R
2

(4.2)
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(a) (b)

Figure 4.6: Windowed histogram stretching using windows at size 20x20 pixels and 50x50
pixels respectively.

(a) (b)

Figure 4.7: Windowed histogram stretching with limits in the low dynamic areas using win-
dows at size 20x20 pixels and 50x50 pixels respectively.

With thesechangestheresultof thewindowedhistogramstretchingcanbeseenin �gure 4.7.

However therearestill seriousproblemswith this approach.Detailsarepreservedwell in both
dark and bright areasof the scene,but on the edgesbetweenthe dark and bright areasthe
window edgearevery clear. Furthermoreextra edgeshasbeenaddedaroundthemajoredges.
Theseedgeshasawidth of approximatelyhalf thesizeof thewindow size.

Theexplanationfor this is, thatthehistogramin thewindow is stretchedsothatexactly10%of
thepixels in thewindow areclamped.Whena pixel is closeenoughto a majoredgethatmore
than10%of thepixelsareon theotherside,theintensitylevel is adjustedto a level in�uenced
by bothsidesof themajoredge.

Gaussiancut

To avoid theextraedgesin theimagefrom thewindowedhistogramstretchinganotherapproach
of stretchinghasbeentested. Insteadof calculatingpmin and pmax asthe exact valueswhere
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90%of thedataarewithin thesevalues,they canbeestimatedbasedonanapproximationof the
histogramin thewindow.

A simplebut crudeapproximationof the histogramwould be a Gaussiannormaldistribution.
With thisdistribution pmin andpmax canbeapproximatedwith theEmpiricalRulein (Anderson
etal. [1999]) to be:

pmin �

µ
�

2s � pmax �

µ � 2s (4.3)

Givenµ is theaverageintensityin thewindow, s is thedispersionand95%of thedatashould
be within the limits given by pmin and pmax. Sincethenormaldistribution approximationis a
crudeapproximationit canbequestionedif limiting 95%of thedatagivesthebestresults,and
thisshouldthereforealsobeaparameter.

With this methodall pixels in thewindow will have somein�uence on theadjustmentof pmin

andpmax. Evenif thepixel is thatfarawayfrom amajoredge,thatonly onepixel from theother
sideof theedgeis repressentedin thewindow, thisonepixel will have somesmallin�uence on
theadjustingof pmin andpmax. Therebythewindow edgesarehiddenasin �gure 4.8.

(a) (b)

Figure 4.8: Windowed Gaussian normal distribution cut using windows at size 20x20 pixels
and 50x50 pixels respectively. It is now possible to see details in the background,
but halo effects has been introduced.

However this approachintroducessomenew problems.Eventhoughtheedgesof thewindow
hasbeenremoved therearestill visible halo effectsaroundmajor edges. Thesehalo effects
causesdetailsin theneighborhoodof majoredgesto beabsorbed,andtherebynot asvisible as
they wereintendedto be. It will notbepossiblewith thisapproachto remove thesehaloeffects.

Themethoddoesalsoexaggeratethesaturationof thecolorsin thedarkareasof theimage.The
reasonfor this is, thattheapproachdoesnothingto preserve theoriginal informationaboutdark
andbrightareasof thescene- it only triesto preserve thedetails.

4.2 Photographic tone reproduction

Themethoddescribedin thissectionis ThePhotographicToneReproductionfor Digital Images
(Reinhardet al. [2002]) which waspresentedat SIGGRAPH2002. The methodis basedon
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time-testedtechniquesfrom theZoneSystemmethodologyusedby photographersto developa
new tonereproductionoperator.

In theZoneSystemmethodologythe luminancerangesof a sceneareassociatedto a speci�c
zonewhich describesthe approximatere�ectanceof a print. Thereare eleven print zones,
rangingfrom pureblack(zone0) to purewhite (zone10),eachdoublingin intensity.

Thephotographer�rst takesa luminancereadingof a surfaceperceived asbeingmiddle-gray,
which is thesubjective middlebrightnessregion of thescene.This will typically bemappedto
zone5 which correspondsto 18%re�ectanceof theprint. Next luminancereadingsfrom both
light anddarkregionsareusedto determinethedynamicrangeof thescene.If thenumberof
usedzonesarebelow nine,it will bepossibleto captureall textureddetailsin the�nal print.

4.2.1 The method

Theperceivedmiddle-grayin theimageis with thismethodfoundasthelog-averageluminance
by:

Lw �

exp

�

1
N å

x� y
log � d � Lw � x � y�	��
 (4.4)

whereLw � x � y� is the world luminancefor pixel � x � y� , N is the total numberof pixels in the
imageandd is asmallvalue.Theworld luminanceis in this methodobtainedfrom theoriginal
R, G andB tripletswith Lw �

0 � 27R � 0 � 67G � 0 � 06B. Thescenecanbemappedto middle-gray
usingtheequation:

L � x � y�

�

a
Lw

Lw � x � y� (4.5)

whereL � x � y� is the scaledluminanceandthe key a is the middle-grayvalue typically set to
0.18. For the imagesfrom theLARS III cameraa key valueat 0.50gave muchbetterresults,
sincemuchmoredetailsin thedarkareasof thescenewerepreserved. Theimagecanthereby
simplybetonemappedusing:

Ld � x � y�

�

L � x � y�

1 � L � x � y�

(4.6)

This formulaguaranteesto bring all luminancesinto a displayablerangebut that is not always
desirable.Theequationcanbeextendedto allow high luminancesto burn out in a controllable
fashion:

Ld � x � y�

�

L � x � y��
 1 �

L � x� y�

L2
white �

1 � L � x � y�

(4.7)

whereLwhite is thesmallestluminancethatwill bemappedto purewhite.
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Untill now thepresentedalgorithmis prettysimpleandeasyto implement.However for very
high dynamicrangeimages,importantdetail is still lost. For theseimagesa local tonerepro-
ductionalgorithmthatappliesdodging-and-burning is needed.

Dodging-and-burning is a printing techniquewheresomelight is withheld from a portion of
the print during development(dodging),or morelight is addedto that region (burning). This
will lighten or darken that region in the �nal print relative to what it would be if the same
developmentwereusedfor all portionsof theprint.

Dodging-and-burning is typically appliedoveranentireregionboundedby largecontrasts.The
sizeof a local region is estimatedusinga center-surroundfunctionat eachspatialscale.This
functionis constructedusingcircularsymmetricGaussianpro�les of theform:

Ri � x � y� s�

�

1
p � a is�

2 exp �

�

x2
� y2

� a is�

2 �

(4.8)

Thesepro�les operatesat differentscaless. Vi cantherebybecomputedastheconvolution of
theimagewith theGaussians.

Vi � x � y� s�

�

L � x � y��� Ri � x � y� s� (4.9)

The convolution in the useof the algorithmis implementedasa multiplication in the Fourier
domain.Thecenter-surroundfunctioncantherebybecalculatedby:

V � x � y� s�

�

V1 � x � y� s�

�

V2 � x � y� s�

2f a� s2
� V1 � x � y� s�

(4.10)

This equationis computedto establisha measureof the locality of eachpixel, and to �nd a
scalesm of an appropriatesize. The areato be consideredlocal is the largestareaarounda
pixel whereno large contrastoccur. Thesizeof this areais computedby evaluatingequation
4.10usingdifferentscaless. Startingfrom thelowestscale,thetaskis to �nd the�rst scalesm

where: �

V � x � y� sm �

���

e (4.11)

In this casee is a threshold.HerebyV � x � y� sm � canbeconsideredthelocal averageof thepixel
� x � y� . Theglobaltonereproductionoperatorfrom equation(4.6)cantherebybeconvertedto:

Ld � x � y�

�

L � x � y�

1 � V1 � x � y� sm � x � y�	�

(4.12)

Solving this equationfor eachpixel will give the �nished tonemappedimage. Figure4.9 il-
lustratesthe differencein usinga simple tone mappingoperatorcomparedto the useof the
dodging-and-burning techniques.

Theauthorsof themethodshasreleasedthesourcecodewhich hasbeenthebasisof thetestof
thealgorithm.
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(a) (b)

Figure 4.9: (a) The use of the simple tonemap operator. (b) Use of dodging-and-burning
techniques.

4.2.2 Parameters

The parametersto the methodsarethe numberof scaless to use,here8 scalesproved to be
a goodvalue. The key value which was found to be 0.50 at the imagesfrom the LARS III
cameraandthedefault valueat 0.18at otherHDR images.Thevaluesof a 1, a2 andf wereas
recommendedin thearticlesetto 0.35,0.56and8 respectively.

For goodresultsagammacorrectionat a level between0.6and0.7wasnecessary.

4.3 Gradient Domain HDR compression

Thisapproachis basedonthearticle'GradientDomainHDR compression'(Fattaletal. [2002])
whichdescribesamethodfor compressingtheHDR imageby manipulatingthegradientsof the
intensityimage.It will attentuatelargegradientswhile preservingsmallones.

This is accomplishedby creatingagradientmapof theoriginalHDR image,andthenattenuate
the large gradientsin this map. Herebythegradientmapof thenew LDR imageis found, the
�nal stepis thento �nd theimagewhichhave thesereducedgradients.This is accomplishedby
usingapoissonsolver, whichwill �nd theimagethatin theleastsquaressensecomesclosestto
having these.

4.3.1 The method

All computationsaredoneon the logarithmof the intensities,so initially the logarithmis ob-
tainedby equation4.13.d is asmallfactorwhich is neededin orderto avoid log of zero.

H � x � y�

�

log � L � x � y��� d� (4.13)
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As mentionedearlier the algorithmis basedon compressionof the gradients,this is accom-
plishedby equation4.14,whereÑH is thegradientsof H, F is a perpixel attenuationfunction
andG is theresultof ÑH andF multipliedwhich is thereducedgradients.

G � x � y�

�

ÑH � x � y� F � x � y� (4.14)

Ideally it shouldnow bepossibleto calculatetheLDR imageI , by integrationof equation4.15,
which statesthat the gradientsof the LDR imagehasto equalG. But unfortunatelyG might
notbeintegrable,soinsteada leastsquaressolutionof theproblemwill befound,speci�cally a
poissonsolver will beusedto �nd I .

ÑI � x � y�

�

G � x � y� (4.15)

Gradient attenuation function

Initially themethodof �nding thegradientattenuationfunctionF � x � y� will bedescribed.This
functionwill becreatedfrom thesizeof edgesin theHDR image,sinceit shouldattenuatelarge
edges.

SincetheHDR imagecontainsedgesatmultiplescales,andthealgorithmcalculatesaperpixel
attenuation,an edgedetectionmethodwill be usedwhich works in several resolutionsof the
image,�nds theedgesat theseresolutionsandpropagatestheattenuationthey in�ict to thefull
resolutionimage.

Firstapyramidis constructedwheretheoriginal imageH0 is at thebottomandeachlayerabove
it is half thesizeof thepreviousone.Thenumberof layers,d, is chosensuchthatthetop layer
Hd hasawidth andheightof at least32 pixels.

Thegradientsof eachlevel is now calculatedby applyingequation4.16.

ÑHk � x � y�

�

�

Hk � x � 1 � y�

�

Hk � x
�

1 � y�

2k � 1
�

Hk � x � y � 1�

�

Hk � x � y
�

1�

2k � 1 �

(4.16)

At eachlevel of thepyramidtheattenuationfactorf cannow bedeterminedfrom thegradients.
The function for calculatingthis hastwo parametersa andb. Gradientslarger thana will be
attenuated,andgradientssmallerthana enlarged.How muchis controlledby b.

f k � x � y�

�

a

�

ÑHk � x � y�

���

�

�

ÑHk � x � y�

�

a �

b

(4.17)

In all testsa hasbeenset to 0.1 timesthe averagegradientmagnitude,while b hasbeenset
between0.85and0.95.

Thenext stepis to propagatetheseattenuationfactorsto thefull resolutionimagesizein order
to gettheattenuationfactor, F , of equation4.14.This is accomplishedby thepropagationrules
below. Lerp� F k � 1 ��� x � y� meansthat the level above the currentlevel shouldbe resizedto the
dimensionsof thecurrentlevel by linearinterpolation.

F d � x � y�

�

f d � x � y� (4.18)
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F k � x � y�

�

Lerp� F k � 1 ��� x � y�

� f k � x � y� (4.19)

F � x � y�

�

F 0 � x � y� (4.20)

This meansthattheattenuationfactorF of thefull sizeimageis calculatedby beginningat the
top of thepyramidandthenpropagatetheattenuationfactorsof eachlayerto theonebelow by
multiplicationwith thatlayersattenuationfactors.

An exampleof thegradientattenuationfactorscanbeseenin theimagein �gure 4.10.

Figure 4.10: Gradient attenuation factors of the HDR image Table. Darker shades indicate a
larger attenuation

Retrieving the LDR image

Ideally it shouldbe possibleto calculatethe compressedgradientsG from equation4.14and
then�nd theLDR imageI from theequationG

�

ÑI. But asmentionedearliersuchanimage
mightnotexist, sinceG mightnotbeintegrable.InsteadanimageI will befoundwhich, in the
leastsquaredsense,comesclosestto solvingthisequation.

Theproblemwill besolvedasa linearpartialdifferentialequationof thepoissonform:

Ñ2I
�

divG (4.21)

WheredivG is the divergence�eld of G de�ned in equation4.22 while Ñ2I is the laplacian
operatorde�ned in equation4.23.

divG
�

¶Gx

¶x
�

¶Gy

¶y
(4.22)

Ñ2I
�

¶2I
¶2x

�

¶2I
¶2x

(4.23)

Ñ2I will beapproximatedasthelaplacian�lter:

Ñ2I � x � y��� I � x � 1 � y��� I � x
�

1 � y��� I � x � y � 1��� I � x � y
�

1�

�

4I � x � y� (4.24)
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While thegradientÑH is approximatedusingtheforwarddifference:

ÑH � x � y� �!� H � x � 1 � y�

�

H � x � y�

� H � x � y � 1�

�

H � x � y�	� (4.25)

ThereducedgradientG is now calculatedby multiplying ÑH andF (seeequation4.14),which
makesit possibleto calculatedivG, usingthebackwarddifferenceapproximation:

divG � Gx � x � y�

�

Gx � x
�

1 � y��� Gy � x � y�

�

Gy � x � y
�

1� (4.26)

To solvethepoissonequationit is neededto de�ne its boundaryconditions.Theneumanbound-
ary conditionwhich statesthat thederivative aroundthe imagegrid is zero,will beused.This
impliesthatfor exampleI �

�

1 � y�

�

I � 0 � y�

�

0.

Solving the poissonequation

The poissonequationcannow be solved for the low dynamicrangeimageI . This is accom-
plishedusingthe“rapid poissonsolver” describedin (Pressetal. [1993]).

Thispoissonsolverexploits thefactthatthereis asimplerelationshipbetweenthecosinetrans-
form of divG andthe cosinetransformof the output imageI , whenthe poissonequationhas
neumannboundaryconditions.This relationshipcanbededucedby lookingat thede�nition of
theinversecosinetransformandreformulatingthepoissonequation:

divG andIs relationshipwith their cosinetransforms ˆdivG andÎ canbedescribedas:

divG � j � l �

�

2
J

2
L

J

å
m" 0#

L

å
n" 0#

ˆdivG � m� n� cos �

p $ j $ m
J �

cos �

p $ l $ n
L �

(4.27)

I � j � l �

�

2
J

2
L

J

å
m" 0#

L

å
n" 0#

Î � m� n� cos �

p $ j $ m
J �

cos �

p $ l $ n
L �

(4.28)

Theprimenotationin theseequationssignalsthatthetermsfor m=0, m=J, n=0 andn=L should
bemultipliedby 1

2.

By combiningequation4.21and4.24thepoissonequationcanbeformulatedas:

I � x � 1 � y��� I � x
�

1 � y��� I � x � y � 1��� I � x � y
�

1�

�

4I � x � y�

�

divG � x � y� (4.29)

If equation4.27 and4.28 is substitutedinto this equationthe cosinetransformÎ of I canbe
foundas:

Î � m� n�

�

ˆdivG � m� n�

2 % cos %

p & m
J '

� cos %

p & n
L '

�

2
'

(4.30)

It is now possibleto solve for I , sincethereis threeequationswith threeunknowns:

1. Compute ˆdivG asthecosinetransform:

ˆdivG � j � l �

�

J

å
m" 0#

L

å
n" 0#

divG � m� n� cos �

p $ j $ m
J �

cos �

p $ l $ n
L �

(4.31)
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2. ComputeÎ from equation4.30.

3. ComputeI from theinversecosinetransformin equation4.28.

Thecosineandinversecosinetransformcanbe calculatedusingthe “FastCosineTransform”
from (Presset al. [1993]).

Theonly problemwith usingthis algorithmis thatit requiresaninputarraywherebothdimen-
sionsizesarea power of 2 plus1. This is accomplishedby paddingthe logarithmimageused
in thismethod.Thepaddingwill bethere�ection of theimagearoundits originaledge.

Thisshouldnotin�uencetheoutputof themethodsinceit will notintroduceany largergradients
thanwhatalreadyexists,or changetheaveragegradientsizesubstantially. An exampleof such
apaddedimagecanbeseenin �gure 4.11.

Figure 4.11: log of the HDR image Table, which has been padded to have a size of 1025x513

Creating the color image

As mentionedearlierthealgorithmworkson thelogarithmof the intensities.SotheresultI is
thelogartihmof theintensitiesof theLDR image.Therefortheactualintensitiescanbeobtained
by applyingexp on I .

Finally the color imagecanbe madeby applyingequation4.32to eachof the color channels
C=R,G,B. Lin andLout denotetheintensitiesbeforeandafterthemethod,whilesis thesaturation
of thecolor channels.

Cout �

�

Cin

Lin
�

s

$ Lout (4.32)

Valuesof sbetween0.4and0.6hasprovento provide satisfactoryresults.

Finally it shouldbenotedthatin oppositionto theothercompressionmethodsthisonedoesnot
requiregammacorrection.
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4.4 Fastbilateral �ltering

FrédoDurandandJulie Dorsey presentin the paper“FastBilateral Filtering for the Display
of High-Dynamic-RangeImages”(DurandandDorsey [2002]) a methodfor compressinghigh
dynamicrangeimagesbasedon bilateral�ltering. Themethodreducescontrastwhile preserv-
ing detailandis basedon a two-scaledecompositionof the imageinto a baselayer, encoding
large-scalevariationsanda detail layer. Only the baselayer hasits contrastreduced,thereby
preservingdetail. Thebaselayeris obtainedusinganedge-preserving�lter calledthebilateral
�lter . This is a non-linear�lter , wheretheweightof eachpixel is computedusinga Gaussian
in thespatialdomainmultiplied by anin�uence functionin theintensitydomainthatdecreases
theweightof pixelswith large intensitydifferences.This resultsin a �lter thatblursthesmall
variationsof a signal(noiseor texturedetail) but preservesthe large edges.It is showed how
bilateral�ltering canbeacceleratedby usinga piecewise-linearapproximationin the intensity
domain.

4.4.1 Bilateral Filtering

Bilateral �ltering wasoriginally developedby TomasiandManduchi(TomasiandManduchi
[1998]). It is a non-linear�lter wheretheoutputis a weightedaverageof theinput. They start
with astandardGaussian�ltering with aspatialkernel f (see�gure 4.12).However, theweight
of a pixel alsodependson edge-stoppingfunctiong in the intensitydomain,which decreases
theweightof pixelswith largeintensitydifferences.Theoutputof thebilateral�lter for a pixel
swith intensityIs, whereWis thewholeimage,is then:

Js �

1
k � s�

å
p ( W

f � p
�

s� g � Ip �

Is � Ip (4.33)

wherek � s� is anormalizationterm:

k � s�

� å
p( W

f � p
�

s� g � Ip �

Is � (4.34)

In practice,a Gaussianis usedfor f in thespatialdomain,anda Gaussianfor g in theintensity
domain:

gs � x�

�

e)

x2

2s2

Therefore,thevaluesatapixelss is mainlyin�uencedby pixelsthatareclosespatiallyandhave
a similar intensity(see�gure 4.12).Theresultingimageis blurredwhile still preservingedges
(see�gure 4.13for illustrationof animagebeforeandafterbilateral�ltering).

4.4.2 Piecewise-linearBilateral Filtering

A convolution suchasGaussian�ltering canbe greatlyacceleratedusingFastFourier Trans-
form. A O � n2

� convolution in the intensitydomainbecomesa O � n� multiplication in the fre-
quency domainandsincethediscreteFFTandits inversehave thecostO � n log n� , it is consid-
erableperformancegain to performGaussian�ltering in the frequency domain. This strategy
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(e)

Figure 4.12: Bilateral �lter ing. (a) input. (b) spatial kernel f . (c) in�uence g in the spatial
domain for the central pixel. (d) weight f * g for the central pixel. (e) output
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(b)

Figure 4.13: Bilateral �lter ing. (a) Bill before bilateral �lter ing. (b) Bill after bilateral �lter ing

cannot beapplieddirectly to bilateral�ltering becauseit is notaconvolution, sincetheis �lter
signaldependantbecauseof theedge-stoppingfunctiong � I p �

Is� .

Given equation4.33for a �xed pixel s it is equivalentto the convolution of the functionH Is :
p + g � Ip �

Is � Ip by thekernel f . Similarily, thenormalizationfactork is theconvolution of the
functionGIs : p + g � Ip �

Is � by f . Thatis, theonly dependency onthepixel s is theIs in g. This
allowsfor thefollowing accelerationstrategy: thesetof possiblesignalvaluesis discretizedinto
NB_SEGMENTSvalues{ i j } anda linear�lter J j

s is computedfor eachsuchvalue:

J j
s �

1
k j

� s�

å
p ( W

f � p
�

s� g � Ip �

i j
� Ip

�

1
k j

� s�

å
p ( W

f � p
�

s� H j
p (4.35)
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and

k j
� s�

� å
p ( W

f � p
�

s� g � Ip �

i j
�

� å
p ( W

f � p
�

s� G j
� p� (4.36)

The �nal outputof the �lter for a pixel s is thena linear interpolationbetweenthe outputJ j
s

of the two closestvaluesi j of Is. This correspondsto a piecewise-linearapproximationof the
originalbilateral�lter . See�gure 4.14for apseudocodedescriptionof thisapproach.

PiecewiseBilateral(ImageI , spatialkernel fss, intensityin�uence gs r )
for j=0..NB_SEGMENTS+1

i j = min(I )+j � (max(I )-min(I ))/NB_SEGMNETS
G j

�

gs r (I �

i j ) /* evaluategsigmar at eachpixel */
K j

�

G j
� fs r /* normalizationfactor*/

H j
�

G j � I /* computeH for eachpixel */
H ,

j
�

H j
� fss

J j
�

H ,

j
� K j /* normalize*/

J
�

J � J j � InterpolationWeigth(I � i j
� s r )

returnJ

Inter polationWeigth(ImageI , discreteintensityi, intensitydistances r)
for all pixels p - I

if (s r �

abs� p
�

i �

�

0� then p
�

0
elsep

�

p� s r

returnI

Figure 4.14: Pesudo-code of the piecewise-linear acceleration of the bilateral �lter ing. Op-
erations with upper cases such as G j . gsigmar /

I 0 i j 1 denote computation on all
pixels of the image. 2 denotes the convolution, while 3 is the per-pixel multi-
plication. InterpolationWeight is the triangle shaped interpolation function which
returns a linear interpolation weight between 0 and 1 for each pixel. In practice
NB_SEGMENTS=(max(I )-min(I ))/s r .

4.4.3 Contrast Reduction

Contrastreductionusingbilateral�ltering is basedon a two-scaledecompostionof the image
into abaseandadetail layer. Thebaselayeris computedusingbilateral�ltering, andthedetail
layer is computedby subtractingthebaselayer from the input intensitylayer. The baselayer
thenhasits contrastreducedwhile thedetail layer is unchangedandtherebypreservingdetail.
Thebaseandthedetail layeris thenaddedtogetherto producetheoutputintensityimage.The
baselayeris compressedin thelog domainby usinga scalefactorwhich is computedsuchthat
thewholerangeof thebaselayer is compressedto a usercontrollablebasecontrast(see�gure
4.15for anillustrationof thebaseanddetail layerfor thememorialimage).
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(b)

Figure 4.15: (a) base layer of the memorial image computed using bilateral �lter ing. (b) detail
layer computed by subtracting base layer form input intensity layer.

Color imagesaretreatedby performingcontrastreductionon the log of the intensityof pixels
andrecomposingthecolor imagesafter reductionasdescribedin (Schlick [1994]). See�gure
4.16for theresultingoutputimagefrom compressingthememorialimage.

DurandandDorsey saythatabasecontrastof 5 workedwell for all their images,but onemight
wantto varythethesettingfor imageswherelight sourcesarevisible. Thescales s of thespatial
kernelhaslittle in�uence on theresultingimagesandis thereforepossibleto setat a constant
valueof 2% of theimagesize.Also, s r waspossibleto setto a constantvalueof 0.4,which is
importantsinceit is notdesirableto have theusercontrolcomplex parametersfor thealgorithm.
The imagesgeneratedin this projectusingbilateral �ltering useda basecontrastof 5 anda
gammacorrectionbetween2.0and2.5.
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Figure 4.16: Memorial ouput image after high dynamic range compression using bilateral �l-
tering.



CHAPTER

Tests

To testthealgorithmsdescribedin theprevios chaptera digital anda paneltestwill bemade.
Thedigital testwill measurethequality of thecompressedimagesby digital measures,while
thepaneltestwill be a survey wherea numberof peopleareasked abouttheir opinionof the
compressedimages.

The idea of making two testsis that the digital testsscalesto a larger numberof imagesa
lot betterthanthe paneltestwill. So basicly the paneltestwill be usedto verify the digital
measures,by comparingthetwo approachesoutput. If it is veri�ed it is thenpossibleto apply
the digital teststo moreimages,andtherebyget a larger foundationfor drawing conclusions
abouttheperformanceof thealgorithms.

5.1 Imageproperties

Thesetestwill try to comparethesamepropertiesof thecompressedimageswhichwill be:

• Detail level in darkandbright regionsof theimage.

• How blurreddoestheimageappear.

• How naturaldoestheimageappear.

Thedetailpreservationof thecompressedimagesis of courseavery importantaspectto look at
whencomparingHDR compressionalgorithms,becausethepurposeof makingHDR imagesis
thatthey canhave detailsin brightanddarkareasat thesametime.

It hasbeenchosento divide thiscomparisoninto two comparisons,by lookingat detail level in
thedarkandbright regionsseparately. This is donebecauseit is suspectedthatthecompression
algorithmsmightpreserve detailsin oneof theseregionsbetterthanin theother, partlybecause
all thecompressionalgorithmsarebasedonthelog of theHDR image,wheredetailsin thedark
regionsareampli�ed overdetailsin thebright regions(seesection4.1.2).

Theblurrinessof theoutputof thealgorithmswill alsobeexamined,sinceit is expectedthatthe
compressionalgorithmsmightcreateamoreblurredimage.

Finally thenaturalnessof theimageswill becompared.By naturalnesswemeanhow well they
portraya realisticsituation,not necessarilyhow well they representtheoriginal situation.This
approximationis necessarybecausein mostpicturesit is not possibleto recreatethe original
scene.
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5.2 Imageselection

To testthealgorithmsit is necessaryto selectsomeHDR imageswhich will becompressedby
thealgorithms,andcomparedin thetests.

It is importantthat theseimageswill representthe measuresgiven in the previous section,so
they shouldhave detailsin the bright anddark regionsand therehasto be somethingin the
imagefrom whichyoucanmeasurenaturalism.

The imagesvisualizedin �gure 5.1 hasbeenmadefor this test. It shouldbe notedthat these
HDR imagesarejust visualizedby thelogarithmof theintensities,sonot all detailsareshown
(seesection4.1.2for detailsaboutthelogarithm).

(a) (b)

Figure 5.1: (a) Log of the HDR image Foyer (b) Log of the HDR image Table.

Thesubjectof scene5.1(a)waschosenbecauseit hasdetailsin theforeground,wherethesun
is shiningthroughthewindow, andin theshadows in thebackground.Theplantwasaddedto
give a referenceto thenaturalismof the image,andthecheckerboardwasincludedto seehow
thealgorithmsdealswith sharpedges.

Scene5.1(b)waschosenbecauseit includesa hand,which is a goodreferencefor measuring
naturalismsincehumansreactstronglyto changesin skin color (Reaet al. [1990]). Theimage
alsohasdetailsin boththebrightanddarkregions.

Theseimageswill betheonesusedfor thepaneltest,while thedigital testwill alsoincludethe
imagesshown in �gure 5.2.

5.3 Optimizing compression

All of the threemethodsfor compressingimageshasoneor moreparameterswhich mustbe
adjustedin orderto obtainanacceptablecompression.This is a very dif�cult problemsinceit
addsagreatdealof complexity to thetaskof comparingthedifferentmethodswith eachother.
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(a)

(b) (c)

Figure 5.2: (a) Log of the HDR image Belgium house. (b) Log of the HDR image Vine Sunset.
(c) Log of the HDR image Memorial.

A way to overcomethis problemwould beto let differentversionsof imagescompressedwith
differentparametersenterinto thefollowing comparison.However thismethodologywill scale
thenumberof comparisonsdramaticallyandis therefornot consideredrealisticfor thisproject.

Insteadtheparametersto themethodshasbeenchangedby handin suchawaythattheoutcome
imagesis judgedto be asgoodaspossible.It is well-known, that this is not theoptimal way
to set the parameters,sinceit addsthe risk of judging parametersettingsover comparingthe
differentmethods.

5.4 Digital tests

In thedigital testsit will beattemptedto comparethealgorithmswith regardto all themeasures
mentionedin thepreviouschapter.

Theonly measurethatwill not becomparedis naturalismsinceit hasnot beenpossibleto �nd
or developany methodof measuringthis.

Thedigital testswill all work on the intensitiesof thetestimages.This will suppressedgesin
the imagewhich aredueto pixels that lie besideeachotherandhave very differentcolor but
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almostthesameintensity. This is consideredto bea small problem,sincemostedgeswill be
presentin theintensityimage.

5.4.1 Detail test

Thepurposeof thistestis to calculateametricwhichcanbeusedto compareimageswith regard
to theproperty“detail level in brightanddarkregionsof theimage”.

As an approximationto making that comparisona test hasbeendevelopedwhich createsa
histogramshowing detaillevel asafunctionof theintensityregion they occurin. To createsuch
ahistogram,it is necessaryto haveameasureof detailsandto haveareferenceimagespecifying
whichpartsof thetestimageis includedin which intensityregions.

Thereferenceimagealsohasto have thepropertythat it will becommonto all imageswhich
areacompressionof thesameHDR image,if theseareto becompared.

The histogramis thenmadeby summingthe detail measureof detailsthat occurat the same
intensitylevel of thereferenceimage,andaddingthissumto thehistogramat thepositionspec-
i�ed by thatintensity. Soif thedetailsarein aregionwheretheintensityof thereferenceimage
is 127,thesumof theirdetailmeasureswill beaddedto the127thcolumnof thehistogram.

Thedetailmeasurewill bebasedonthesizeof edgesin theimage.Thismeansthatsmalledges
will beconsideredsmalldetailsandlargeedgeslargedetails.

The edgeimagewill be madeby applyinga vertical anda horizontalsobel�lter on the test
image,andthenaddingthe absolutevaluesof these.The detailmeasureis thencalculatedas
thelog of thevaluesin this edgeimageplusone.This detailmeasurewaschosenbecausewith
thisapproachsmalldetailswill still makeadifferencewhile, of course,weighinglessthanlarge
ones. Preliminarytestshave alsoshown this to be a goodapproximationto perceived detail
level.

The referenceimagewill be madeby applyinga 15 by 15 median�lter on the logarithmof
the original HDR intensity image. Herebyan imageis createdwheremostdetailshave been
removedby themedian�lter , while intensityregion edgesarestill preserved. Thelog imageis
usedasthebaisfor creatingthisreferencesinceit givesagoodestimateto percievedbrightness.
An exampleof suchanimagecanbeseenin �gure 5.3.

Thehistogramcannow becreatedfrom thefollowing pseudocode:

Deta i lH is tog ram ( In tens i t y Image ,
RefImage ) {

Hor izonta lEdges = Hor izon ta lSobe l ( In tens i t y Image ) ;
Ver t i ca lEdges = Ve r t i ca lSo b e l ( In tens i t y Image ) ;
Edges = | Hor izonta lEdges | + | Ver t i ca lEdges | ;

f o r ( i = 1 : NB_PIXELS)
Histogram ( round ( RefImage ( i ) ) ) + = log ( Edges ( i ) + 1 ) ;

}
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(b)

Figure 5.3: (a) The log of the HDR image (b) The log of the HDR image where a 15 by 15
median �lter has been applied.
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Figure 5.4: Detail histogram of the output from the bilateral HDR compression algorithm when
applied to the image table (see �gure 5.3a)

An exampleof theoutputof this testcanbeseenin �gure 5.4.

This detail histogramcanonly be usedto compareHDR compressionalgorithms,wherethey
areshown in thesame�gure, which will make it possibleto seeif oneis doingbetterthanthe
other.

Relative detail histogram

This is mainly dueto thefact thatthey axishasno valueonecanrelateto. Theapproachhave
thereforbeenextended,sowe now divide theoutputdetailhistogramwith thedetailhistogram
of thelogarithmof theHDR image.Herebythey axiswill beperceivedlevel of detailcompared
to thelogartihmof theoriginalHDR image.Theresultof thiscanbeseenin �gure 5.5.

As a �nal modi�cation to thehistogramthelineswill besmoothedby applyinga gaussianblur
�lter with a sizeof 10 anda standarddeviation of 3. This is donein order to visualizethe
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Figure 5.5: Relative detail histogram of the output from the bilateral HDR compression algo-
rithm when applied to the image table (see �gure 5.3a)

differencesbetweenthealgorithmsbetter. An exampleof acomparisonof thealgorithmsusing
thismethodis shown in �gure 5.6.
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Figure 5.6: Smoothed relative detail histogram of the output from the HDR compression algo-
rithms when applied to the image Table (see �gure 5.3a)

To answerthe questionof which algorithmshave mostdetailsin bright anddark regions,an
intensityvalueof 127hasbeensetasthelimit betweentheseregionsin thehistogram.A detail
scorefor theseregionsis thencalculatedby �nding theareabelow andthenabove 127of the
functionsin thenormaldetailhistograms.Herebya scorefor darkandonefor bright areasof
eachoutputimageis found.

In thetestsboththenormaldetailhistogramandthesmoothedrelative detailhistogramwill be
made.The normaldetail histogramwill be usedto give an overview of the level of detailsin
thedifferentintensityregionswhile therelativedetailhistogramis usedto comparethemethods
in theintensityregions.Thesehistogramsareneccesaryto beableto analyzetheresultsof the
above mentionedscore.
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5.4.2 FFT test

Thepurposeof this testis to investigatehow detailsarekept in the image,by looking at what
happensin the fourier domainwhenthe HDR imageis compressed.If detailsarelost this is
typically shown in thefourierdomainby thelossof somehighfrequency content,whichhave a
low amplitude.

Testshave shown that it is very hardto make any conclusionsbasedon comparingtheFFT of
a randomHDR imageandthecompressedversionof it. TheFFT imageslooksvery different.
It hasthereforebeendecidedto basethetestonsomegeneratedHDR imageswhichconsistsof
known frequencies.

Thesegeneratedimageswill consistof a largesinewith a low frequency addedto a smallsine
with ahigh frequency. Theamplitudeof thesmallsinewill thenvary in differenttestimages,to
seewhenit is lostby theHDR compression.

Bothof thesignalswill go from left to right in theimage.Thelargesignalwill haveafrequency
of 1 period acrossthe imagewidth, while the frequency of the small sine will vary, but be
substantiallylargerthanthis. An exampleof suchasignalcanbeseenin �gure 5.7.
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Figure 5.7: An example of a test signal where the large sines amplitude is 1 and the small
signals frequency is 50 periods in the signal with an amplitude of 0.1

The imagesin the testwill have thedimension600by 200,but asmentionedearlierthey will
only vary acrossthe width of the image. Thereforonly oneline of the outputimageswill be
illustratedin theresultssection.

Thechosenfrequency andamplitudecontentof thesmallsignalin thetestimageswill vary as
describedin table5.1. Thetestimageswill have a dynamicrangeof 16.000.000,meaningthat
thelargesignalwill have anamplitudeof 8.000.000.

An exampleof a testimageandits FFT spectrumcanbeseenin �gure 5.8. TheFFT spectrum
is just visualizedby showing oneline sincetheimageonly variesin onedirection.

Ideally theHDR compressionalgorithmsshouldkeepbothsinessotheir fft spectrumshouldbe
similar to theoneof �gure 5.8,exceptthelargepeakatx

�

1 shouldbesmallercomparedto the
oneatx

�

123.



41

Image Amplitude Frequency
Image1 0.1% 123
Image2 0.01% 123
Image3 0.001% 123
Image4 0.1% 266
Image5 0.01% 266
Image6 0.001% 266

Table 5.1: Amplitude and frequency of the small sine in the test images. The frequencies are
given as periods over the image width,while the amplitude is given as a percentage
of the large signals amplitude
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Figure 5.8: (a)The �rst test image where the second sine has a frequency of 123 Hz and an
amplitude of 1% of the large sines amplitude (b)The FFT spectrum of one line of
this signal

Whencomparinghow well thesinesarekept in theFFT spectrum,it is necessaryto make two
comparisons.Onethatcomparestheheightof thespikesthatoccurat thetwo frequenciescom-
paredto thenoiselevel, andonethatcomparesthewidth of thesespikes. The�rst comparison
speci�eshow signi�cant the frequency is, while thewidth of thepeakspeci�eshow many ad-
ditional frequencieshave beenintroduced. The �nal resultof the testwill thenhave to be a
weighedaverageof these.

5.4.3 Blur test

An importantparameterin estimatingthe perceived naturalismis to measurehow blurredan
imageappears.In orderto do this themethodof (Marzilianoet al. [2002])hasbeenselected.

Thismethodcalculatesano-referenceestimateof theperceivedblur of animage.Thisestimate
is basedon thesmoothingeffect of blur on edges.Themeasureis thentheaveragehorizontal
spreadof verticaledges,whichwill belargefor imagesthatappearsblurred.
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Themetric is calculatedby applyinga verticalsobel�lter on theinput imageandthen�nd the
averagehorizontallengthof thelinesin thisnew image,whichwill belargefor ablurredimage.
Thisapproachis outlinedin thepseudocodebelow.

MeasureBlur ( Image ) {
Edges = Ve r t i ca lSo b e l ( Image ) ;

f o r ( y = 1 : Height )
f o r ( x = 1 : Width )

i f ( Edges ( x , y ) ! = 0 ) / / i f the re i s an edge
Length = 0 ;
wh i l e ( s ign ( Edges ( x , y ) ) = = sign ( Edges ( x+Length , y ) ) )

Length + = 1 ; / / f i n d leng th o f edge i n p i x e l s
SumEdgeLengths += Length ;
NbEdges ++ ;
x += Length ;

r e t u r n SumEdgeLengths / NbEdges ;
}

In this testan additionhasbeenmadeto the procedurewhich is to calculatethe blur in both
directionsandthentake theaverageof thesenumbers.This is accomplishedby �rst applying
themethoddescribedabove, thentransposetheimageandapplythemethodagain.Theaverage
of thishorizontalandverticalblur is thencalculated.

5.5 PanelTest

Thepurposeof thepaneltestis to studytheobserversability to discriminatethethreedifferent
methodsdescribedin thepreviouschapters.Furthermoreit shouldbeusedto �nd out whichof
themethodsthatarebeston thepreviousmentionedcriteria.Theseare:

• Detail preservationin darkandlight areasof thescene.

• How blurredtheimageis

• Naturalnessof theimage

A majorproblemwith theHDRimagesis, thatit is impossibleto letobserversjudgetheoutcome
imagesfrom themethodscomparedto theoriginal imagein high dynamicrange,sinceit is not
possibleto reproducetheHDR imagesto theobserver withoutusingoneof thesemethods.

A solutionto this problemwould beto let theobserver watchthescenein reality. Therebythe
observerwouldbeableto judgetheresultingimageof amethodbasedonhisown understanding
of thescene.

However this approachhassomeproblems. First of all it is necessaryto re-createthe scene
exactly how it looked whenthe imagewastaken. On imagescontainingsunlight this will not
be possible,sinceit will take sometime from the imageshasbeentaken till the imageshas
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beenselectedandtherebyprocessed.In this time the weatherconditionsmight have changed
thesceneandthesunwill beshiningon thescenefrom anotherangle.

In anarrangementin thelaboratoryit shouldbepossibleto obtainexactly thesameconditions.
However thisarrangementwouldoccupy thelaboratoryfrom thedaytheimageshasbeentaken
till theobserversareto judgetheresultsof themethods.

Insteadthe observer is asked to comparepairs of imagesgeneratedfrom the threedifferent
methodsat a time. Thenit is possibleto �nd out which of the two methodscomparedto each
otheris bestin the individual categories,andthereby�nd thebestmethodin eachcategory. A
screenshotof thecompareprogramcanbeseenin �gure 5.9.

Figure 5.9: Screen shot of the compare program presented to the observers

Within animagesessioneveryobserver makes11pairedcomparisonsof which thetwo �rst are
practicetrials. The presentationorderof the pairedimagesarerandomlydetermined.Every
methodis comparedwith every othermethodtwice, oncein eachorder. Every methodis also
comparedto itself to determinetherateof imagesjudgedto bedifferentwhenin fact they are
thesame.This resultwill indicateif theobserver is ableto distinguishtheimagesatall.

Method1 4 Method2 Tonemap Gradient Bilateral

Tonemap Group0 Group1 Group2
Gradient Group1 Group0 Group3
Bilateral Group2 Group3 Group0

Table 5.2: The methods are compared in pairs. Group 1 contains comparisons between the
Tonemap method and the Gradient method, group 2 contains comparisons between
the Tonemap method and the Bilateral method and group 3 contains comparisons
between the Gradient method and the Bilateral method. Group 0 is a control group
containing comparisons between the same images.

Theninepairedresultsfrom eachimagesessioncanbeinsertedinto a tablelike table5.2. The
resultsaredividedinto four groups:Group0 is a controlgroup,group1 containscomparisons
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betweentheTonemapmethodandtheGradientmethod,group2 containscomparisonsbetween
theTonemapmethodandtheBilateralmethodandgroup3 containscomparisonsbetweenthe
GradientmethodandtheBilateralmethod.

Eachgrouphasasetof subgroups.Eg. Group2 is acombinationof thecomparisonsTonemap-
BilateralandBilateral-Tonemap.

In group1, 2 and3 thecombinedsamplemeancanbecalculatedfrom thesamplemeanin the
two subgroupsa andb asin equation5.1sincethesamplesizeareequalin thetwo groups.

x
�

xa �

xb

2
(5.1)

Also thesamplestandarddeviation canbecalculatedfrom from thetwo subgroupssincetheir
samlesizeareequal:

s
�

s2
a � s2

b

2
(5.2)

Theseinformationscanbeusedlaterfor thehypothesistest.

5.5.1 The questions

To eachpairedcomparisontheobserver is askedthefollowing questionsin theDanishtransla-
tion to thetwo givenimagesnamedA andB:

1. Which imagehasbestpreservationof detailsin thedarkregions?

2. Which imagehasbestpreservationof detailsin thebright regions?

3. Which imagehasthebestpreservationof sharpness(leastblurred)?

4. Whichof thetwo imagesis mostnatural?

Eachquestionhasthefollowing sevenpossibleanswers:A much better, A better, A a bit better,
Equallygood, B a bit better, B betterandB much better. Bewarethateachquestionis madein
away thattheobserver shouldjudgethepositive of thetwo images.Theanswersaretranslated
to aseven-pointscalefrom

�

3 to � 3 whereA much betteris
�

3, Equallygoodis 0 andB much
betteris � 3.
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5.5.2 Hypothesistest

Thepaneltestswill beperformedwith morethan30 differentobservers. This givesmorethan
60 observationsin eachgroupand is thereforassumedto be a Large-Samplecaseaccording
to (Andersonet al. [1999]). Thesamplingdistribution of x canthereforbeapproximatedby a
normalprobabilitydistribution.

Foreachgroupit mustbetestedif oneof themethodshasbeenpreferredsigni�cantly againstthe
other. Sinceanequallypreferredresulthasthemeanvalueµ

�

0 atestfor signi�cant difference
canbetestedwith thefollowing null andalternative hypothesis:

H0 : µ
�

0

Ha : µ 5

�

0

Thelevel of signi�cancehasbeenchosenby allowing amaximumprobabilityof makingaType
I error to bea

�

0 � 05. This meansthat therewill bea 0.05probabilityof concludingthat the
meanis not0 whenin factit is.

Accordingto (Andersonet al. [1999]) theteststatisticis:

z
�

x
�

µ
s�76 n

(5.3)

wherex is thesamplemeanfrom theresults,µ is 0, s is thesamplestandarddeviation andn is
thenumberof samples.In group0 n will bethreetimesthenumberof observersin thetest. In
theothergroupsn will betwice thenumberof observers.

Sincea
�

0 � 05 za 8 2 canbe foundin (Andersonet al. [1999]) to be1.96. Using the two-tailed
Hypothesistestthenull hypothesiscanthereforberejectedif

z

�

�

za 8 2 9

z : za 8 2 (5.4)

For group0 containingthecontrolresultswhereequalimagesarecompared,thenull hypothesis
is expectedto be accepted,meaningthat the resultsfrom thepaneltestalsore�ects theequal
images.Thehypothesistestof group1,2 and3 will tell if oneimagein thegroupis signi�cantly
preferredagainstthe other, but if the null hypothesisis accepted,it meansthat thereareno
signi�cant differencebetweenthetwo methods.

In orderto geta morepreciseestimateof in which interval themeanvalueis in the95%con-
�dence interval will be calculatedfor all comparisons.This interval speci�es a meanvalue
interval in which thereis 95% probability that the actualpopulationmeanµ lies within. The
interval canbecalculateby equation5.5.

x ; za 8 2
s

6 n
(5.5)

With this con�denceinterval it is possibleto usethe meanvalueasa measureon how much
betteronemethodwereoveranotherif thetwo methodswerenotequal.
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CHAPTER

Intr oduction

The threecompressionmethodsdescribedin the Methodpart hasbeenimplemented,andthe
testshasbeenappliedto themethods.

TheTonemapmethoddescribedin section4.2hasbeenimplementedbasedon thesourcecode
releasedby theauthorsof themethod.Theothertwo methodshasbeenimplementedentirely
from scratch.Theoutputimagesfrom themethodsareshown in AppendixA on page77.

This partpresentstheresultsof thetestsdescribedin chapter5 on page34. First theresultsof
thedigital testswill bepresentedfollowedby theresultsof thepaneltest.



CHAPTER

Digital tests

The digital testsdescribedin section5.4 hasbeenperformed,andthe resultsaredescribedin
thischapter.

7.1 Detail test

Thedetail testwasperformedto digitally evaluatethe threecompressionalgorithmsability to
producedetailin darkandbright regions.In thefollowing sections,thedetailhistogramandthe
relative detail histogram(seesection5.4.1on page37) is shown for eachimage. While both
histogramscover theentireintensityrangeit is neededto estimatetheamountof detail in dark
andbright regions.Detail in darkregionsarethreeforebeingidenti�ed by lookingat intensities
approximatelybelow 127andbright regionsby intensitiesabove 127. For eachimage,a table
is showing thedetailscores(seesection5.4.1on page37) for eachalgorithmrespectively.

7.1.1 Table

In �gure 7.1,thedetailhistogramandtherelativedetailhistogramis shown for theTableimage.
It canbeseenthatBilateralhasthemostdetailtill aroundanintensitylevel of 70,afterwhich it
hasthelowestamountof detail. Tonemapseemsto exhitbit oppositebehaviour of Bilateral,in
thesensethat it hasthelowestamountof detail in darkregionsandfor intensitiesin therange
130-220it hasthemostdetail.

Detail in darkregions Detail in bright regions
Tonemap 5 � 51

�

105 7 � 54

�

105

Gradient 5 � 92

�

105 7 � 13

�

105

Bilateral 6 � 01

�

105 6 � 88

�

105

Best Bilateral Tonemap

Table 7.1: Summed detail measures for the dark and bright regions in the Table image.

7.1.2 Foyer

In �gure 7.2, thedetailhistogramandtherelative detailhistogramfor theFoyer imagecanbe
seen.In theintensityrange0-80,Gradienthasmostdetailoverallandabove thisrangeGradient
andTonemapareroughlythesame.WhileBilateralhasmoredetailthenTonemapfor intensities
below 70, it haslessdetail for intensitiesabove. Thereforeit is not clearwhich of thetwo has
themostdetail in darkregions.
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Figure 7.1: (a) Detail histogram for the Table image.(b) Relative detail histogram for the Table
image.

Detail in darkregions Detail in bright regions
Tonemap 7 � 21

�

105 5 � 13

�

105

Gradient 8 � 30

�

105 5 � 08

�

105

Bilateral 7 � 61

�

105 4 � 35

�

105

Best Gradient Tonemap

Table 7.2: Summed detail measure for dark and bright regions in the Foyer image.
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Figure 7.2: (a) Detail histogram for the Foyer image.(b) Relative detail histogram for the Foyer
image.
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7.1.3 Memorial

In �gure 7.3,thedetailhistogramandtherelative detailhistogramfor theMemorial imagecan
beseen.Gradientclearlyhasthemostdetailsin darkregions.TonemapandGradientbothhave
rangesin thebright regionswherethey have themostdetailrespectively.

Detail in darkregions Detail in bright regions
Tonemap 1 � 16

�

106 3 � 05

�

105

Gradient 1 � 27

�

106 2 � 93

�

105

Bilateral 1 � 19

�

106 2 � 81

�

105

Best Gradient Tonemap

Table 7.3: Summed detail measure for dark and bright regions in the Memorial image.
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Figure 7.3: (a) Detail histogram for the Memorial image.(b) Relative detail histogram for the
Memorial image.

7.1.4 Belgium House

In �gure 7.4,thedetailhistogramandtherelativedetailhistogramfor theBelgiumHouseimage
canbeseen.Gradientclearlyhasthemostdetailsin darkregions.It canbehardto tell from the
relative detail histogramif Gradientor Tonemaphasthe mostdetail in thebright regions,but
from thedetailhistogramit canbeseenthatGradienthasthelargestamountof detailin regions
wheremostof thedetail is present.

7.1.5 Vine Sunset

In �gure 7.5, the detail histogramandthe relative detail histogramfor the Vine Sunsetimage
canbeseen.Again,Gradienthasthemostdetailsin bothdarkandbright regions.Tonemaphas
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Detail in darkregions Detail in bright regions
Tonemap 1 � 34

�

106 9 � 68

�

105

Gradient 1 � 86

�

106 1 � 03

�

106

Bilateral 1 � 52

�

106 9 � 12

�

105

Best Gradient Gradient

Table 7.4: Summed detail measure for dark and bright regions in the Belgium House image.
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Figure 7.4: (a) Detail histogram for Belgium House image.(b) Relative detail histogram for the
Belgium House image.

thefewestdetailsin darkregionsbut is verycloseto Bilateralin bright regions.

Detail in darkregions Detail in bright regions
Tonemap 1 � 24

�

105 7 � 81

�

105

Gradient 1 � 92

�

105 9 � 71

�

105

Bilateral 1 � 78

�

105 7 � 68

�

105

Best Gradient Gradient

Table 7.5: Summed detail measure for dark and bright regions in the Vine Sunset image.

7.1.6 Summary

From the tablesin the precedingsectionscontainingdetail scoresfor dark andbright regions
for eachimage,it canbeconcludedthattheGradientmethodis bestatpreservingdetail in dark
regionsdueto beingbestin 4 out of 5 images.Bilateral is second-bestat preservingdetailsin
dark regionsandTonemapis the worst. For bright regions,Tonemapis the bestin 3 out of 5
images,with Gradientbeingbestin 2 out of 5 images.Bilateral is clealytheworst,sinceit has
thelowestdetailscorefor all theimages.
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Figure 7.5: (a) Detail histogram for the Vine Sunset image.(b) Relative detail histogram for the
Vine Sunset image.

7.2 FFT test

The resultsof this test is devided into sections,whereeachsectioncomparesthe algorithms
output of one image. The comparisonwill be basedon showing one horizontal line of the
outputimage,andits FFT spectrum.This is donesincethe imagesonly vary in thehorizontal
direction.

In eachof thesectionsit will beanalyzedif theimageshave keptthetwo frequenciesfrom the
HDR imagein theFFTdomain(see�gure 5.8on page41),andif thereis any artifacts.

7.2.1 Image1

In �gure 7.6 theoutputof thecompressionalgorithmson image1 is shown. In this imagethe
amplitudeof thesmallsineis 1%of thelargesinesamplitude,while thefrequency is 123periods
over theimagewidth.

On this imageit canbe seenthat all thealgorithmshave peaksat x
�

1 andat x
�

123 in the
FFTdomain,meaningthey have preservedsomeof bothsignals.

Thebestcompressionappearsto bemadeby thebilateralmethod,sincethesignalat x
�

123
appearsto beabit narrower thanthatof thetonemapmethod,meaningtheoutputof thebilateral
methodis closerto just containingthetwo frequencies.

The gradientcompressionsuffers from severeartifacts. It representsthe orignal imagevery
poorly. In theFFT domainthis canbeseenby thefact that thereis a lot of noicethatactually
meansasmuchto theoutputasthepeakatx

�

123.
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Figure 7.6: Output of the compression algorithms applied on image 1 (small signal fre-
quency:123 amplitude:1% of large signals) (a)(b) The output of the tonemap
method and its FFT spectrum (c)(d) The output of the gradient method and its
FFT spectrum (e)(f) The output of the bilateral method and its FFT spectrum

7.2.2 Image2

In �gure 7.7 theoutputof thecompressionalgorithmson image2 is shown. In this imagethe
amplitudeof the small sine is 0.1% of the large sinesamplitude,while the frequency is 123
periodsover theimagewidth.

Hereit seemsthe tonemapmethodis doing thebestjob, sincethepeakat x
�

123 in theFFT
spectrumappearsto bestrongerthantheonefrom thebilateralcompression.

Thegradientcompressionagainsuffersfrom someartifacts.In theFFTspectrumthefrequency
atx

�

123is slightly visible,but againthereis a lot of noicethatis moresigni�cant thanit.
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Figure 7.7: Output of the compression algorithms applied on image 2 (small signal fre-
quency:123 amplitude:0.1% of large signals) (a)(b) The output of the tonemap
method and its FFT spectrum (c)(d) The output of the gradient method and its
FFT spectrum (e)(f) The output of the bilateral method and its FFT spectrum

7.2.3 Image3

In �gure 7.8 theoutputof thecompressionalgorithmson image3 is shown. In this imagethe
amplitudeof thesmallsineis 0.001%of the largesinesamplitude,while the frequency is 123
periodsover theimagewidth.

In this imagenoneof themethodshave preservedthelow amplitudesignal.Soonly thepreser-
vation of the large signalcanbe compared.The bilateralmethodseemsto preserve this best
sincethesignalis narrower in FFT domain,meaningtheoutputof thebilateralmethodis closer
to just containingonefrequency.

Thegradientmethodis againtheworstfor thesamereasonasdescribedin section7.2.1.
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Figure 7.8: Output of the compression algorithms applied on image 3 (small signal fre-
quency:123 amplitude:0.001% of large signals) (a)(b) The output of the tonemap
method and its FFT spectrum (c)(d) The output of the gradient method and its FFT
spectrum (e)(f) The output of the bilateral method and its FFT spectrum

7.2.4 Image4

In �gure 7.9 theoutputof thecompressionalgorithmson image4 is shown. In this imagethe
amplitudeof thesmallsineis 1%of thelargesinesamplitude,while thefrequency is 266periods
over theimagewidth.

In this imagethebilateralmethodseemsto have thebestpreservation of the two frequencies,
closely followed by the tonemapmethod. The problemwith the tonemapresult is that the
peaksarewider thanthoseof the bilateralmethod. The gradientmethodhaspreserved both
frequencies,but notaswell astheotheralgorithms,andstrongartifactshave beenintroduced.



56

0 100 200 300 400 500 600 700
0

50

100

150

200

250

300

Pixel

In
te

ns
ity

0 50 100 150 200 250 300
�2

0

2

4

6

8

10

12

Frequency

lo
g(

|F
F

T
(im

ag
e)

|)

(a) (b)

0 100 200 300 400 500 600 700
0

50

100

150

200

250

300

Pixel

In
te

ns
ity

0 50 100 150 200 250 300
2

3

4

5

6

7

8

9

10

11

Frequency

lo
g(

|F
F

T
(im

ag
e)

|)

(c) (d)

0 100 200 300 400 500 600 700
0

50

100

150

200

250

300

Pixel

In
te

ns
ity

0 50 100 150 200 250 300
�2

0

2

4

6

8

10

12

Frequency

lo
g(

|F
F

T
(im

ag
e)

|)

(e) (f)

Figure 7.9: Output of the compression algorithms applied on image 4 (small signal fre-
quency:266 amplitude:1% of large signals) (a)(b) The output of the tonemap
method and its FFT spectrum (c)(d) The output of the gradient method and its
FFT spectrum (e)(f) The output of the bilateral method and its FFT spectrum

7.2.5 Image5

In �gure 7.10 the outputof the compressionalgorithmson image5 is shown. In this image
theamplitudeof thesmallsineis 0.1%of thelargesinesamplitude,while thefrequency is 266
periodsover theimagewidth.

The tonemapmethodappearsto be the onethat have preserved both signalsbestin this test
image,sinceit hasastrongerpeakat x

�

266thanbilateral.

The gradientmethodhasa slight representationof a peakat x
�

266, but it suffers from the
sameproblemsasdecribedin section7.2.1.
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Figure 7.10: Output of the compression algorithms applied on image 5 (small signal fre-
quency:266 amplitude:0.1% of large signals) (a)(b) The output of the tonemap
method and its FFT spectrum (c)(d) The output of the gradient method and its
FFT spectrum (e)(f) The output of the bilateral method and its FFT spectrum

7.2.6 Image6

In �gure 7.11theoutputof thecompressionalgorithmson image6 is shown. In this imagethe
amplitudeof thesmallsineis 0.001%of the largesinesamplitude,while thefrequency is 266
periodsover theimagewidth.

Noneof the algorithmshave preserved the frequency at x
�

266 in the FFT spectrumof this
image. So againthe comparisoncanonly be basedon the preservation of the large signalat
x

�

1.

It seemsthatthebilateralmethodhaspreservedthisbest,sinceit hasanarrower peak,meaning
thatit is closerto justpreservingthefrequency.
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Figure 7.11: Output of the compression algorithms applied on image 6 (small signal fre-
quency:266 amplitude:0.001% of large signals) (a)(b) The output of the tonemap
method and its FFT spectrum (c)(d) The output of the gradient method and its
FFT spectrum (e)(f) The output of the bilateral method and its FFT spectrum

7.2.7 Summary

Whencomparingthe resultsof the individual testsit seemsthereis a tendency that whenthe
small signal hasa lower amplitude,the tonemapmethoddoesa betterjob regardlessof the
frequency. When the small signal hasa higher amplitudethe bilateral methodhasthe best
results,sinceit hasapproximatelythe samepeakheightof the signalin the FFT domain,but
thepeakis narrower meaninglessadditionalfrequencieshave beenintroduced.But theoverall
winner is the tonemapmethodsinceit is bestat preservingsmall details,which is thecoreof
this test.

The detail preservation of the gradientmethodwill not be evaluatedusingthis tests,because
of the large artifacts introducedin its output images.Thereasonfor this is describedin the
discussionin section10.4.
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7.3 Blur test

In �gure 7.12,theblur measurementsfor all outputimagesfrom thethreecompressionmethods
canbeseen.Theblur measureis ano-referenceestimateof theaverageedgewidth in animage
(seesection5.4.3on page41), which meansthat a smallerblur measureequala lessblurred
image.It canbeseenthattheTonemapmethodgenerallyproducestheleastblurredimagesby
having thesmallestblur measurein threeof theimages,andgettingasecondplacein oneof the
otherimages.It is dif�cult to concludewhich of theGradientandBilateralmethodsproduces
theleastblurredimages,sincetheirmeasuresarefairly closeandthey bothtake turnsat having
thelargestblur measure.

Table Foyer Memorial BelgiumHouse VineSunset
Tonemap 2.97 2.51 2.41 2.21 2.61
Gradient 3.19 2.85 2.49 2.34 2.17
Bilateral 3.23 2.95 2.39 2.24 2.41
Best Tonemap Tonemap Bilateral Tonemap Gradient

Figure 7.12: Blur measures for all output images from the three compression methods.
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Resultsof the panel test

Thepaneltestwasheldasdescribedin section5.5. In all 31observersparticipatedin thetest,26
menand5 women.Theaverageagefor theobserverswere28.5years,wheretheoldestwas60
years,andtheyoungest21 yearsold. Noneof theobservershadany detailedknowledgeabout
the project,otherthanthe objective to comparesomedifferentmethodsto compressimages.
Theanswersfrom eachobserver to eachquestioncanbefoundin AppendixC.

Two equalmonitorswereusedfor thetest. They werePhillips Lightframe™2109B19" mon-
itors at a resolutionat 1600 � 1200to give thepossibilityof having two imagessideby sidein
thecomparisontest.

In thefollowing theresultsof thefour differentquestionswill bepresented,andthetwo-tailed
hypothesistestdescribedin section5.5hasbeenperformedto �nd out if thepaneltestsindicate
any signi�cant differencebetweenthetwo comparedimages.If asigni�cant differencehasbeen
proventhecon�denceinterval andthebestmethodin thetestis shown in thetable.

8.1 Details in dark regions

A histogramof theanswersto thequestionconcerningpreservationof detailsin thedarkregions
of theimagecanbefoundin �gure 8.1.
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Figure 8.1: The histogram of the answers concerning details in the dark regions. The answers
from the Table image is to the left, and from the Foyer image is to the right.

Fromtheanswersthetwo tailedhypothesistestis performedandtheresultsareshown in table
8.1.
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Pair Image x s z Con�denceint. Best

1. Tonemapvs. Gradient Table 0.661 1.264 4.12 [0.346,0.976] Gradient
Foyer 1.596 1.086 11.58 [1.326,1.867] Gradient

2. Tonemapvs. Bilateral Table 0.338 1.588 1.68 [-0.056,0.734]
Foyer 1.225 1.442 6.69 [0.866,1.584] Bilateral

3. Gradientvs. Bilateral Table -0.419 1.176 -2.81 [-0.712,-0.126] Gradient
Foyer -0.564 1.463 -3.04 [-0.928,-0.200] Gradient

0. Controlgroup Table 0.022 0.315 0.66 [0.09,-0.04]
Foyer 0.022 0.356 0.58 [0.09,-0.05]

Table 8.1: Results of the panel test for the question concerning details in the dark regions.

In both the Table imageand the Foyer imageit cannotbe madeprobablethat the Tonemap
methodandtheGradientareequallygood.ThemeanvalueindicatesthattheGradientmethod
is thebestmethodof thesetwo.

No signi�cant differencecanbeprovedbetweentheTonemapmethodandtheBilateralmethod
usingtheTableimage.HoweverdifferencecanbeprovedbetweenthemethodsusingtheFoyer
imagein advantageto theBilateralmethod.

ComparingtheGradientmethodandtheBilateralmethodindicatesin bothimagesasigni�cant
differencein advantageto theGradientmethod.Overall theGradientmethodprovesto bethe
bestmethodto preserve detailsin thedarkregions.

8.2 Details in bright regions

Theanswersof thequestionconcerningpreservationof detailsin thebright regionsis shown in
�gure 8.2.
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Figure 8.2: The histogram of the answers concerning details in the bright regions. The an-
swers from the Table image is to the left, and from the Foyer image is to the right.
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Theresultsof thetwo-tailedhypothesistestperformedon theanswersareto befoundin table
8.2.

Pair Image x s z Conf idenceint � Best

1. Tonemapvs. Gradient Table 0.290 1.256 1.82 [-0.022,0.603]
Foyer 0.387 1.317 2.31 [0.059,0.715] Gradient

2. Tonemapvs. Bilateral Table -0.516 1.422 -2.86 [-0.870,-0.161] Tonemap
Foyer -0.822 1.367 -4.74 [-1.163,-0.482] Tonemap

3. Gradientvs. Bilateral Table -0.967 0.998 -7.68 [-1.216,0.719] Gradient
Foyer -1.032 1.273 -6.38 [-1.349,-0.715] Gradient

0. Controlgroup Table 0.011 0.286 0.36 [0.07,-0.05]
Foyer 0.032 0.524 0.59 [0.14,-0.07]

Table 8.2: Results of the panel test for the question concerning details in the bright regions.

In comparisonbetweentheTonemapmethodandtheGradientmethodno signi�cant difference
canbeprovedusingtheTableimage.HoweveradifferencecanbeprovedusingtheFoyerimage
in advantageto theGradientmethod.

ThecomparisonsbetweentheTonemapmethodandtheBilateralmethodtheTonemapmethod
turnsout to bethepreferredmethodusingboth images.BetweentheGradientmethodandthe
BilateralmethodtheGradientmethodprovesto bethepreferredmethod.

Overall theresultindicatesthat theBilateralmethodis theworstmethodto preserve detailsin
thebright regionsof theimage.

8.3 Degreeof blur

Concerningthedegreeof blur in theimagetheresultscanbefoundin �gure 8.3.
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Figure 8.3: The histogram of the answers concerning the degree of blur. The answers from
the Table image is to the left, and from the Foyer image is to the right.

Theresultsof thetwo-tailedhypothesistestcanbeseenin table8.3.
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Pair Image x s z Conf idenceint � Best

1. Tonemapvs. Gradient Table -0.177 1.162 -1.20 [-0.466,0.111]
Foyer -0.387 1.227 -2.48 [-0.692,-0.081] Tonemap

2. Tonemapvs. Bilateral Table -1.209 1.182 -8.06 [-1.504,-0.915] Tonemap
Foyer -1.516 0.995 -12 [-1.764,-1.2685] Tonemap

3. Gradientvs. Bilateral Table -1.112 0.685 -12.78 [-1.284,-0.942] Gradient
Foyer -1.209 1.184 -8.04 [-1.504,-0.915] Gradient

0. Controlgroup Table 0.054 0.415 1.25 [0.14,-0.03]
Foyer 0.086 0.641 1.29 [0.22,-0.04]

Table 8.3: Results of the panel test for the question concerning the degree of blur.

Comparingthe Tonemapmethodand the Gradientmethodshows that thereis no signi�cant
differencein theTableimage.In theFoyer imagethereis asigni�cant differencein favor of the
Tonemapmethod.

BetweentheTonemapmethodandtheBilateralmethodthereis a signi�cant differencein both
imagesin favor of theTonemapmethodandbetweentheGradientandBilateralmethodthereis
asigni�cant differencein favor of theGradientmethod.

Theoverall resultis, that theBilateralmethodis theworstmethodusingboth images,andthe
Tonemapmethodis thebestmethodusingtheFoyer image.

8.4 Naturalness

Resultsof thequestionconcerningthenaturalnessof theimagecanbeseenin �gure 8.4.
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Figure 8.4: The histogram of the answers concerning the naturalness. The answers from the
Table image is to the left, and from the Foyer image is to the right.

Theresultsof thetwo-tailedhypothesistestcanbefoundin table8.4.

Comparisonsbetweenthe Tonemapmethodandthe Gradientmethodshows a signi�cant dif-
ferencein both imagesin favor of the Gradientmethod. Betweenthe Tonemapmethodand
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Pair Image x s z Conf idenceint � Best

1. Tonemapvs. Gradient Table 0.7258 1.3412 4.26 [0.391,1.059] Gradient
Foyer 0.8871 1.2070 5.79 [0.586,1.187] Gradient

2. Tonemapvs. Bilateral Table 0.0322 1.5267 0.17 [-0.348,0.412]
Foyer 0.0000 1.6071 0.00 [-0.4,0.4]

3. Gradientvs. Bilateral Table -0.9999 0.8138 -9.674 [-1.203,-0.797] Gradient
Foyer -0.4194 1.4890 -2.22 [-0.79-0.049] Gradient

0. Controlgroup Table 0.061 0.309 1.91 [0.12,-0]
Foyer 0.032 0.448 0.69 [0.12,-0.06]

Table 8.4: Results of the panel test for the question concerning the naturalness.

theBilateralmethodno signi�cant differencecanbeproved,andbetweentheGradientandthe
Bilateralmethodthereis asigni�cant differencealsoin favor of theGradientmethod.

Theseresultsshows, thattheGradientmethodgeneratesthetwo imagesmorenaturalthanboth
theTonemapmethodandtheBilateralmethod.
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Intr oduction

In this part a discussionwill take place,concerningboth the methodsusedto perform the
testsandthe actualresultsof the tests.The �rst chapterwill discusstheconstructionof each
method,interestingobservationsmadein the testsandproposefuture improvements.Thesec-
ondchaptercomparestheresultsof thedigital testswith thepaneltestto estimatethevalidity
of the testmethods,and�nally cometo overall conclusionsregardingthe quality of the three
HDR compressionalgorithms.
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Method discussion

10.1 Intr oduction

This chapterdiscussesthe methodsdevelopedand usedfor comparingthe threeHDR com-
pressionalgorithms.For theblur, panel,detail andFFT testsit is discussedhow well the test
methodsobtaincorrectmeasuresthatcanbeusedto evaluatetheHDR compressionalgorithms.
Furthermorepossiblefuture improvementswill be descussedand interestingobservertations
madeduringthetestswill becommented.

10.2 Detail

For testingtheamountof detail in dark andbright regionsof an image,detail histogramsand
relative detail histogramshave beendeveloped. Certainpartsof thesemethodsarebasedon
approachesthatif alteredmightprovideamoreaccurateestimateof theactualamountof detail.
Theinterpretationof detailasedgesseemsintuitive, but it is not intuitive if largeedgesalways
shouldbe interpretedas large details. Furthermorethereis no distinctionbetweennoiseand
detail. Using a thresholdthat ensuresthat small edgesareneglectedin the detail histogram
mightprove to beamorerobustapproach.

For theoverall detailmeasurefor darkandbright regions,the referenceimageis of greatim-
portancesinceit directly representsanapproximationof darkandbright regionsin the image.
Currently the referenceimageis obtainedby median�ltering the logarithm of the high dy-
namic image(seeappendixB on page83), which is usedto make a crudeapproximationof
the intensityregionsin the imagewhile maintainingedges.Bilateral �ltering couldprovide a
valid alternative to median�ltering, if usedasa edge-preservingblur �lter . This would unify
intensityregionswhile still preservingedges,which soundsasa reasonableapproximationof
distinguishingdarkandbright regions.

For obtainingthe detail scoresshown in the tablesfor eachimagein section7.1 on page48,
detailmeasuresweresummedfor all intensitiesbelow themid-intensityfor adarkregionscore,
andsummedfor all intensitiesabove for abright regionscore.To illustratethediscretedivision
of darkandbright regionswhich is thefoundationfor thedistribution of thedetailscore,seethe
thresholdedimagesin appendixB on page83.

It canbe seenthat not all thresholdedimagesarean equallygoodapproximationof discrete
dark andbright regionsin the output imagesfrom the HDR compressionalgorithms(seeap-
pendixA on page77). Thethresholdedreferenceimagefor VineSunset(�gure 10.2)is agood
approximationwhich basicallydividesthe imageinto two sections.Thethresholdedreference



68

            ��������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������

(a)

            ��������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������

(b)

Figure 10.1: Memorial reference image. (a) Median �ltered. (b) Thresholded at mid-intensity
after median �lter ing.
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Figure 10.2: Vine Sunset reference image. (a) Median �ltered. (b) Thresholded at mid-
intensity after median �lter ing.
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imagefor Memorial(�gure 10.1) is morequestionable.It is dif�cult to determinehow well
the blackandwhite regionscorrespondto what is perceived asdark andbright regionsin the
outputimage.Thissuggeststhatfor someimagesit doesnotmakesenseto makeaharddistinc-
tion betweendark andbright regions,but insteada graduallychangingdescriptionwhich not
necessarilydividesdarkregionsfrom bright regionsat themid-intensity.

10.3 FFT test

Themoststrikingof theresultsin this testis probablytheartifactsintroducedin all of theoutput
imagesfrom thegradientmethod.Theslopeof thelargesinesignalhaschangeddramatically,
resultingin asignalthatdoesnot resembleasinesignal.Thisresulthasprobablyemergedsince
the signal is too simplefor the gradientmethod,in otherwordsit seemsthe gradientmethod
relieson someassumptionsof thedivergenceof edgesin theimage,which arenot satis�edby
this simplesignal. For this reasonit hasbeendecidednot to draw conclusionsof the detail
performanceof thegradientalgorithmbasedon this test. On theotherhandboth thebilateral
andthe tonemapmethodprovided reasonableoutputimagesin this test. Thereforconclusions
wasmadeon thesemethods.

But comparingthe test imagesof theseimagesproved to be a dif�cult taskbecauseasmen-
tionedin section5.4.2on page40, theoutputof thecomparisonis actuallya weighingof two
comparisons,the heightandwidth of the spikesin theFFT domain,andthis weighingis just
doneby thepersonmakingthetest.Thismeansthereis ahigh degreeof uncertaintyassociated
with thetest.

A futureimprovementto this testwould obviously beto calculatea metricfor thetwo compar-
isons,andthen�nd anautomatedwayof weighingthese.

10.4 Blur measure

As suchtheblur measurehasalreadybeenveri�ed in thearticle(Marzilianoetal. [2002]). The
resultherewasthat it is a goodmeasureof blur comparedto a paneltest,but sometimesthere
werecontradictionswhentherewasringingartifactsin theimage.Peopleoftenfoundit hardto
distinguishthesefrom blur. But ringing is considereda differentartifact. It occurswhenthere
is lossof high frequenciesin thespectraldomain,anexampleof thiscanbeseenin �gure 10.3.

A futureimprovementto calculatingperceivedblur would thereforbeto developanalgorithm
which calculatesa metric for ringing, andthencreatea combinedmetric of blur andringing
whichwouldestimatetheperceivedblur better.

10.5 Panel test

Thebig questionsconcerningthepaneltestareif theselectedimagesarerepresentative to HDR
images.In the paneltestonly two imageswerechosento be judgedby the observers. These
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(a) (b)

Figure 10.3: (a) Origial image (b) Image with ringing artifacts.

two imagesweretheonestakenwith theLARS III camera.Thechoiceto only usetwo images
in thetestweremainly madeto simplify theaccomplishmentof thetest,but moresatisfactory
resultscouldbederivedfrom a largersetof images.

Also the observers' understandingof the asked questionscanbe questioned.Noneof the ob-
servers in the testweregiven any detailedinformationon how the imagesweregeneratedor
how they werecompared,sotheirunderstandingof thequestionareexclusively theirown initial
understanding.

10.5.1 Observations

It canbeseenthattheobserverswereableto distinguishdifferentmethods,sinceall resultsfrom
thecontrolgroupclearlyindicatethatthey seeno differencebetweenequalmethods,andsince
they actuallyseedifferenceon differentmethods.

It is alsoobserved,thatin comparisonsbetweendifferentmethods,theoption0 meaningthetwo
methodswereequallygood,wherenot chosenasoftenas-1 and1. This alsoindicatethat the
observersactuallydistinguishthemethodsandwill not judgethemequallygood. Thenumber
of answerson thedifferentpossibilitieswhentheshown methodswherenot equalcanbeseen
in �gure 10.4

In many questionsthemostansweredoption is 1 whenthesecondmostansweredis -1. This
meansthattheobserverswherenotunitedin theanswers.This indicatesthattheobservershave
focusedondifferentparameterswhenthey gave theiranswers.Themeanvalueof theiranswers
however still indicatesthetendency of theobserversjudgement.
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Resultsdiscussion

11.1 Intr oduction

In thissectiontheresultsof thedifferenttestswill becombinedto giveanswersto thequestions
of which algorithmhasthe mostdetail in bright and dark regions,which producesthe least
blurredimageandwhichoneappearsto producethemostnaturalimage.

In the caseof thedetail andtheblur measurean approachwill be usedwherethe viability of
thedigital testswill beestimatedby comparingtheir outputto thatof thepaneltestin thetwo
imagesTableandFoyer. If they arethenveri�ed in theseimages,it will bepossibleto make the
overall conclusionsbasedon the5 imagesin thedigital tests.

11.2 Detail

Threetestswereconductedto measurethedetaillevel of theoutputof thealgorithms.Thepanel
testandtheDetailhistogramtestmeasuredthedetailsin thebrightanddarkregionsseperately,
while theFFT testgaveanoverallmeasureof detail.

The resultsof the detail histogramtest will be veri�ed by comparingthesewith the results
obtainedin thepaneltest.

The resultsof the FFT testcannotbe veri�ed by the paneltest,sinceit just givesan overall
estimateof the detail level. Sincethis testonly proved valid for a comparisonof two of the
methods,andeven this comparisonwasvery unsure(seesection10.3on page69) it hasbeen
decidednot to draw any conclusionsof the overall performanceof the methodsbasedon this
test.

Whencomparingthe resultsfrom the detail histogramtestwith the paneltest it is found that
thereis two placesout of twelve wherethey disagree,meaningplaceswherethey swap two
positions.In bright regionsin theimageFoyer, wherethehistogramteststatesthetonemapas
thewinnerandgradientin secondplace,while thepaneltestsaysgradientis thewinnerfollowed
by tonemap.Theothercontradictionis in darkregion of theimageTablewherethehistogram
methodcomesto theconclusionthatbilateralis betterthanthegradientmethod,while thepanel
testcomesto theoppositeconclusion

It canbeseenfrom thehistogramtestresults(seetable7.1and7.2 on page49) that thesetwo
comparisonsaretheoneswherethemetricsareclosestto drawing theotherconclusionaboutthe
test,whichwouldbethesameasthepaneltest.Thismeansthatthereisathresholdvaluefor how
low differencesit is safeto makeconclusionsfrom. It hasbeenchosento estimatethis threshold
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valueasthe smallestpercentwisedifferencebetweentwo metricswherethe detail histogram
makes the samejudgementas the paneltest. This occursin the comparisonof the gradient
versusthe bilateral methodin bright regions of the imageTable(seetable 7.2 on page49).
The percentwisethresholdcanthenbe calculatedto 3 � 6% meaningthat therehasto be a size
differencebetweenthe smallestandthe largestof the digital detail metricsof 3.6%,beforea
conclusioncanbe madeof which oneis best. This thresholdis only an estimateof theactual
thresholdvalue,a futureimprovementto this testwouldbeto �nd thisvaluemoreaccuratelyby
conductinga largerpaneltestwith moreimagesandthencomparetheoutputof this detail test
with thatof thepaneltest.

This thresholdvaluemeansthat someof the resultsin the testsectionis no longervalid. Of
coursetheseresultsincludethetwo comparisonswhereit doesnot complywith thepaneltest,
but it alsomeansit is no longerpossibleto saywho is secondbestandwho is worst in the
Memorialimagein darkregions.

The resultof this is that it is no longerpossibleto saywhich algorithmis bestat preserving
detailsin bright regions, it is now a tie betweenthe gradientandthe tonemapmethod. This
resulthave emergedsinceit hasbeenchosento saywe cannotdistinguishwhich oneis best
in bright regionsin theFoyer image,becausethepanelandthehistogramtestcontradictseach
otherhere.It is thoughstill possibleto conclude,thatthebilateralmethodis worsethanbothof
thetwo othermethods.

In darkregionstheresultthatthegradientmethoddoesthebestjob is still valid sinceit wins 4
outof 5 tests,andnumbertwo is still thebilateralmethod.

Thereasonwhy thedetailmetric fails whenit is socloseis probablybecauseof theproblems
describedin section10.2on page67 with obtaininga referenceimagethatacuratelydescribes
perceiveddarkandbright areasandwith just settingtheintensityof 127astheborderbetween
darkandbright regions.

11.3 Blur

The blurrinessof the methodswas testedby applying the test describedin section5.4.3 on
page41 andby askingsomepeopleabouttheir opinionin thepaneltest.

To verify the resultsobtainedin thedigital blur test,the paneltestwill be consideredthe ref-
erenceandthe two testswill now be comparedto seeif they agreeon the conclusionsof the
imagesTableandFoyer. If they do,thiswill beseenasaveri�cation of thevalidity of thedigital
test. In this caseit will bepossibleto draw conclusionsof themethodsblurrinessbasedon the
digital blur testof all � ve images.

Thetestsdoagreeon therankof theblurinessin theseimages,exceptin theTableimagewhere
it is not possibleto draw a conclusionasto which of themethodsgradientandtonemapis the
bestin thepaneltest,while thedigital testnominatesthetonemapmethodasthebest,andthe
gradientassecondbest. But this is not a contradiction,andin fact the con�denceinterval of
thepaneltestwastilted towardsnominatingthetonemapmethodasthewinner, whichmightbe
seenasaslight indicatorof theresult,eventhoughno conclusioncanbemadeon this.
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Theoverall blur introducedby thealgorithmswill thereforbemeasuredastheresultsfrom the
digital blur test. This meansthe tonemapmethodis the leastblurred,while it is a tie between
thegradientandthebilateralmethod.

11.4 Naturalness

Sinceno digital measureswerefound or developedfor measuringnaturalness,this wasonly
evaluatedbasedon thepaneltest.

So the rank of the methodswith regardto this measureis that the gradientmethodproduces
themostnaturalimageswhile it is not possibleto determinewhich of theotheralgorithmsare
secondbest.
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Conclusion

Thecomparisonof theHDR compressedimageswasfoundto bebasedon thefollowing prop-
erties:

• Detail level in darkandbright regions.

• Theappearanceof blur.

• Thenaturalness.

To measurethesepropertiesof thecompressedimagesa paneltestandsomedigital testswere
made.

The paneltestconsistedof asking31 observers their opinion of the compressedimageswith
regardto theseproperties.

To measurethe detail level in dark andbright regionsdigitally a detail testalgoritm wasde-
velopedwhich gave a scorefor the level of detailsin bright anddark regionsseperately. This
testwasveri�ed by comparingit with the paneltestresults. In this comparisonit wasfound
thattherewasaminimumdifferencein scoreswhich hasto beexceededbeforeaconclusionof
which imagehasthemostdetailscanbemade.

To measurethe blurrinessof the compressedimagesthe methodof (Marziliano et al. [2002])
wasused.This testwasalsosuccesfullyverifedby comparisonwith thepaneltestresults.

Using thesetestsit waspossibleto test the performanceof the HDR compressionalgorithms
presentedatSIGGRAPH2002,thesealgorithmswere:thegradientmethoddescribedin (Fattal
etal. [2002]),thetonemapmethoddescribedin (Reinhardetal. [2002])andthebilateralmethod
describedin (DurandandDorsey [2002]). Thedigital testswereappliedto 5 imageswhile the
paneltestwasbasedon2 images.

In darkregionsthegradientmethodhadpreservedmostdetailsfollowedby thebilateralmethod
andin lastplacethetonemapmethod.In brightregionsit is only possibleto saythatthebilateral
methoddoestheworstjob at preservingdetails.

Whenit comesto theblurrinessof theoutputimagestonemapmakestheleastblurredimages,
while it is notpossibleto saywhichof thebilateralandthegradientmethodis secondbest.

The measureof naturalnesswas only doneby the panel test, the result of this was that the
gradientmethodproducedthemostnaturalimages,while thebilateralandthetonemapmethod
wereequallygood.

Basedon theseresultsit is concludedthat thegradientmethoddoesthebestoverall job, but if
blurrinessis animportantfactorthetonemapmethodshouldbeconsideredaswell.
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APPENDI X

The compressedimages

This appendixshows theoutputof thethreeHDR compressionalgorithmsfor eachof the � ve
HDR imagesusedin testin section7 onpage48.
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(c)

Figure A.1: Output of the compression algorithms applied on the image Table (a) The output
of the tonemap method (b) The output of the gradient method (c) The output of
the bilateral method
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(c)

Figure A.2: Output of the compression algorithms applied on the image Foyer (a) The output
of the tonemap method (b) The output of the gradient method (c) The output of
the bilateral method
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(b) (c)

Figure A.3: Output of the compression algorithms applied on the image Memorial (a) The
output of the tonemap method (b) The output of the gradient method (c) The
output of the bilateral method
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(c)

Figure A.4: Output of the compression algorithms applied on the image Belgium House (a)
The output of the tonemap method (b) The output of the gradient method (c) The
output of the bilateral method
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(c)

Figure A.5: Output of the compression algorithms applied on the image vinesunset (a) The
output of the tonemap method (b) The output of the gradient method (c) The
output of the bilateral method
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Referenceimagesfor detail histograms

Thisappendixshows thereferenceimagesandthethresholdedreferenceimagesfor eachof the
� ve imagesusedin thetestin section7 on page48.
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(b)

Figure B.1: Table reference image. (a) Median �ltered. (b) Thresholded at mid-intensity after
median �lter ing.
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(b)

Figure B.2: Foyer reference image. (a) Median �ltered. (b) Thresholded at mid-intensity after
median �lter ing.
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(b)

Figure B.3: Memorial reference image. (a) Median �ltered. (b) Thresholded at mid-intensity
after median �lter ing.
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(a)
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(b)

Figure B.4: Belgium House reference image. (a) Median �ltered. (b) Thresholded at mid-
intensity after median �lter ing.
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(a)
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(b)

Figure B.5: Vine Sunset reference image. (a) Median �ltered. (b) Thresholded at mid-
intensity after median �lter ing.



APPENDI X

Panel test results

Thisappendixshowstheresultsof thepaneltestfor thetwo images:FoyerandTable.Eachtable
shows all observers' votingsfor a two-imagecomparisonfor thecategories:brightdetails,dark
details,blur andnaturalness.Theobservers' judgmentis in therange-3 to 3, where-3 means
thatMethod1wasmuchbetterthanMethod2,0 meansthatthetwo methodswereequallygood
and3 meansthatMethod2wasmuchbetterthanMethod1.

C.1 The Foyer scene

C.1.1 Tonemapvs. Tonemap

ID UserID Method1 Method2 Bright details Darkdetails Blur Naturalness
275 4 tonemap tonemap 0 0 0 0
292 6 tonemap tonemap 0 0 0 0
302 7 tonemap tonemap 0 0 0 0
339 8 tonemap tonemap 0 0 0 0
340 9 tonemap tonemap 0 0 0 0
367 10 tonemap tonemap -1 -1 1 0
373 11 tonemap tonemap 0 1 -1 -1
393 12 tonemap tonemap 0 0 2 0
421 13 tonemap tonemap 0 0 0 0
427 14 tonemap tonemap 0 0 0 0
461 15 tonemap tonemap 0 0 0 0
478 17 tonemap tonemap 0 0 1 0
487 16 tonemap tonemap 1 2 -1 -1
508 18 tonemap tonemap 0 0 0 0
547 19 tonemap tonemap 0 0 0 0
554 20 tonemap tonemap 0 1 0 0
581 21 tonemap tonemap 0 0 0 0
597 22 tonemap tonemap 0 0 0 0
620 23 tonemap tonemap 0 0 1 0
633 24 tonemap tonemap 0 0 0 0
656 25 tonemap tonemap -1 -1 -1 0
659 26 tonemap tonemap 0 0 0 0
695 27 tonemap tonemap 0 0 0 0
701 28 tonemap tonemap 0 0 0 0
735 29 tonemap tonemap 0 0 0 0
736 30 tonemap tonemap 0 0 0 0
765 31 tonemap tonemap 0 0 0 0
785 32 tonemap tonemap 0 1 1 1
799 33 tonemap tonemap 0 0 0 0
817 35 tonemap tonemap -1 0 1 1
829 34 tonemap tonemap 0 1 0 0

Samplemean(x) -0.0645 0.129 0.129 0
Samplestandarddeviation (sx) 0.3592 0.5623 0.6187 0.3651
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C.1.2 Tonemapvs. Gradient

ID UserID Method1 Method2 Bright details Darkdetails Blur Naturalness
273 4 tonemap gradient 2 -1 1 2
294 6 tonemap gradient 2 1 1 -2
298 7 tonemap gradient 2 2 1 1
333 9 tonemap gradient 1 0 0 1
343 8 tonemap gradient 2 -1 0 1
372 10 tonemap gradient 1 1 1 1
385 11 tonemap gradient 2 -2 1 1
395 12 tonemap gradient 0 2 -2 1
416 13 tonemap gradient 2 0 -1 3
440 14 tonemap gradient 2 -1 -1 -1
455 15 tonemap gradient 1 3 1 1
475 17 tonemap gradient 2 0 -1 0
481 16 tonemap gradient 1 -1 -1 -1
509 18 tonemap gradient 2 1 -1 2
546 19 tonemap gradient 2 0 -1 1
562 20 tonemap gradient 0 0 2 2
589 21 tonemap gradient 3 1 -1 -1
594 22 tonemap gradient 2 1 -1 2
617 23 tonemap gradient 1 1 -2 1
634 24 tonemap gradient 3 2 2 3
664 25 tonemap gradient 2 -2 -2 1
668 26 tonemap gradient 2 1 1 2
698 28 tonemap gradient 2 2 -2 2
699 27 tonemap gradient 2 2 1 2
728 30 tonemap gradient 2 1 -1 1
734 29 tonemap gradient 2 1 0 1
761 31 tonemap gradient -1 -1 -1 1
783 32 tonemap gradient 2 -1 1 1
795 33 tonemap gradient 2 2 -1 2
813 35 tonemap gradient 2 2 1 1
828 34 tonemap gradient 1 -1 -1 -1

Samplemean(x) 1.6452 0.4839 -0.1935 1
Samplestandarddeviation (sx) 0.8386 1.3384 1.2225 1.1832

C.1.3 Tonemapvs. Bilateral

ID UserID Method1 Method2 Bright details Darkdetails Blur Naturalness
274 4 tonemap bilateral 2 -2 -2 0
307 7 tonemap bilateral 2 -2 -2 -2
308 6 tonemap bilateral 2 0 -1 1
331 8 tonemap bilateral 3 -2 -2 1
336 9 tonemap bilateral 2 0 -2 -2
370 10 tonemap bilateral 2 2 -2 2
374 11 tonemap bilateral 2 -2 -2 2
406 12 tonemap bilateral 1 1 -2 -2
424 13 tonemap bilateral 1 -1 -1 -2
438 14 tonemap bilateral 2 -2 -2 -2
449 15 tonemap bilateral 3 3 1 2
473 16 tonemap bilateral 1 -1 1 1
484 17 tonemap bilateral 1 -1 -1 -1
516 18 tonemap bilateral -2 2 -1 2
549 19 tonemap bilateral 2 0 -1 -1
557 20 tonemap bilateral 0 0 -1 -2
586 21 tonemap bilateral 2 -2 -2 -2
593 22 tonemap bilateral -3 3 -3 2
615 23 tonemap bilateral -2 -2 -3 3
637 24 tonemap bilateral 2 -1 -2 0
657 26 tonemap bilateral -2 -2 -2 -2
666 25 tonemap bilateral 1 -2 -3 1
696 28 tonemap bilateral 2 -2 -2 3
697 27 tonemap bilateral 1 -1 -2 -2
725 29 tonemap bilateral 2 -1 -1 1
743 30 tonemap bilateral 2 -1 -2 3
763 31 tonemap bilateral 1 -1 -1 -1
777 32 tonemap bilateral 2 -2 -2 1
798 33 tonemap bilateral 2 -1 -1 -1
814 34 tonemap bilateral 2 -1 -1 0
815 35 tonemap bilateral 2 -1 1 1

Samplemean(x) 1.2258 -0.7097 -1.4839 0.129
Samplestandarddeviation (sx) 1.4991 1.4876 1.0286 1.7653
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C.1.4 Gradient vs. Tonemap

ID UserID Method1 Method2 Bright details Darkdetails Blur Naturalness
279 4 gradient tonemap -2 1 0 -1
296 7 gradient tonemap -2 -2 -1 -2
297 6 gradient tonemap -2 0 0 2
327 8 gradient tonemap -3 1 1 -1
335 9 gradient tonemap -2 -1 2 1
364 10 gradient tonemap -2 2 3 -2
388 11 gradient tonemap -2 2 -1 1
400 12 gradient tonemap -1 1 2 0
420 13 gradient tonemap -2 -1 1 -2
436 14 gradient tonemap -3 1 2 1
458 15 gradient tonemap -1 -2 0 -1
476 16 gradient tonemap -1 -1 1 -1
480 17 gradient tonemap -1 0 0 -1
520 18 gradient tonemap -2 -2 -2 -2
543 19 gradient tonemap -2 -1 1 -1
552 20 gradient tonemap 0 -1 0 0
583 21 gradient tonemap -3 -1 1 1
587 22 gradient tonemap -2 -1 2 -3
619 23 gradient tonemap -1 1 2 -2
639 24 gradient tonemap -2 -2 -2 -2
658 25 gradient tonemap -1 1 1 -1
663 26 gradient tonemap -2 -2 0 -2
687 27 gradient tonemap -2 0 -1 -2
688 28 gradient tonemap 3 -1 2 -2
726 30 gradient tonemap -3 -1 1 0
729 29 gradient tonemap -2 0 1 0
764 31 gradient tonemap -1 1 1 -1
778 32 gradient tonemap -2 2 1 1
803 33 gradient tonemap -2 -2 1 -1
823 34 gradient tonemap 2 0 -1 -1
827 35 gradient tonemap -2 -1 0 0

Samplemean(x) -1.5484 -0.2903 0.5806 -0.7742
Samplestandarddeviation (sx) 1.2868 1.296 1.2322 1.2304

C.1.5 Gradient vs. Gradient

ID UserID Method1 Method2 Bright details Darkdetails Blur Naturalness
278 4 gradient gradient 0 0 0 0
300 6 gradient gradient 0 0 0 0
303 7 gradient gradient 0 0 0 0
328 8 gradient gradient 0 0 0 0
342 9 gradient gradient 0 0 0 0
366 10 gradient gradient 0 0 0 0
382 11 gradient gradient 0 0 0 0
403 12 gradient gradient 0 1 0 0
425 13 gradient gradient 0 0 2 1
428 14 gradient gradient 0 0 1 0
456 15 gradient gradient 0 0 0 0
482 17 gradient gradient 0 0 0 0
483 16 gradient gradient 1 1 1 1
519 18 gradient gradient 0 0 0 0
551 19 gradient gradient 0 0 0 0
553 20 gradient gradient 0 0 0 1
584 21 gradient gradient 0 0 0 0
585 22 gradient gradient 0 0 0 0
621 23 gradient gradient 0 0 1 0
636 24 gradient gradient 0 0 0 0
651 25 gradient gradient 1 -1 -1 0
655 26 gradient gradient 0 0 0 0
694 28 gradient gradient 0 0 0 0
702 27 gradient gradient 0 0 0 0
732 29 gradient gradient 0 0 0 0
740 30 gradient gradient 0 0 0 0
767 31 gradient gradient 0 0 0 0
781 32 gradient gradient 0 0 0 1
796 33 gradient gradient 0 0 0 0
820 35 gradient gradient 0 0 1 1
821 34 gradient gradient 0 -1 0 0

Samplemean(x) 0.0645 0 0.1613 0.1613
Samplestandarddeviation (sx) 0.2497 0.3651 0.5226 0.3739
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C.1.6 Gradient vs. Bilateral

ID UserID Method1 Method2 Bright details Darkdetails Blur Naturalness
277 4 gradient bilateral -1 -1 -1 -1
295 7 gradient bilateral -2 -2 -2 -2
306 6 gradient bilateral 2 -1 0 1
337 8 gradient bilateral 1 -1 -1 0
341 9 gradient bilateral -1 -1 -2 -2
371 10 gradient bilateral 1 1 -2 -2
378 11 gradient bilateral 2 -1 -1 1
392 12 gradient bilateral 2 -1 -2 -1
422 13 gradient bilateral -1 -1 0 -1
431 14 gradient bilateral -1 -1 -1 -1
459 15 gradient bilateral 2 2 2 2
472 17 gradient bilateral 0 -1 0 0
488 16 gradient bilateral 2 -1 -2 -2
514 18 gradient bilateral -1 1 0 0
545 19 gradient bilateral -1 -1 -2 -2
560 20 gradient bilateral -1 -1 0 -2
582 21 gradient bilateral -2 -2 -1 1
592 22 gradient bilateral -3 3 -3 2
622 23 gradient bilateral -1 -1 -2 -2
635 24 gradient bilateral -1 -3 -3 -3
652 25 gradient bilateral -2 -1 -2 -1
662 26 gradient bilateral -2 -2 -2 -2
700 28 gradient bilateral -2 -1 -2 2
704 27 gradient bilateral 1 -1 -1 0
723 29 gradient bilateral -1 -1 -1 -1
737 30 gradient bilateral -2 -2 -1 2
766 31 gradient bilateral 1 -1 -1 1
784 32 gradient bilateral 0 -2 -2 -1
802 33 gradient bilateral 2 -2 2 -1
818 34 gradient bilateral 1 -1 -2 0
819 35 gradient bilateral -1 -2 -1 1

Samplemean(x) -0.2903 -0.9355 -1.1613 -0.4516
Samplestandarddeviation (sx) 1.5317 1.2093 1.1859 1.4569

C.1.7 Bilateral vs. Tonemap

ID UserID Method1 Method2 Bright details Darkdetails Blur Naturalness
276 4 bilateral tonemap -2 2 2 0
299 6 bilateral tonemap -2 2 2 -1
301 7 bilateral tonemap -2 2 2 2
329 8 bilateral tonemap -2 2 2 -1
332 9 bilateral tonemap -1 -1 2 2
365 10 bilateral tonemap 2 2 2 2
376 11 bilateral tonemap -1 2 2 -1
401 12 bilateral tonemap -2 1 2 2
417 13 bilateral tonemap -1 1 1 -1
426 14 bilateral tonemap -1 1 1 0
453 15 bilateral tonemap -3 -3 -1 -2
477 17 bilateral tonemap -2 0 1 0
479 16 bilateral tonemap -3 2 1 1
511 18 bilateral tonemap -2 -1 1 -1
550 19 bilateral tonemap -2 1 2 2
565 20 bilateral tonemap 1 1 1 2
579 21 bilateral tonemap -2 2 3 2
590 22 bilateral tonemap 2 -2 3 -2
623 23 bilateral tonemap 1 1 3 -1
641 24 bilateral tonemap -2 1 1 1
661 25 bilateral tonemap -2 2 2 0
665 26 bilateral tonemap 1 1 1 1
689 27 bilateral tonemap -2 2 2 2
691 28 bilateral tonemap -1 1 3 -1
730 29 bilateral tonemap -2 0 2 -1
731 30 bilateral tonemap -2 1 2 -2
760 31 bilateral tonemap 1 1 1 1
780 32 bilateral tonemap -2 2 1 0
800 33 bilateral tonemap -2 1 1 -1
822 35 bilateral tonemap -2 1 -1 -2
830 34 bilateral tonemap -1 1 1 1

Samplemean(x) -1.2258 0.9355 1.5484 0.129
Samplestandarddeviation (sx) 1.3835 1.2365 0.9605 1.4316
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C.1.8 Bilateral vs. Gradient

ID UserID Method1 Method2 Bright details Darkdetails Blur Naturalness
280 4 bilateral gradient 1 1 1 1
304 6 bilateral gradient -1 2 0 0
305 7 bilateral gradient 2 2 2 2
330 8 bilateral gradient 2 1 2 0
344 9 bilateral gradient 0 2 2 2
363 10 bilateral gradient 2 2 3 -1
389 11 bilateral gradient -1 1 1 -1
398 12 bilateral gradient -2 1 2 1
414 13 bilateral gradient 1 2 1 3
434 14 bilateral gradient 2 2 1 2
460 15 bilateral gradient -2 -2 -1 -1
471 16 bilateral gradient -1 2 -1 1
474 17 bilateral gradient 1 1 1 0
517 18 bilateral gradient 2 -2 -1 -1
548 19 bilateral gradient 2 2 2 2
566 20 bilateral gradient 1 1 1 2
588 21 bilateral gradient 2 2 1 -1
596 22 bilateral gradient 3 -3 2 -1
616 23 bilateral gradient 3 2 3 -3
638 24 bilateral gradient 1 2 2 2
653 26 bilateral gradient 2 2 1 2
667 25 bilateral gradient 1 1 2 -1
692 28 bilateral gradient 0 2 3 -2
693 27 bilateral gradient -1 2 3 2
727 29 bilateral gradient 1 1 1 -1
738 30 bilateral gradient 2 2 2 -2
758 31 bilateral gradient -1 1 0 1
782 32 bilateral gradient 0 2 2 1
797 33 bilateral gradient 1 1 1 1
824 35 bilateral gradient 1 1 -1 1
825 34 bilateral gradient 2 -1 1 1

Samplemean(x) 0.8387 1.129 1.2581 0.3871
Samplestandarddeviation (sx) 1.3928 1.3352 1.1823 1.5205

C.1.9 Bilateral vs. Bilateral

ID UserID Method1 Method2 Bright details Darkdetails Blur Naturalness
281 4 bilateral bilateral 0 0 0 0
291 6 bilateral bilateral 0 0 0 0
293 7 bilateral bilateral 0 0 0 0
334 8 bilateral bilateral 0 0 0 0
338 9 bilateral bilateral 0 0 0 0
368 10 bilateral bilateral 0 0 0 0
369 11 bilateral bilateral 0 0 -1 0
407 12 bilateral bilateral 0 0 0 0
423 13 bilateral bilateral 0 0 0 0
432 14 bilateral bilateral 0 0 -1 0
451 15 bilateral bilateral 0 0 0 0
485 16 bilateral bilateral 1 1 1 1
486 17 bilateral bilateral 0 0 0 0
512 18 bilateral bilateral 0 0 0 0
544 19 bilateral bilateral 0 0 0 0
555 20 bilateral bilateral 0 0 -1 -1
580 21 bilateral bilateral 0 0 0 0
591 22 bilateral bilateral 0 0 0 0
618 23 bilateral bilateral 0 0 0 0
640 24 bilateral bilateral 0 0 0 0
654 25 bilateral bilateral 1 0 0 -1
660 26 bilateral bilateral 0 0 0 0
690 27 bilateral bilateral 0 0 0 0
703 28 bilateral bilateral 0 -1 0 -1
724 29 bilateral bilateral 0 0 0 0
733 30 bilateral bilateral 0 0 0 0
762 31 bilateral bilateral 0 0 0 0
779 32 bilateral bilateral 0 0 0 0
801 33 bilateral bilateral 0 0 0 0
816 34 bilateral bilateral 0 -1 0 0
826 35 bilateral bilateral 0 0 1 0

Samplemean(x) 0.0645 -0.0323 -0.0323 -0.0645
Samplestandarddeviation (sx) 0.2497 0.3145 0.4069 0.3592
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C.2 The Tablescene

C.2.1 Tonemapvs. Tonemap

ID UserID Method1 Method2 Bright details Darkdetails Blur Naturalness
282 4 tonemap tonemap 0 0 0 0
309 7 tonemap tonemap 0 0 0 0
321 6 tonemap tonemap 0 0 0 0
358 9 tonemap tonemap 0 0 0 0
362 8 tonemap tonemap 0 0 0 0
377 10 tonemap tonemap 1 1 1 1
390 11 tonemap tonemap 0 -1 0 1
415 12 tonemap tonemap 0 0 0 0
430 13 tonemap tonemap 0 0 0 0
446 14 tonemap tonemap 0 0 0 0
466 15 tonemap tonemap 0 0 0 0
493 16 tonemap tonemap 0 1 1 1
498 17 tonemap tonemap 0 0 0 0
528 18 tonemap tonemap 0 0 0 0
561 19 tonemap tonemap 0 0 0 0
570 20 tonemap tonemap 0 0 -1 0
601 21 tonemap tonemap 0 0 0 0
609 22 tonemap tonemap 0 0 0 0
626 23 tonemap tonemap 0 0 0 0
644 24 tonemap tonemap 0 0 0 0
672 26 tonemap tonemap 0 0 0 0
674 25 tonemap tonemap 0 0 0 0
712 27 tonemap tonemap 0 0 0 0
720 28 tonemap tonemap 1 0 -1 0
742 29 tonemap tonemap 0 0 0 0
756 30 tonemap tonemap 0 0 0 0
773 31 tonemap tonemap 0 0 0 0
789 32 tonemap tonemap 0 0 0 0
810 33 tonemap tonemap 0 0 0 0
837 35 tonemap tonemap 0 0 0 0
845 34 tonemap tonemap -1 0 -1 0

Samplemean(x) 0.0323 0.0323 -0.0322 0.0968
Samplestandarddeviation (sx) 0.3145 0.3145 0.4069 0.3005

C.2.2 Tonemapvs. Gradient

ID UserID Method1 Method2 Bright details Darkdetails Blur Naturalness
285 4 tonemap gradient 2 1 0 2
312 7 tonemap gradient -1 -2 0 -2
316 6 tonemap gradient 2 1 0 -2
346 9 tonemap gradient 1 2 1 2
348 8 tonemap gradient 2 -2 -2 -2
380 10 tonemap gradient 1 1 1 1
391 11 tonemap gradient 1 0 -1 1
413 12 tonemap gradient 1 1 0 2
435 13 tonemap gradient 1 1 -1 1
447 14 tonemap gradient 1 -1 -1 -1
468 15 tonemap gradient 2 2 2 2
497 16 tonemap gradient 1 -1 -2 -1
503 17 tonemap gradient 0 -1 -1 -1
531 18 tonemap gradient -1 -1 1 2
558 19 tonemap gradient 1 1 0 1
575 20 tonemap gradient 0 1 1 1
602 21 tonemap gradient 2 1 -1 -2
608 22 tonemap gradient 2 -1 -2 -1
631 23 tonemap gradient 3 -1 -1 3
647 24 tonemap gradient 1 0 -1 1
673 25 tonemap gradient -1 1 -1 2
675 26 tonemap gradient -1 0 -1 -1
705 27 tonemap gradient 2 2 2 2
706 28 tonemap gradient -2 -2 1 2
749 29 tonemap gradient -1 1 1 1
754 30 tonemap gradient 3 2 -2 2
775 31 tonemap gradient -1 1 -1 1
793 32 tonemap gradient -1 1 0 0
809 33 tonemap gradient 0 1 1 2
841 34 tonemap gradient 1 -1 1 1
848 35 tonemap gradient -1 1 1 1

Samplemean(x) 0.6452 0.2903 -0.1613 0.6451
Samplestandarddeviation (sx) 1.3552 1.2435 1.1859 1.4955
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C.2.3 Tonemapvs. Bilateral

ID UserID Method1 Method2 Bright details Darkdetails Blur Naturalness
289 4 tonemap bilateral 2 -1 -1 0
314 6 tonemap bilateral 2 -2 -2 0
318 7 tonemap bilateral 2 -2 -2 -2
349 9 tonemap bilateral -1 1 -1 1
350 8 tonemap bilateral 2 -2 -2 -2
387 10 tonemap bilateral -3 -3 -3 -3
402 11 tonemap bilateral -1 -1 -2 1
412 12 tonemap bilateral 2 -1 -1 3
441 13 tonemap bilateral 1 -1 -1 1
448 14 tonemap bilateral 2 -1 -2 -2
464 15 tonemap bilateral 3 3 2 2
491 16 tonemap bilateral -2 -1 -2 -2
496 17 tonemap bilateral -1 -1 -1 0
530 18 tonemap bilateral 1 1 -2 -1
567 19 tonemap bilateral 2 -1 -2 1
572 20 tonemap bilateral -1 -1 -2 -2
600 21 tonemap bilateral 2 -1 -1 1
611 22 tonemap bilateral -3 3 -3 1
630 23 tonemap bilateral 1 -1 -1 2
648 24 tonemap bilateral 1 -1 -2 -2
677 26 tonemap bilateral -1 -1 -2 -2
683 25 tonemap bilateral 1 1 1 1
707 27 tonemap bilateral 2 2 0 1
721 28 tonemap bilateral -2 -1 -2 -1
747 29 tonemap bilateral -1 -1 -1 1
755 30 tonemap bilateral 2 -2 -2 2
770 31 tonemap bilateral 1 -1 -1 1
792 32 tonemap bilateral 0 1 -1 0
805 33 tonemap bilateral 1 -1 -1 0
831 34 tonemap bilateral 1 -1 -1 1
846 35 tonemap bilateral -2 1 1 1

Samplemean(x) 0.4194 -0.5161 -1.2903 0.0645
Samplestandarddeviation (sx) 1.7083 1.4346 1.1013 1.5478

C.2.4 Gradient vs. Tonemap

ID UserID Method1 Method2 Bright details Darkdetails Blur Naturalness
283 4 gradient tonemap -2 -1 0 -2
320 6 gradient tonemap -2 2 1 1
323 7 gradient tonemap -1 1 1 1
360 9 gradient tonemap -1 -1 -1 -1
361 8 gradient tonemap -1 1 2 1
386 10 gradient tonemap -1 -1 -1 -1
405 11 gradient tonemap 0 -1 1 -1
419 12 gradient tonemap -2 1 1 -2
439 13 gradient tonemap -1 -1 1 -1
444 14 gradient tonemap 1 -1 1 0
467 15 gradient tonemap -2 -2 -2 -2
492 17 gradient tonemap 1 1 1 1
495 16 gradient tonemap -1 1 1 1
527 18 gradient tonemap -2 -1 0 -1
564 19 gradient tonemap -1 -1 -1 -2
576 20 gradient tonemap 0 0 1 1
599 21 gradient tonemap -2 -2 -1 1
614 22 gradient tonemap -2 2 1 -1
629 23 gradient tonemap 0 2 1 -3
645 24 gradient tonemap -2 1 1 -1
681 26 gradient tonemap -1 -1 1 -1
686 25 gradient tonemap 0 -1 -1 -2
710 27 gradient tonemap -2 -2 -2 -2
719 28 gradient tonemap 1 1 -1 -2
739 29 gradient tonemap 0 -1 1 -1
753 30 gradient tonemap -2 -2 2 -2
769 31 gradient tonemap 1 -1 1 -1
786 32 gradient tonemap 1 -1 -1 0
806 33 gradient tonemap 1 -1 -1 -1
833 34 gradient tonemap 0 1 -1 -1
842 35 gradient tonemap 1 -1 0 -1

Samplemean(x) -0.6774 -0.2903 0.1935 -0.8065
Samplestandarddeviation (sx) 1.1658 1.2700 1.1378 1.1667
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C.2.5 Gradient vs. Gradient

ID UserID Method1 Method2 Bright details Darkdetails Blur Naturalness
284 4 gradient gradient 0 0 0 0
310 7 gradient gradient 0 0 0 0
322 6 gradient gradient 0 0 0 0
357 9 gradient gradient 0 0 0 0
359 8 gradient gradient 0 0 0 0
384 10 gradient gradient 0 0 0 0
396 11 gradient gradient 0 0 0 0
411 12 gradient gradient 0 0 0 0
442 13 gradient gradient -1 -1 0 0
452 14 gradient gradient 0 0 0 0
463 15 gradient gradient 0 0 0 0
494 17 gradient gradient 0 0 0 0
504 16 gradient gradient 0 0 0 0
525 18 gradient gradient 0 0 0 0
559 19 gradient gradient 0 0 0 0
571 20 gradient gradient 0 0 0 0
595 21 gradient gradient 0 0 0 0
613 22 gradient gradient 0 0 0 0
627 23 gradient gradient 0 0 0 0
649 24 gradient gradient 0 0 0 0
676 25 gradient gradient 0 0 0 0
682 26 gradient gradient 0 0 0 0
714 28 gradient gradient 1 0 1 0
716 27 gradient gradient 0 0 0 0
741 29 gradient gradient 0 0 0 0
759 30 gradient gradient 0 0 0 0
768 31 gradient gradient 0 0 0 0
794 32 gradient gradient 0 0 1 0
808 33 gradient gradient 0 0 0 0
836 34 gradient gradient 0 0 0 0
839 35 gradient gradient 0 0 0 0

Samplemean(x) 0.0000 -0.0322 0.0645 0.0000
Samplestandarddeviation (sx) 0.2582 0.1796 0.2497 0.0000

C.2.6 Gradient vs. Bilateral

ID UserID Method1 Method2 Bright details Darkdetails Blur Naturalness
288 4 gradient bilateral 0 -2 -2 -2
315 7 gradient bilateral 1 0 -1 -1
325 6 gradient bilateral 0 -2 -2 1
347 9 gradient bilateral -1 -1 -1 -1
353 8 gradient bilateral 0 -1 -1 -1
379 10 gradient bilateral -1 -1 -1 -1
404 11 gradient bilateral -2 -1 -1 -1
408 12 gradient bilateral -1 1 0 -1
433 13 gradient bilateral 1 -1 0 0
445 14 gradient bilateral 0 -1 -1 -1
469 15 gradient bilateral -2 -2 -2 -2
500 17 gradient bilateral 1 -1 0 -1
502 16 gradient bilateral 0 -1 -2 -1
532 18 gradient bilateral -2 -2 -2 -1
568 19 gradient bilateral 1 0 -1 0
578 20 gradient bilateral -1 -1 -1 -1
598 21 gradient bilateral -1 -1 -1 1
610 22 gradient bilateral -3 3 0 0
624 23 gradient bilateral -1 -1 -1 -1
646 24 gradient bilateral 0 -2 -2 -2
669 26 gradient bilateral -2 -2 -2 -2
680 25 gradient bilateral -1 -1 0 -1
709 28 gradient bilateral 1 -1 -2 0
713 27 gradient bilateral 0 -2 -1 -2
745 29 gradient bilateral -1 -1 -2 -1
750 30 gradient bilateral 1 -1 -1 -1
774 31 gradient bilateral 1 -1 0 -1
788 32 gradient bilateral 1 0 -1 -1
812 33 gradient bilateral 0 -1 -1 -2
840 34 gradient bilateral -1 -1 -1 -1
844 35 gradient bilateral -1 -1 -1 -1

Samplemean(x) -0.4194 -0.9355 -1.0968 -0.9354
Samplestandarddeviation (sx) 1.1188 0.9978 0.7002 0.7718
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C.2.7 Bilateral vs. Tonemap

ID UserID Method1 Method2 Bright details Darkdetails Blur Naturalness
287 4 bilateral tonemap -2 1 1 0
317 6 bilateral tonemap -2 2 2 -1
319 7 bilateral tonemap -1 2 2 2
351 8 bilateral tonemap -1 2 3 2
356 9 bilateral tonemap 1 -1 1 -1
381 10 bilateral tonemap 1 1 1 1
399 11 bilateral tonemap 1 1 2 -1
418 12 bilateral tonemap 2 1 1 -1
429 13 bilateral tonemap 1 1 1 2
450 14 bilateral tonemap -2 2 2 2
470 15 bilateral tonemap -3 -3 -2 -2
489 17 bilateral tonemap 1 1 1 1
499 16 bilateral tonemap -1 1 2 2
523 18 bilateral tonemap 1 -1 1 1
556 19 bilateral tonemap -1 1 1 2
574 20 bilateral tonemap 0 1 1 1
604 22 bilateral tonemap 2 -2 2 -1
607 21 bilateral tonemap -2 -2 -1 -2
632 23 bilateral tonemap -2 1 2 -3
643 24 bilateral tonemap -1 3 3 2
679 26 bilateral tonemap -1 1 2 1
684 25 bilateral tonemap -1 1 -1 -1
708 27 bilateral tonemap 1 -2 -2 -2
722 28 bilateral tonemap 2 1 2 -1
748 29 bilateral tonemap 0 1 1 0
752 30 bilateral tonemap -2 1 3 -2
771 31 bilateral tonemap -1 1 1 -1
790 32 bilateral tonemap 0 -1 1 1
811 33 bilateral tonemap -1 1 1 0
835 35 bilateral tonemap 2 -1 0 -1
843 34 bilateral tonemap 1 1 1 0

Samplemean(x) -0.2581 0.5161 1.1290 0.0000
Samplestandarddeviation (sx) 1.4599 1.4112 1.2581 1.5055

C.2.8 Bilateral vs. Gradient

ID UserID Method1 Method2 Bright details Darkdetails Blur Naturalness
286 4 bilateral gradient -1 2 1 2
324 7 bilateral gradient 0 0 1 1
326 6 bilateral gradient 0 2 2 -1
345 8 bilateral gradient -1 1 1 1
352 9 bilateral gradient 1 1 1 1
383 10 bilateral gradient 1 1 1 1
397 11 bilateral gradient 1 1 2 1
409 12 bilateral gradient -1 1 0 1
437 13 bilateral gradient -1 1 0 1
457 14 bilateral gradient 1 2 1 1
462 15 bilateral gradient 2 2 2 2
490 17 bilateral gradient 0 -1 1 0
501 16 bilateral gradient 2 2 2 2
533 18 bilateral gradient 2 1 1 1
569 19 bilateral gradient -1 1 1 1
577 20 bilateral gradient 1 1 1 2
606 21 bilateral gradient -1 1 1 -1
612 22 bilateral gradient 3 -3 0 1
628 23 bilateral gradient 1 1 2 2
650 24 bilateral gradient 0 2 2 2
678 25 bilateral gradient 1 1 1 1
685 26 bilateral gradient 2 2 2 2
717 27 bilateral gradient 0 1 0 1
718 28 bilateral gradient 2 1 1 2
744 29 bilateral gradient 0 1 2 1
757 30 bilateral gradient -2 2 2 -1
772 31 bilateral gradient -1 1 0 1
791 32 bilateral gradient -1 0 1 1
807 33 bilateral gradient 1 1 1 2
832 35 bilateral gradient 1 1 1 1
838 34 bilateral gradient 1 1 1 1

Samplemean(x) 0.4194 1.0000 1.1290 1.0645
Samplestandarddeviation (sx) 1.2321 1.0000 0.6704 0.8538
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C.2.9 Bilateral vs. Bilateral

ID UserID Method1 Method2 Bright details Darkdetails Blur Naturalness
290 4 bilateral bilateral 0 0 0 0
311 6 bilateral bilateral 0 0 0 0
313 7 bilateral bilateral 0 0 0 0
354 9 bilateral bilateral 0 0 0 0
355 8 bilateral bilateral 0 0 0 0
375 10 bilateral bilateral 0 0 0 0
394 11 bilateral bilateral 0 0 0 0
410 12 bilateral bilateral 0 0 0 0
443 13 bilateral bilateral 0 0 0 0
454 14 bilateral bilateral 0 0 0 0
465 15 bilateral bilateral 0 0 0 0
505 17 bilateral bilateral 0 0 0 0
506 16 bilateral bilateral 0 0 0 0
529 18 bilateral bilateral 0 0 0 0
563 19 bilateral bilateral 0 0 0 0
573 20 bilateral bilateral 0 0 1 1
603 21 bilateral bilateral 0 0 0 0
605 22 bilateral bilateral 0 0 0 0
625 23 bilateral bilateral 0 0 0 0
642 24 bilateral bilateral 0 0 0 0
670 26 bilateral bilateral 0 0 0 0
671 25 bilateral bilateral 0 0 0 0
711 27 bilateral bilateral 0 0 0 0
715 28 bilateral bilateral 0 0 0 0
746 29 bilateral bilateral 0 0 0 0
751 30 bilateral bilateral 0 0 0 0
776 31 bilateral bilateral 0 0 0 0
787 32 bilateral bilateral 0 0 1 1
804 33 bilateral bilateral 0 0 0 0
834 34 bilateral bilateral 1 0 1 0
847 35 bilateral bilateral 0 1 1 1

Samplemean(x) 0.0323 0.0323 0.1290 0.0968
Samplestandarddeviation (sx) 0.1796 0.1796 0.3408 0.3005


