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Abstract

This reportcoversthe descriptionand comparisorof three
high dynamic compressionalgorithms presentedat SIG-
GRAPH2002:“PhotographicloneReproductiorfor Digital
Images”,"GradientDomainHigh DynamicRangeCompres-
sion” and “Fast Bilateral Filtering for the Display of High
DynamicRangemages”.Importantfeaturefor comparisor
areidenti ed anda digital anda paneltestis designedand
performed. Furthermorea digital testfor measuringdetails
hasbeendeveloped. The resultsfrom thesetestsare com-
paredto evaluatethe validity of the digital testandasseghe
qualitty of thethreecompressiomlgorithms.It is concluded
thatthe “GradientDomain High DynamicRangeCompres

a more blurredimagethanthe “PhotographicTone Repro-
ductionfor Digital Images”’method.
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Preface

This projectis aboutcomparisorof high dynamicrangecompressiomlgorithms.andthetheme
for the9th semesteComputeisionandMediaTechnolog CVYMT) M.Sc. programis »Com-
puterVisionandVirtual Reality«.

This projectreportis structuredaccordingto the IMRAD model. The Introductionformulates
problem,andin the Methodpartall theoreticalaspectandusedalgorithmsaredescribed Re-
sultsandDiscussiordealswith the presentatiomndinterpretatiorof the ndings. Eachpartis

subdvided into chaptermumberedn successionandthe appendigsareindexed with capital
letters.Citationsin thereportarepresented@s(Author [year]).

ChristianVasePetersen SgrenHansen

RuneLaursen
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Intr oduction

1.1 Problemarea

High dynamicrange(HDR) imagesare becomingincreasinglycommonandimportantin the
areaof computergraphics,sinceit allows the captureof imagesthat representhe whole dy-
namicrangeof a sceneratherthanonly a subsebf it asmostcorventionalimagingequipment
allows. Thesehigh dynamicrangeimagesthencontainaccuratediscriptionsof imagecontent
in bothdark andbright regions. The dynamicrangeof variouscommondisplaydevices, such
asmonitorsandprinters,is muchsmallerthanthe dynamicrangetypically foundin real-world
sceneswhich poseghe problemof how to displayan HDR imageon suchdevices,while still
preservingas muchof the original imagecontentas possible. This motivatesthe needfor an
intelligentmethodthatis capableof compressingt HDR imageto alow dynamicrange(LDR)
image.

1.2 Threemethods

Threemethodswerepresentedtthe SIGGRAPH2002InternationalConferenceon Computer
GraphicsandInteractve Techniquesfor compressingdDR imagesto LDR images:

» PhotographidoneReproductiorfor Digital ImagegReinhardetal. [2002])
» GradientDomainHigh DynamicRangeCompressioriFattaletal. [2002])

* FastBilateral Filtering for the Display of High Dynamic Rangelmages(Durand and
Dorsey [2002])

Thesemethodsareall build on previous work in the areaof high dynamicrangecompression
andincorporateandextendtheresearcldoneover thelastdecade Thereforeit is interestingto
comparghesemethodgo getanovervien of how theresultsthey producerelateto eachother

1.3 Comparisonof HDR compressionmethods

Currently no papersdescribemethodsfor comparinghigh dynamicrangecompressioralgo-

rithms or for evaluatingthe resultsof thesealgorithms. Methodsexist for comparingimages
basedon variouspropertiesn theimages but mostof thesemethodsarerelatedto examining
the artifactsof lossyimagecompressionSincethe HDR compressiommethodsaredif cult to

compareit is interestingto identify measureshatarerepresentate for the quality of a com-
pressedHDR image and basedon thesedevelop methodswhich allow comparisonof HDR

compressiomethods.



1.4 Problemdescription

Thegoalof this projectis to identify measure$or evaluatingthe quality of anHDR compressed
imageandbasedon thesedevelop methodsor assesinghe quality of HDR compressioralgo-
rithmsandthusbeingableto comparghem.Furthermorat is agoalto comparghethreeHDR
compressiomlgorithmspresenteét SIGGRAPH2002basedn thedevelopedmethodsandin
this context examinethe validity of thedevelopedmethods.
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Intr oduction

This partwill introducethe methodsusedin theprojectto ful | theproblemdescription.These
includeson which parametersigh dynamicrangeimagesshouldbe judged,how to compress
thehigh dynamicrangeimageso low dynamicrangeimagesandhow to testdifferentcompres-
sionmethods.

To nd outhow to obtainhigh dynamicrangeimageswhatspecialcautionsmustbetakenand
which measuresnwhichthey shouldbejudgeda preanalysisiasbeenmade.

Inthecompressiomethodssectiordifferentapproachefr compressiownf highdynamicrange
imageswill bediscussedrom the very simplemethodgo the threemethodspresentedt SIG-
GRAPH2002.

In the Testchapterit will be decidednhow to comparethe differentmethodsanddifferenttests
basedn bothdigital methodsandhumanobsenration.
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Preanalysis

This sectiondescribesypical areasof usefor HDR imagesandhow to obtainHDR imagedata.
Furthermoret is discussedvhatimagepropertiesareimportantwhendisplayingHDR images
on LDR mediaandwhich artifactscanoccurin the process.

3.1 Areasof use

Typicalusesor HDR imagescanbedevidedinto surneillanceandpersonalisage.

Sunwillancecamerashave 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 warehousesin which it is critical for the
camerdao capturedetailin brightly lit windows, doorways,andbayswithout losingthe details
of dimmerindooror coveredareas.While detailsfor the varyinglight levelsis very important
theoverall naturalnesss of lessimportance.

For personalisageof HDR imagessuchasthefamily photoalbum, bothdetailsandnaturalness
is important. Wheneg. capturinganimagein a darkendroom of peoplearounda christmas
three,it is desirableto be ableto seethe peopleandthe threeclearly while still having details
aroundthelights onthechristmaghreesothey appeato beglowing in the darkendroom. This
amountof detailin variouslight levels shouldonly be extendedo a level wherethe naturalness
of theimageis notcompromisedinceit is notdesirabldo have a photoalbum with imagesnot
looking natural.

3.2 Obtaining high dynamic range data

As ary amateuior professionaphotographeknows, it is a problemto capturethe full dynamic
rangeof ascenaisingcorventionalimagingequipmentOnehasto chooseherangeof radiance
valuesthat are of interestanddeterminethe exposuretime suitably Sunlit scenesandscenes
with shiry materialsandarti cial lightsourcespftenhave extremedifferencesn radiancevalues
that areimpossibleto capturewithout eitherunderexposingor saturatingthe Im. To cover
the full dynamicrangeof sucha scene,one cantake a seriesof photographswith different
known exposuregsee gure 3.1). Thesecanthenbefusedinto a singlehigh dynamicradiance
mapwhosepixel valuesareproportioalto the true radiancevaluesin the scene.A methodfor



recovering high dynamicrangeradiancemapsfrom photographss presentedn (Deberec and

Malik [1997])".
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Figure 3.1: A series of images showing different exposures.

3.2.1 LARS llI high dynamic range sensor

Anotherway of obtaininghigh dynamicrangedatais to usespecialimaging equipmenthat
is capableof directly capturingthe high dynamicrangeof a scenewithout overexposing or
saturatingheimage.For this project,acamerawith the LARS®IIl imagesensohasbeenused.
It hasalinearrangeof 120dB andis capableof capturing30framespersecondwith aneffective
resolutionof 766x494pixels (Silicon Vision [2002]).

The LARS®III sensoiis basedn a hybrid TFA/CMOS technology TFA (Thin Film on ASIC)
is thecombinatiorof amorphousilicon,whichis anexcellentmaterialfor opticaldetectorsand
crystallinesilicon integratedcircuits. The amorphoussilicon is thenplacedon top of anASIC
(ApplicationSpeci ¢ IntegratedCircuit) which resultsin a vertically alignedhybrid sensoithat
takesadwantageof bothmaterials.

CornventionalCMOS andCCD technologiesiasa maximumdynamicrangeof roughly 70 dB.

LARS Il overcomeghis limitation by splitting the pixel informationinto two separateignals,
bothwith dynamicrangerequirementdelonv 70dB. In this way a dynamicrangeof morethan
120dB canbecovered.Thesensois locally auto-adaptie whichmeanghateachpixel controls
its integrationdurationautomaticallywithin the integrationtime setfor the wholeimage. The
integratedcapacityandtheindividual timestamp(integrationtime) arecapturedn eachpixel as
analogvalues.For readout, the chip thenre-combineshetwo signalsto alinearhigh dynamic
rangeof 120dB. Theresultingimageis 24 bit monochrome.

Noise

The imagescapturedwith the LARS®IIl imagesensordid include more noisethanexpected.
In gure 3.2threeimagess shaving differentbit rangeof a high dynamicrangeimage.It can
beseernthatnoiceis mostpronouncedn thelowestbit of theimagewhichis mostlikely dueto

IHDR Shop, a high dynamicrangeimage processingand manipulationpackagecapableof recovering high
dynamicrangeradiancemapsfrom photographss availablehere:http://www.debevec.org/[HDRShop/
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thatthesepixelsrequirea largerintegrationtime andaretherebymoreproneto noise.It should
alsobe notedthata smallamountof noiseis visible in the highestbit of the spectrum.This is
mostlikely dueto duston the opticsin the camerasincethe samenoisepatternin the highest
bits wasfoundin all capturedmages.

Theseconstantoice pixels were removed by comparingeachHDR imagewith a noiceonly
imageandthenexchangingthe pixelsin the HDR image,wherethereis noice,with oneof its
neighboursixel value. The noiceimagewas madeby obtaininganimagefrom the camera
whereno light wassubmittedinto thelens,leaving only constannoice.

Therestof thenoicewasmoreor lessremoved by applyinga3 1 median lter to theimage.
It shouldalsobe notedthat differentdegreesof quanti cation occursin the lowestbits of the
image.

@) (b) (c)

Figure 3.2: Different bit ranges of an image. In (a) the range is 27 - 219, In (b) the range is 21°
- 2% In (c) the range is 214 - 218,

Sharpness

Thecapturedmageswverenotassharpasonecouldhopefor. Sharpeningters werenotapplied
to theimagedto assurghatnaturalnessvasnotcompromised.

Color

Sincethe LARS®III is a monochromesensarred, greenandblue Iters hadto be appliedin
front of thelensto producecolorimages.This poseda restrictionon whatkinds of sceneghat
could be captured.Sinceeach Iter hadto be placedmanuallyonly staticscenesvereviable
which madeit someavhatdif cult to captureskincolorbecausef subtlemovements.

Dueto each Iters absorptiornof light it wasnecessaryo increaseoverall integrationtime for
theimageto producecolorimagesof acceptableuality Thethreeimagesonefor eachcolor
channelwasthencombinedandwhite balancingwasappliedby manuallyidentifying pixelsin
theimagethatwereknown to be bright white andadjustingthe color channelsaccordingly
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3.3 Important imageproperties

When compressindhigh dynamicrangeimagesfor display on standarddisplay devicesit is
relevant that certainimage propertiessurvive the process. As mentionedabore, the natural-
nessof theimageshouldbe presered so the imageappearghotorealistic.While naturalness
is somavhat dif cult to de ne thereare certainpropertieswhich canin uence the perceved
naturalness.

Detail presewation

Preservingdetail is a goal when compressingHDR images. It canbe seenasa preseration
of local contrastandshouldtake placebothin dark andbright regionsof the image. However
detailmustnotbeenhancedo alevel wherenaturalnesss compromisedThis couldbethecase
if the HDR imagescontainsnoiseandthe compressioralgorithmtreatsit assmall detailand
thereforeenhancingt.

Shadow presewation

Shadws areimportantto the humanvisual systemfor perceptiorof depthandtherebynatural-
ness.If for instanceglobal contrastis decrease@ndlocal contrastincreasedo a level where
thedifferencebetweera shadavedandanunshadeedregion disappearghenaturalnessf the
imagewill sufter.

Color presewation

Colorpreserationis anobviouspropertyfor preservinghaturalnesswhencolorsareunnatural
for known objectsit is quickly discoreredby the humaneye. Sincethe humanvisual systemis

especiallygoodat recognizingskin color it is resonabléo useimagescontainingskin color as
referencdor assesingolor preseration.

Blur

Blurinessis an undesireceffect for resultingLDR images,sinceit makesthemappearout of
focus. Sincetheimagescapturedwith the LARS®IIlI sensorappeared little blurredthey are
challengingor theHDR compressiomlgorithmsin meanf whethertheblurinesss decreased
orincreased.

Halos

Halo effectsareproblemoften encounteredh the areaof HDR imagecompressionThey typ-
ically appeararoundstrongedgesand makesthe imagelook unnatural(see gure 3.3 for an
exampleof halo effects). Halo effectsoccurwhenusinga linear Iter hierachy(eg. animage
pyramid),which doesnot adequatelgeparatene detailsfrom large featuresandthussmooth-
ing over sceneboundariegTumblinandTurk [1999]).
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() (b)
Figure 3.3: (a) image without halo effect. (b) images with halo effect.
3.4 Selectingimagesfor further study
Theabore mentioneddesiredpreseredimagepropertiesandpossibleartifactsof high dynamic
imagecompressionfoundsa basisfor selectingHDR imagessuitablefor testingHDR image

compressioralgorithmsand what to examinein the resultingLDR imageswhen evaluating
thesealgorithms.
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Compressionmethods

In this chaptersomedifferentapproachefor compressingiDR imageswill bediscussedThe
rst sectioncontaingdescriptiorof somesimplemethodsncludingapplyingalogarithmic lter,
using gammacorrectionand a local mappingof pixel valuesbasedon a window aroundthe
pixels.

After thisthethreedifferentmethodsor HDR compressiompresentedt SIGGRAPH2002will
be descibedThe methodsare Photagyraphic ToneRepoductionfor Digital Imagesalsorefered
to asthetonemapmethod,GradientDomainHDR Compessionalsoreferedto asthe gradient
methodandFastBilateral Filtering for theDisplayof HDR imagesalsoreferedio asthebilateral
method.

4.1 Simple methods

Thetaskto corvertanHDR imageto LDR canbedoneusingdifferentapproachesSomeof the
simplemethodswill bediscussedh thefollowing sections.

4.1.1 Linear quantization

Thelinearquantizationlter is thesimplestto reducetherangeof theimage.It canbedoneby
left shiftingthebitsin theimagepreservingnly the 8 mostsignigicantbits. This methodis fast
andcaneasilybedonein realtime.

However this approachgives animagewherenoneof the extra detailsobtainedby the HDR
camerahasbeenpresered, andthereis no reasono useanexpensve HDR cameraarymore.
Furthermorethe outputdoesnot look natural. Especiallythe detailsin the dark regionsof the
imageareremoved.

An exampleof a simplelinearquantizatiorandits histogramcanbefoundin gure 4.1.

Histogram stretching

Sincemostpixelsin theimagearein thedarlkestspectrunof thehistogramit is worth stretching
the histogramleaving the brightestpixel value aswhite, andthe darkest pixel value asblack.
Thisis doneto exploit thefull visible spectrunof intensities.

If thebrightestpixel valuein theoriginalimageis denotedomax andthe darkestpixel is denoted
Pmin, thenew intensityof eachpixel pyy canbecalculatedas:
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x10*

o 0.1 0.2 0.3 0.4 05 0.6 0.7 08 0.9 1

(@) (b)

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

Py Oxy  Pmin (4.1)

Pmax  Pmin

whereoyy is theoriginal pixel.

Insteadof letting pmin and pmax representhe absoluteminimum and maximumvalue respec-
tively, pmin is de ned asthevaluewhere99% of the pixelsin theimagehave a highervalueand
Pmaxis de ned asthe valuewhere99% of the pixelsin theimagehave alowervalue.

Thispreventssingleerrorpixelsto have signi cant in uence ontheclampingof theimage.This
approactalsoclampsoff 2% of thedatain theoriginalimage,but it is notconsidered problem.

Theresultof the histogramstretchedmagefrom gure 4.1 canbefoundin gure 4.2.

1.5

o

(a) (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 this projecthasbeenstretchedn orderto utilize thefull outputrange.
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With the histogramstretchingof the HDR image,the outputof the linear quantizationis still
without detailsat all in the shadav regions of the scene,andalsoin the bright areaslots of
detailshave beenlost.

4.1.2 Logarithmic quantization

Sincethehumanperceptiorof theintensitycanbeapproximatedo thelogarithmof theintensity
ratherthantheintensitiesthemseles(Fattalet al. [2002]), asimple Iter to visualizethe HDR
imagewould beto usethelogarithmof theintensity

Using the logarithm of the intensitiesand doing a histogramstretchingafterwards gives the
resultin gure 4.3.

120001

6000

0 0.1 0.2 03 0.4 05 0.6 0.7 08 0.9 1

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 nov muchmorenaturalandmuchbetterbalancedn the histogranthan
thelinearly quantizedmage.But thequantizatiordoesnotdo arything to presere detailsin the

image.Theextradetailsobtainedby the HDR cameraaresuppresseih thelogarithmquantized
image. Especiallydetailsin thelight regionsof the imageare suppressedAn exampleof this

canbeseenn gure 4.4.

4.1.3 Gammacorrection

A well knowvn methodto reproduceimageswhere details are betterpresered is the use of
gammacorrection. The intensity Ig cansimply be calculatedrom the original intensityl and
thegammavaluegby Ig 19

The gamma-correctiowan be usedto mapa narraw rangeof dark input valuesinto a wider

rangeof outputvalues,with the oppositebeingtrue for highervaluesof input levels. A low

valueof g givesbetterpreseration of detailsin the bright regions,anda high valueof gamma
givesbetterpreseration of detailsin thedarkregions.
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(@) (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 arything intelligent to presere the detailsin the
image,andis thereforgusta simplenon-linearscalefactor

More complex methodsmustthereforbe investigatedo presere the detailscombinedwith a
guantizatiorthe original image. However gammacorrectionwill still be a parameteto useto
adjustthe outcomeof mostof thefollowing approaches.

4.1.4 Windowed histogram stretching

A simpleideaoriginatefrom the earliermentionedhistogramstretching.Insteadof doingthe
stretchingglobally on the entireimage,it canbe donelocally to decideeachpixel's intensity
basedon a histogramstretchingof awindow in the neighborhooaf the pixel.

For eachpixel in the image,the limits for the histogramstretchingis calculatedbasedon a
window aroundthe pixel. Thesizeof thewindow will bea parameteto the method.The pixel
valueitself will thenbe calculatedrelative to the minimum and maximumvalue foundin the
histogramstretchingof thewindow.

Theideais, thateachpixelin theresultingimagewill correspon@lmostcorrectlyto its neighbor
pixelscomparedo theoriginalimage.Howevergloballytheareasof theimagewill beajustedo
the sameintensitylevel. Therebydarkareasof the scenewill be givenahigherglobalintensity
comparedo theoriginalimage,andbrightareaswill be givenalower globalintensity

For a startit mustbe mentionedthatthis methodfocuson the preseration of detailsfrom the
original over how naturaltheimageappear

Percentagecut

In the rst approachhe histogramstretchingof thewindow is performedexactly they way it is
describedearlierfor the whole image. However the minimumvalueis setasthe valuewhere
95% of thedatain thewindow areabove this value,andthe maximumvalueis the valuewhere
95%of thedatain thewindow arebelown thevalue.

An exampleof the resultsof this approachusingtwo differentwindow sizescan be seenin
gure 4.6.

This approachhasa problemon major plain surfaceslike for examplethe surfaceof a table
wherethe changesn intensitiesin the original imagearesmall. If the differencebetweerthe
maximumintensity and minimum intensity in the original window is smallerthanthe range
of the window, too muchstretchingis appliedto the window resultingin the surfacecontours
beeingtoo distinct. In gure 4.6this phenomenoranbe seenonthe middle of thetable.

This phenomenoranbe preventedby changingthe minimum and maximumlimits (pmin and
Pmax) in thewindow whenthedifferencds smallerthantherangeR of theoutputimagewhichis

typically 255. In this casethelimits canbe calculatedasin equatiord.2wherepis the average
intensityof the pixelsin thewindow.

R

R
Pmin H > Pmax M 5 4.2)
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(@) (b)

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

() (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 thesechangegheresultof thewindovedhistogramstretchingcanbeseenin gure 4.7.

However therearestill seriousproblemswith this approach Detailsarepreseredwell in both
dark and bright areasof the scene,but on the edgesbetweenthe dark and bright areasthe
window edgearevery clear Furthermoresxtra edgeshasbeenaddedaroundthe majoredges.
Theseedgeshasawidth of approximatelyhalf the sizeof thewindow size.

Theexplanationfor thisis, thatthe histogramin thewindow is stretchedsothatexactly 10% of
the pixelsin thewindow areclamped.Whena pixel is closeenoughto a majoredgethatmore
than10% of the pixelsareon the otherside,theintensitylevel is adjustedo alevel in uenced
by bothsidesof themajoredge.

Gaussiancut

To avoid theextraedgesn theimagefrom thewindowed histogranstretchinganothempproach
of stretchinghasbeentested. Insteadof calculating pmin and pmax asthe exact valueswhere
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90%of thedataarewithin thesevalues they canbeestimatedasednanapproximatiorof the

histogramin thewindow.

A simplebut crudeapproximationof the histogramwould be a Gaussiamormaldistribution.

With this distribution pmin and pmax canbe approximatedvith the EmpiricalRulein (Anderson
etal.[1999]) to be:

Pmn H 25 Pmax M 28 (4.3)

Givenu is the averageintensityin thewindow, s is the dispersiorand95% of the datashould
be within thelimits given by pmin and pmax  Sincethe normaldistribution approximations a
crudeapproximationt canbe questionedf limiting 95% of the datagivesthe bestresults,and
this shouldthereforealsobe a parameter

With this methodall pixelsin the window will have somein uence on the adjustmendf pmin
andpmax Evenif thepixel is thatfarawvay from amajoredge thatonly onepixel from theother
sideof theedgeis repressenteih thewindow, this onepixel will have somesmallin uence on
the adjustingof pmin and pmax. Therebythewindow edgesarehiddenasin gure 4.8.

() (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 approactintroducessomenew problems.Eventhoughthe edgesof the window
hasbeenremoved thereare still visible halo effects aroundmajor edges. Thesehalo effects
causegletailsin the neighborhooaf majoredgeso be absorbedandtherebynot asvisible as
they wereintendedo be. It will notbe possiblewith thisapproactio remove thesehaloeffects.

Themethoddoesalsoexaggeratéhe saturatiorof the colorsin thedarkareasf theimage.The
reasorfor thisis, thattheapproachdoesnothingto presere theoriginalinformationaboutdark
andbright areaof thescene it only triesto presere the details.

4.2 Photographictone reproduction

Themethoddescribedn this sectionis ThePhotaraphic ToneRepoductionfor Digital Images
(Reinhardet al. [2002]) which was presentedat SIGGRAPH2002. The methodis basedon
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time-testedechniquedrom the ZoneSystemmethodologysedby photographerto developa
new tonereproductioroperator

In the Zone Systemmethodologythe luminancerangesof a sceneareassociatedo a speci c
zonewhich describeghe approximatere ectanceof a print. Thereare eleven print zones,
rangingfrom pureblack (zone0) to purewhite (zonel0), eachdoublingin intensity

The photographerrst takesaluminancereadingof a surfaceperceved asbeingmiddle-gray
whichis the subjectve middle brightnesgegion of the scene.This will typically be mappedo
zone5 which correspondso 18%re ectanceof the print. Next luminancereadingsrom both
light anddarkregionsare usedto determinehe dynamicrangeof the scene.If the numberof
usedzonesarebelow nine, it will be possibleto captureall textureddetailsin the nal print.

4.2.1 The method

Theperceved middle-grayin theimageis with this methodfoundasthelog-averageuminance
by:

Lo ep %é_ logd Ly XYy (4.4)
Xy

whereL,, x y is the world luminancefor pixel xy, N is the total numberof pixelsin the
imageandd is asmallvalue. Theworld luminanceis in this methodobtainedrom the original
R, G andB tripletswithL,, 027R 067G 0 06B. Thescenecanbemappedo middle-gray
usingthe equation:

Lxy _ELny (4.5)
Lw
whereL x y is the scaledluminanceandthe key a is the middle-grayvalue typically setto
0.18. For theimagesfrom the LARS Il cameraa key valueat 0.50 gave muchbetterresults,
sincemuchmoredetailsin the dark areasof the scenewerepresered. Theimagecanthereby
simply betonemappedising:

Lg Xy (4.6)

1 Lxy

This formulaguaranteeto bring all luminancesnto a displayablerangebut thatis not always
desirable . The equationcanbe extendedto allow high luminancedo burn outin a controllable
fashion:

Lxy 1 ILZ%
Lg Xy 1 nywe 4.7)

whereLyhie IS thesmallesiuminancethatwill bemappedo purewhite.
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Untill now the presentedlgorithmis pretty simpleandeasyto implement. However for very
high dynamicrangeimages,importantdetail is still lost. For theseimagesa local tonerepro-
ductionalgorithmthatappliesdodging-and-brning is needed.

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

Dodging-and-brning is typically appliedover anentireregion boundeddy large contrastsThe
sizeof alocal region is estimatedusinga centersurroundfunction at eachspatialscale. This
functionis constructedisingcircularsymmetricGaussiarpro les of theform:

X2 y2

a;s 2

R xys exp (4.8)

p ajs?
Thesepro les operatesat differentscaless. V; cantherebybe computedasthe corvolution of
theimagewith the Gaussians.

Vixys Lxy R Xys (4.9)

The convolution in the useof the algorithmis implementedasa multiplicationin the Fourier
domain.Thecentersurroundiunctioncantherebybe calculatedy:

Vi Xys Vo xys
2as Vixys

V Xys (4.10)
This equationis computedto establisha measureof the locality of eachpixel, andto nd a
scalesy of an appropriatesize. The areato be consideredocal is the largestareaarounda
pixel whereno large contrastoccur The size of this areais computedby evaluatingequation
4.10usingdifferentscaless. Startingfrom the lowestscale thetaskis to nd the rst scalesy
where:

V XySn e (4.11)

In this caseeis athreshold.HerebyV x y s, canbeconsideredhelocal averageof the pixel
X'y . Theglobaltonereproductioroperatorfrom equation(4.6) cantherebybe convertedto:

Lxy

L
Y T Vi xysaxy

(4.12)

Solving this equationfor eachpixel will give the nished tone mappedmage. Figure4.9il-
lustratesthe differencein usinga simple tone mappingoperatorcomparedo the useof the
dodging-and-brning techniques.

Theauthorsof the methodshasreleasedhe sourcecodewhich hasbeenthe basisof thetestof
thealgorithm.
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(@) (b)

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

4.2.2 Parameters

The parameterso the methodsare the 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 Il
cameraandthe default valueat 0.18at otherHDR images.Thevaluesof a1, a, andf wereas
recommendeth thearticlesetto 0.35,0.56and8 respeciiely.

For goodresultsagammacorrectionat alevel betweerD.6 and0.7 wasnecessary

4.3 Gradient Domain HDR compression

Thisapproachs basednthearticle'GradientDomainHDR compression'(kttal etal. [2002])
which describes methodfor compressinghe HDR imageby manipulatinghegradientof the
intensityimage.It will attentuatéarge gradientswhile preservingsmallones.

Thisis accomplishedby creatinga gradientmapof the original HDR image,andthenattenuate
the large gradientsin this map. Herebythe gradientmapof the nev LDR imageis found, the

nal stepisthento nd theimagewhich havethesereducedgradientsThisis accomplishedby

usingapoissorsolver, whichwill nd theimagethatin theleastsquaresensecomesclosesto

having these.

4.3.1 The method

All computationsaredoneon the logarithmof the intensities soinitially the logarithmis ob-
tainedby equatiord.13.d is asmallfactorwhichis neededn orderto avoid log of zero.

Hxy JlogLxy d (4.13)
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As mentionedearlierthe algorithmis basedon compressiorof the gradients this is accom-
plishedby equatiord.14,whereNH is thegradientsof H, F is a perpixel attenuatiorfunction
andG is theresultof NH andF multiplied whichis the reducedyradients.

Gxy NHXxyF xy (4.14)

Ideallyit shouldnow bepossibleto calculatethe LDR imagel, by integrationof equatiord.15,
which statesthat the gradientsof the LDR imagehasto equalG. But unfortunatelyG might
notbeintegrable,soinsteada leastsquaresolutionof theproblemwill befound,speci cally a
poissonsolver will beusedto nd 1.

NIl xy Gxy (4.15)

Gradient attenuation function

Initially themethodof nding the gradientattenuatiorfunctionF x y will bedescribedThis
functionwill becreatedrom thesizeof edgesn theHDR image,sinceit shouldattenuatéarge
edges.

SincetheHDR imagecontainsedgesat multiple scalesandthe algorithmcalculatesa perpixel
attenuationan edgedetectionmethodwill be usedwhich worksin several resolutionsof the
image, nds the edgesattheseresolutionsandpropagateshe attenuatiorthey in ict to thefull

resolutionimage.

Firstapyramidis constructedvheretheoriginalimageH is atthebottomandeachlayerabove
it is half the sizeof the previousone. The numberof layers,d, is chosersuchthatthetop layer
Hq hasawidth andheightof atleast32 pixels.

Thegradientsof eachlevel is now calculatedby applyingequatiord.16.

Hcx 1y Hyx 1y Hexy 1 Hyxy 1
2k 1 2k 1

NHy x y (4.16)
At eachlevel of thepyramidtheattenuatiorfactorf cannow bedeterminedrom thegradients.
The functionfor calculatingthis hastwo parametera andb. Gradientdargerthana will be
attenuated,angradientssmallerthana enlaged. How muchis controlledby b.

a NHe xy P
NHy x y a

fruxy (4.17)
In all testsa hasbeensetto 0.1 timesthe averagegradientmagnitude while b hasbeenset
betweer0.85and0.95.

Thenext stepis to propagateheseattenuatiorfactorsto thefull resolutionimagesizein order
to gettheattenuatiorfactor F, of equationd.14. Thisis accomplishedby the propagatiornrules
belov. Lerp Fx 1 Xy meansthatthe level above the currentlevel shouldbe resizedto the
dimensionf the currentlevel by linearinterpolation.

Faxy faxy (4.18)
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Fkxy LerpFyx1 Xy fyxxy (4.19)
Fxy Foxy (4.20)
This meanghatthe attenuatiorfactorF of thefull sizeimageis calculatedoy beginningatthe

top of the pyramid andthenpropagate¢he attenuatiorfactorsof eachlayerto the onebelov by
multiplicationwith thatlayersattenuatiorfactors.

An exampleof the gradientattenuatiorfactorscanbeseenin 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 compressedradientsG from equation4.14 and
then nd theLDR imagel from theequationG  NI. But asmentionecearliersuchanimage
might not exist, sinceG might not beintegrable.Insteadanimagel will befoundwhich,in the
leastsquaredsensecomesclosesto solvingthis equation.

Theproblemwill besolvedasalinearpartialdifferentialequationof the poissornform:

N2l divG (4.21)

WheredivG is the divergence eld of G de ned in equation4.22 while N2| is the laplacian
operatorde ned in equatiord.23.

16 16,

divG T (4.22)
. I &
N2| % ;qTx (4.23)

N2l will beapproximatedasthelaplacian lter:

Nlxy Ix 1y Ix 1y Ixy 1 Ixy 1 4 xy (4.24)
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While the gradientNH is approximatedisingthe forward difference:

NHxy Hx 1y Hxy Hxy 1 Hxy (4.25)

ThereducedyradientG is now calculatedby multiplying NH andF (seeequatiord.14),which
makesit possibleto calculatedivG, usingthe backward differenceapproximation:

dvG Gyxy Gyx ly Gyxy Gyxy 1 (4.26)

To solve thepoissorequationit is neededo de ne its boundaryconditions.Theneumarbound-
ary conditionwhich stateshatthe derivative aroundtheimagegrid is zero,will be used.This
impliesthatforexamplel 1y 10y 0.

Solving the poissonequation

The poissonequationcannow be solved for the low dynamicrangeimagel. This is accom-
plishedusingthe“rapid poissorsolver” describedn (Pressetal. [1993]).

This poissonsolver exploits thefactthatthereis a simplerelationshipbetweerthe cosinetrans-
form of divG andthe cosinetransformof the outputimagel, whenthe poissonequationhas
neumanrboundaryconditions.This relationshipcanbe deducedy looking atthede nition of
theinversecosinetransformandreformulatingthe poissorequation:

divG andl s relationshipwith their cosinetransformsdivG andi canbe describeds:

J L ;
divG j | ggé_ & divG mn cos pJm cos pln (4.27)
‘JLmOnO J L
: 229 & - ' |
[l ——aalmncospjm cosp n (4.28)
‘JLmOnO L

Theprimenotationin theseequationssignalsthatthe termsfor m=0, m=J, n=0 andn=L should
bemultiplied by 3.

By combiningequatiord.21and4.24the poissonequationcanbe formulatedas:

Ix 1y Ix 1y Ixy 1 Ixy 1 4 xy divGxy (4.29)

If equation4.27 and4.28is substitutednto this equationthe cosinetransformi of | canbe

foundas: .
N divG mn
I mn 4.30
2 cos &5 cos B2 (4.30)

It is now possibleto solve for I, sincethereis threeequationsvith threeunknavns:

1. ComputediQG asthecosinetransform:

COoSs

J oL -
dvG j1I & & dvGmncos 21T pln (4.31)
m O0n O J L
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2. Computel from equation4.30.

3. Compute from theinversecosinetransformin equatiord.28.

The cosineandinversecosinetransformcanbe calculatedusingthe “FastCosineTransform”
from (Pres=etal. [1993]).

Theonly problemwith usingthis algorithmis thatit requiresaninput arraywherebothdimen-
sionsizesarea power of 2 plus 1. Thisis accomplishedy paddingthe logarithmimageused
in thismethod.The paddingwill bethere ection of theimagearoundits original edge.

Thisshouldnotin uence theoutputof themethodsinceit will notintroduceary largergradients
thanwhatalreadyexists, or changethe averagegradientsizesubstantiallyAn exampleof such
apaddedmagecanbeseenn gure 4.11.

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

Creatingthe color image

As mentionedearlierthe algorithmworks on the logarithmof the intensities.Sotheresultl is
thelogartihmof theintensitiesof theLDR image.Therefortheactualintensitiescanbeobtained

by applyingexp onl.

Finally the colorimagecanbe madeby applyingequation4.32to eachof the color channels
C=RG,B. Lj, andL, denotaheintensitiebeforeandafterthemethod while sis thesaturation
of thecolorchannels.

Cin S

C —
out Lin

LOLI (432)

Valuesof s betweerD.4and0.6 hasprovento provide satishctoryresults.

Finally it shouldbe notedthatin oppositionto the othercompressiomethodshis onedoesnot
requiregammacorrection.



29

4.4 Fastbilateral Itering

FrédoDurandand Julie Dorsey presentin the paper‘FastBilateral Filtering for the Display
of High-Dynamic-Rangémages”(DurandandDorse [2002]) a methodfor compressingpigh
dynamicrangeimagesbasedon bilateral ltering. The methodreducesontrastwhile preserv-
ing detailandis basedon a two-scaledecompositiorof the imageinto a baselayer, encoding
large-scalevariationsanda detail layer Only the baselayer hasits contrastreduced thereby
preservingletail. The basedayeris obtainedusinganedge-preservindter calledthebilateral
Iter. Thisis anon-linear Iter, wherethe weight of eachpixel is computedusinga Gaussian
in the spatialdomainmultiplied by anin uence functionin theintensitydomainthatdecreases
the weightof pixelswith largeintensitydifferences.This resultsin a Iter thatblursthe small
variationsof a signal(noiseor texture detail) but preseresthe large edges.It is shaved how
bilateral ltering canbeacceleratedby usinga piecavise-linearapproximationn theintensity
domain.

4.4.1 Bilateral Filtering

Bilateral Itering wasoriginally developedby Tomasiand Manduchi(Tomasiand Manduchi
[1998)). It is anon-linear Iter wherethe outputis a weightedaverageof theinput. They start
with astandardsaussianltering with aspatialkernel f (see gure 4.12). However, theweight
of a pixel alsodependsn edge-stoppindunctiong in the intensitydomain,which decreases
theweightof pixelswith largeintensitydifferencesTheoutputof the bilateral Iter for a pixel
swith intensityls, whereWis thewholeimage,is then:

1
J — fp s glp Is I (4.33)
ks b W
wherek s is anormalizationterm:
ks &fp s glp Is (4.34)
p W

In practice,a Gaussians usedfor f in the spatialdomain,anda Gaussiarfor g in the intensity
domain: ,

g x e’
Thereforethevaluesatapixelssis mainlyin uencedby pixelsthatareclosespatiallyandhave
asimilarintensity(see gure 4.12). Theresultingimageis blurredwhile still preservingedges

(see gure 4.13for illustrationof animagebeforeandafterbilateral ltering).

4.4.2 Piecewise-lineaBilateral Filtering

A convolution suchas Gaussianltering canbe greatlyacceleratedising FastFourier Trans-
form. A O n?> corvolution in the intensitydomainbecomesa O n multiplicationin the fre-
gueng domainandsincethediscreteFFT andits inversehave thecostO nlogn , it is consid-
erableperformanceagainto performGaussianltering in the frequeng domain. This stratgy
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(@) (b) () (d) (e)

Figure 4.12: Bilateral ltering. (a) input. (b) spatial kernel f. (c) inuence g in the spatial
domain for the central pixel. (d) weight f g for the central pixel. (e) output

(@) (b)

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

cannotbeapplieddirectly to bilateral ltering becausét is notaconvolution, sincetheis Iter
signaldependanbecaus®f theedge-stoppingunctiong I, s .

Given equationd4.33for a xed pixel sit is equivalentto the corvolution of the functionH's :
p glp Islpbythekernelf. Similarily, thenormalizatiorfactork is the corvolution of the
functionGs:p g Ip ls by f. Thatis, theonly dependenconthepixel sis thelsin g. This
allows for thefollowing acceleratiostrat@y: the setof possiblesignalvaluesis discretizednto
NB_SEGMENTSvalues{i/} andalinear Iter Wis computedor eachsuchvalue:

. 1 ° r
J! —afp s glp il I
S ki's "W
1 o i
= j
o afp sH (4.35)
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and

afp sGp (4.36)

The nal outputof the Iter for a pixel sis thena linearinterpolationbetweenthe outputhj
of thetwo closestvaluesi! of Is. This correspondso a piecavise-linearapproximatiorof the
original bilateral Iter . See gure 4.14for apseudacodedescriptionof this approach.

PiecewiseBilaterallmagel, spatialkernelfs_, intensityin uence gs,)
for j=0..NB_SEGMENTS+1
il =min(1)+j (max()-min(1))/NB_SEGMNETS

G g (I i) I* evaluategsigma ateachpixel */
KI Gl /* normalizatiorfactor*/
Hi Gl /* computeH for eachpixel */
HI H s,
Jo HI K /* normalize*/
J J J InterpolationVigth( il s;)

returnd

Inter polationWeigth(iImagel, discreteintensityi, intensitydistances )
for all pixelsp |

if (sy, absp i O thenp O

elsep p sy
returnl

Figure 4.14: Pesudo-code of the piecewise-linear acceleration of the bilateral Iter ing. Op-
erations with upper cases such as G/ Osigma | il denote computation on all
pixels of the image. denotes the convolution, while 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(l)-min(l))/s;.

4.4.3 Contrast Reduction

Contrastreductionusingbilateral ltering is basedon a two-scaledecompostiorof the image
into abaseanda detaillayer Thebasdayeris computedusingbilateral Itering, andthe detalil
layeris computedby subtractingthe baselayer from the input intensitylayer The baselayer
thenhasits contrastreducedwhile the detail layeris unchange@ndtherebypreservingdetail.
Thebaseandthe detaillayeris thenaddedtiogetherto producethe outputintensityimage. The
basdayeris compresseth thelog domainby usinga scalefactorwhichis computedsuchthat
thewholerangeof the baselayeris compressetb a usercontrollablebasecontrast(see gure
4.15for anillustrationof thebaseanddetaillayerfor the memorialimage).
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(a) (b)

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

Colorimagesaretreatedby performingcontrastreductionon the log of the intensity of pixels
andrecomposinghe colorimagesafterreductionasdescribedn (Schlick[1994]). See gure
4.16for theresultingoutputimagefrom compressinghe memorialimage.

DurandandDorse saythatabasecontrasiof 5 workedwell for all theirimagesput onemight

wantto vary thethesettingfor imageswvherelight sourcesrevisible. Thescales s of thespatial
kernelhaslittle in uence ontheresultingimagesandis thereforepossibleto setat a constant
valueof 2% of theimagesize. Also, s, waspossibleto setto a constantalueof 0.4, whichis

importantsinceit is notdesirabldo have theusercontrolcomplex parametergor thealgorithm.
The imagesgeneratedn this projectusing bilateral Itering useda basecontrastof 5 anda

gammacorrectionbetweer2.0and?2.5.
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Figure 4.16: Memorial ouput image after high dynamic range compression using bilateral |-
tering.



CHAPTER

Tests

To testthe algorithmsdescribedn the previos chaptera digital anda paneltestwill be made.
Thedigital testwill measurehe quality of the compressedmagesby digital measureswhile
the paneltestwill be a surney wherea numberof peopleare asled abouttheir opinion of the
compressednages.

The idea of makingtwo testsis that the digital testsscalesto a larger numberof imagesa
lot betterthanthe paneltestwill. So basiclythe paneltestwill be usedto verify the digital
measureshy comparingthe two approachesutput. If it is veri ed it is thenpossibleto apply
the digital teststo moreimages,andtherebyget a larger foundationfor draving conclusions
aboutthe performancef the algorithms.

5.1 Image properties

Thesetestwill try to comparehe samepropertiesof thecompressednageswhichwill be:

* Detaillevel in darkandbrightregionsof theimage.
» How blurreddoestheimageappear

» How naturaldoestheimageappear

Thedetailpreseration of the compressednagess of courseavery importantaspecto look at
whencomparingHDR compressiomlgorithms becauséhe purposeof makingHDR imagess
thatthey canhave detailsin brightanddarkareasatthe sametime.

It hasbeenchoserto divide this comparisorinto two comparisonshy looking at detaillevel in
thedarkandbrightregionsseparatelyThis is donebecausé is suspectethatthecompression
algorithmsmight presere detailsin oneof theseregionsbetterthanin the other partly because
all thecompressiomlgorithmsarebasednthelog of theHDR image wheredetailsin thedark
regionsareampli ed over detailsin the bright regions(seesectior4.1.2).

Theblurrinessof the outputof thealgorithmswill alsobeexaminedsinceit is expectedhatthe
compressiomlgorithmsmight createa moreblurredimage.

Finally the naturalnessf theimageswill becomparedBy naturalnessve meanhow well they
portrayarealisticsituation,not necessariljnov well they representhe original situation. This
approximationis necessarypecausen mostpicturesit is not possibleto recreatethe original
scene.
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5.2 Image selection

To testthe algorithmsit is necessaryo selectsomeHDR imageswhich will be compressetyy
thealgorithms andcomparedn thetests.

It is importantthat theseimageswill representhe measuregivenin the previous section,so
they shouldhave detailsin the bright and dark regions and therehasto be somethingin the
imagefrom whichyou canmeasureaturalism.

Theimagesvisualizedin gure 5.1 hasbeenmadefor this test. It shouldbe notedthatthese
HDR imagesarejust visualizedby the logarithmof the intensities sonot all detailsareshavn
(seesectiond.1.2for detailsaboutthe logarithm).

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

The subjectof sceneb.1(a)waschosernbecauseat hasdetailsin the foreground,wherethe sun
is shiningthroughthe window, andin the shadavs in the background.The plantwasaddedto
give areferencdo the naturalismof the image,andthe checlerboardwasincludedto seehow
thealgorithmsdealswith sharpedges.

Sceneb.1(b)waschoserbecausat includesa hand,which is a goodreferenceor measuring
naturalismsincehumangeactstronglyto changesn skin color (Reaetal. [1990]). Theimage
alsohasdetailsin boththe brightanddarkregions.

Thesemageswill betheonesusedfor the paneltest,while the digital testwill alsoincludethe
imagesshavnin gure 5.2.

5.3 Optimizing compression

All of the threemethodsfor compressingmageshasone or more parametersvhich mustbe
adjustedn orderto obtainanacceptableompressionThis is avery dif cult problemsinceit
addsagreatdealof compleity to thetaskof comparinghe differentmethodswith eachother
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@)

(b) (©)

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 imagescompressewvith
differentparametergnterinto thefollowing comparisonHowever this methodologywill scale
thenumberof comparisonsiramaticallyandis therefornot consideredealisticfor this project.

Insteadthe parameterso themethodshasbeenchangedy handin suchawaythattheoutcome
imagesis judgedto be asgoodaspossible. It is well-known, thatthis is not the optimal way
to setthe parameterssinceit addstherisk of judging parameteisettingsover comparingthe
differentmethods.

5.4 Digital tests

In thedigital testsit will beattemptedo comparghealgorithmswith regardto all themeasures
mentionedn the previouschapter

Theonly measureghatwill not becompareds naturalismsinceit hasnot beenpossibleto nd
or developary methodof measuringhis.

Thedigital testswill all work on theintensitiesof the testimages.This will suppresgdgesn
the imagewhich aredueto pixelsthatlie besideeachotherandhave very differentcolor but
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almostthe sameintensity This is consideredo be a small problem,sincemostedgeswill be
presenin theintensityimage.

5.4.1 Detalil test

Thepurposeof thistestis to calculateametricwhich canbeusedio comparamageswith regard
to the property“detail level in brightanddarkregionsof theimage”.

As an approximationto making that comparisona test hasbeendevelopedwhich createsa
histogramshaving detaillevel asafunctionof theintensityregionthey occurin. To createsuch
ahistogramijt is necessaryo have ameasur@f detailsandto have areferencemagespecifying
which partsof thetestimageis includedin which intensityregions.

Thereferencamagealsohasto have the propertythatit will be commonto all imageswhich
areacompressiomf thesameHDR image,if theseareto becompared.

The histogramis thenmadeby summingthe detail measureof detailsthat occurat the same
intensitylevel of thereferencémage,andaddingthis sumto thehistogramatthe positionspec-
i ed by thatintensity Soif thedetailsarein aregionwheretheintensityof thereferencemage
is 127,thesumof their detailmeasuresvill beaddedo the 127thcolumnof the histogram.

Thedetailmeasuravill bebasednthesizeof edgesn theimage.This meanghatsmalledges
will be consideredmalldetailsandlarge edgedarge details.

The edgeimagewill be madeby applying a vertical and a horizontalsobel lter on the test
image,andthenaddingthe absolutevaluesof these. The detail measurds thencalculatedas
thelog of thevaluesin this edgeimageplusone. This detailmeasuravaschoserbecauseavith
thisapproactsmalldetailswill still make adifferencewhile, of courseweighinglessthanlarge
ones. Preliminarytestshave also shavn this to be a good approximationto perceved detail
level.

The referenceimagewill be madeby applyinga 15 by 15 median lter on the logarithm of

the original HDR intensityimage. Herebyan imageis createdwheremostdetailshave been
removed by the median Iter , while intensityregion edgesarestill presered. Thelog imageis

usedasthebaisfor creatingthis referencesinceit givesagoodestimateo perciezedbrightness.
An exampleof suchanimagecanbeseenn gure 5.3.

Thehistogramcannow be createdrom thefollowing pseudacode:

DetailHistogram(Intensitylmage,
Reflmage){

HorizontalEdges = HorizontalSobel(Intensitylmage);
VerticalEdges = VerticalSobel(Intensitylmage );
Edges = |HorizontalEdges| + | VerticalEdges|;

for(i = 1:NB_PIXELS)
Histogram (round (Reflmage(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 Iter has been applied.

Detail

50 100 150 200 250
Reference intensity

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 the outputof thistestcanbeseenn gure 5.4.

This detail histogramcanonly be usedto compareHDR compressioralgorithms,wherethey
areshovn in thesame gure, which will male it possibleto seeif oneis doing betterthanthe
other

Relative detail histogram

Thisis mainly dueto thefactthatthey axishasno valueonecanrelateto. The approacthave

thereforbeenextended sowe now divide the outputdetail histogramwith the detail histogram
of thelogarithmof theHDR image.Herebythey axiswill be percevedlevel of detailcompared
to thelogartihmof the original HDR image.Theresultof thiscanbeseenin gure 5.5.

As a nal modi cation to the histogramthelineswill be smoothedy applyinga gaussiarblur
Iter with a size of 10 anda standarddeviation of 3. This is donein orderto visualizethe
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1.6
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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)

differencedetweerthealgorithmsbetter An exampleof a comparisorof the algorithmsusing
this methodis shavn in gure 5.6.

— Gradient
250 — Bilateral
— Tonemap
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. . . . .
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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 127 hasbeensetasthelimit betweertheseregionsin the histogram.A detail
scorefor theseregionsis thencalculatedby nding the areabelov andthenabore 127 of the
functionsin the normaldetail histograms.Herebya scorefor dark andonefor bright areasof
eachoutputimageis found.

In the testsboth the normaldetail histogramandthe smoothedelative detail histogramwill be
made. The normaldetail histogramwill be usedto give anoverviewn of the level of detailsin
thedifferentintensityregionswhile therelatve detailhistograms usedto comparehemethods

in theintensityregions. Thesehistogramsareneccesaryo be ableto analyzetheresultsof the
abore mentionedscore.
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5.4.2 FFT test

The purposeof this testis to investigatehow detailsarekeptin theimage,by looking at what
happensn the fourier domainwhenthe HDR imageis compressedlf detailsarelost this is
typically shavn in thefourierdomainby thelossof somehigh frequeng contentwhich have a
low amplitude.

Testshave shawn thatit is very hardto make ary conclusiondbasedon comparingthe FFT of
arandomHDR imageandthe compressedersionof it. The FFT imagesdooksvery different.
It hasthereforebeendecidedo basetheteston somegeneratedtHDR imageswhich consistof
known frequencies.

Thesegeneratedmageswill consistof alarge sinewith alow frequeng addedto a smallsine
with ahighfrequeng. Theamplitudeof thesmallsinewill thenvaryin differenttestimagesjo
seewhenit is lostby theHDR compression.

Both of thesignalswill gofrom left to rightin theimage.Thelargesignalwill have afrequeng
of 1 period acrossthe imagewidth, while the frequeng of the small sine will vary, but be
substantiallylargerthanthis. An exampleof sucha signalcanbeseenin gure 5.7.
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Intensity
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0 . . . . . .
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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

Theimagesin thetestwill have the dimension600 by 200, but asmentionedearlierthey will
only vary acrossthe width of theimage. Thereforonly oneline of the outputimageswill be
illustratedin theresultssection.

Thechosenfrequenyg andamplitudecontentof the smallsignalin thetestimageswill vary as
describedn table5.1. Thetestimageswill have adynamicrangeof 16.000.000meaningthat
thelarge signalwill have anamplitudeof 8.000.000.

An exampleof atestimageandits FFT spectruncanbeseenin gure 5.8. The FFT spectrum
is justvisualizedby shawing oneline sincetheimageonly variesin onedirection.

IdeallytheHDR compressiomlgorithmsshouldkeepboth sinessotheir fft spectrunshouldbe
similarto theoneof gure 5.8,exceptthelargepeakatx 1 shouldbesmallercomparedo the
oneatx 123.
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Image | Amplitude | Frequeng
Imagel 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

log(|[FFT(image))) . -
~ e © o =

(=2}

50 100 150 200 250 300
Frequency

() (b)

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 the sinesarekeptin the FFT spectrumijt is necessaryo make two

comparisonsOnethatcomparesheheightof the spikesthatoccuratthetwo frequenciesom-

paredto the noiselevel, andonethatcompareghe width of thesespikes. The rst comparison
speci eshow signi cant thefrequeny is, while the width of the peakspeci eshow mary ad-

ditional frequencieshave beenintroduced. The nal resultof the testwill thenhave to be a

weighedaverageof these.

5.4.3 Blur test

An importantparametern estimatingthe perceved naturalismis to measurehow blurredan
imageappearsin orderto do thisthemethodof (Marzilianoetal. [2002]) hasbeenselected.

This methodcalculatesa no-referencestimateof the percevedblur of animage.This estimate
is basedon the smoothingeffect of blur on edges.The measures thenthe averagehorizontal
spreacdbf verticaledgeswhichwill belargefor imageshatappeardblurred.
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Themetricis calculatedby applyinga verticalsobel Iter ontheinputimageandthen nd the
averagehorizontallengthof thelinesin this new image whichwill belargefor ablurredimage.
This approachs outlinedin thepseudacodebelow.

MeasureBlur(Image){
Edges = VerticalSobel (Image);

for(y = 1:Height)
for(x = 1:Width)
if (Edges(x,y) !'=0 ) //if there is an edge
Length = 0;
while (sign (Edges(x,y)) == sign (Edges(x+Length,y)))
Length += 1; //find length of edge in pixels
SumEdgelLengths += Length;
NbEdges ++;
X += Length;

return SumEdgelLengths / NbEdges;
}

In this testan additionhasbeenmadeto the procedurewhich is to calculatethe blur in both
directionsandthentake the averageof thesenumbers.This is accomplishedy rst applying
themethoddescribedbove, thentranspos¢heimageandapplythe methodagain. The average
of this horizontalandverticalblur is thencalculated.

5.5 PanelTest

The purposeof the paneltestis to studythe obserersability to discriminatethe threedifferent
methodsdescribedn the previous chapters Furthermoret shouldbeusedto nd outwhich of
themethodghatarebeston the previous mentionectriteria. Theseare:

 Detail preserationin darkandlight areasof thescene.
* How blurredtheimageis

* Naturalnes®f theimage

A majorproblemwith theHDR imagess, thatit isimpossibleo let obserersjudgetheoutcome
imagesfrom the methodscomparedo the originalimagein high dynamicrange sinceit is not
possibleto reproducehe HDR imagesto the obserer without usingoneof thesemethods.

A solutionto this problemwould beto let the obserer watchthe scenean reality. Therebythe
obsererwouldbeableto judgetheresultingimageof amethodbasedn hisown understanding
of thescene.

However this approachhassomeproblems. First of all it is necessaryo re-createthe scene
exactly how it looked whenthe imagewastaken. Onimagescontainingsunlight this will not
be possible,sinceit will take sometime from the imageshasbeentaken till the imageshas
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beenselectedandtherebyprocessedIn this time the weatherconditionsmight have changed
the sceneandthe sunwill beshiningonthescendrom anotherangle.

In anarrangemenin thelaboratoryit shouldbe possibleto obtainexactly the sameconditions.
However thisarrangemenivould occuyy thelaboratoryfrom the daytheimageshasbeentaken
till theobserersareto judgetheresultsof the methods.

Insteadthe obserer is asled to comparepairs of imagesgeneratedrom the three different
methodsat atime. Thenit is possibleto nd outwhich of the two methodscomparedo each
otheris bestin theindividual cateyories,andthereby nd the bestmethodin eachcatayory. A
screershotof thecompareprogramcanbeseenn gure 5.9.

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

Within animagesessiorevery obserer makes11 pairedcomparison®f whichthetwo rst are
practicetrials. The presentatiororderof the pairedimagesare randomlydetermined.Every
methodis comparedvith every othermethodtwice, oncein eachorder Every methodis also
comparedo itself to determinethe rate of imagesudgedto be differentwhenin factthey are
thesame.Thisresultwill indicateif theobserer is ableto distinguishtheimagesatall.

Method1 Method2 | Tonemap| Gradient| Bilateral

Tonemap GroupO | Groupl | Group2
Gradient Groupl | GroupO | Group3
Bilateral Group2 | Group3 | GroupO

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.

Thenine pairedresultsfrom eachimagesessiorcanbeinsertednto atablelike table5.2. The
resultsaredividedinto four groups:GroupO is a controlgroup,groupl containscomparisons
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betweerthe Tonemapmethodandthe Gradientmethod group2 containscomparisonbetween
the Tonemapmethodandthe Bilateral methodandgroup 3 containscomparisondetweenthe
Gradientmethodandthe Bilateralmethod.

Eachgrouphasa setof subgroupskg. Group2 is acombinationof the comparison§onemap-
BilateralandBilateral-Tonemap.

In groupl, 2 and3 the combinedsamplemeancanbe calculatedrom the samplemeanin the
two subgroups andb asin equatiornb.1sincethe samplesizeareequalin thetwo groups.

Xa_ %

T2

(5.1)

Also the samplestandarddeviation canbe calculatedrom from the two subgroupssincetheir
samlesizeareequal:

S %—ZS% (5.2)

Thesenformationscanbe usedlaterfor the hypothesigest.

5.5.1 The questions

To eachpairedcomparisorthe obserer is asked the following questionsn the Danishtransla-
tion to thetwo givenimagesnamedA andB:

1. Whichimagehasbestpreseration of detailsin the darkregions?

2. Whichimagehasbestpreseration of detailsin the bright regions?

3. Whichimagehasthebestpreseration of sharpnesfeastblurred)?

4. Which of thetwo imagess mostnatural?
Eachquestiorhasthe following sevenpossibleanswersA mud better, A better, A a bit better,
Equallygood B a bit better, B betterandB mud better Bewarethateachquestionis madein
away thatthe obserer shouldjudgethe positve of thetwo images.Theanswersaretranslated

to aseven-pointscalefrom 3to 3whereA mud betteris 3, Equallygoodis 0 andB mud
betteris 3.
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5.5.2 Hypothesistest

The paneltestswill be performedwith morethan30 differentobserers. This givesmorethan
60 obserationsin eachgroupandis thereforassumedo be a Large-Samplecaseaccording
to (Andersonet al. [1999]). The samplingdistribution of X canthereforbe approximatedy a
normalprobability distribution.

For eachgroupit mustbetestedf oneof themethoddasbeernpreferredsigni cantly againsthe
other Sinceanequallypreferredresulthasthemeanvaluep 0 atestfor signi cant difference
canbetestedwith thefollowing null andalternatve hypothesis:

Ho:p O
Ha:p O
Thelevel of signi cancehasbeenchosery allowing amaximumprobabilityof makinga Type

| errortobea 005. This meanghattherewill be a0.05 probability of concludingthatthe
meanis not 0 whenin factit is.

Accordingto (Andersoretal. [1999]) theteststatisticis:

X
=

(5.3)

(7]
=]

wherexX is the samplemeanfrom theresults,u is 0, s is the samplestandardieviation andn is
the numberof samplesin groupO n will bethreetimesthe numberof obserersin thetest.In
the othergroupsn will betwice thenumberof obserers.

Sincea 0052z, , canbefoundin (Andersonetal. [1999]) to be 1.96. Using the two-tailed
Hypothesigestthe null hypothesisanthereforberejectedf

Z  Zyo Z Zyo (5.4)

For groupO containingthe controlresultswhereequalimagesarecomparedthenull hypothesis
is expectedto be acceptedmeaningthatthe resultsfrom the paneltestalsore ects the equal
images.Thehypothesidestof groupl, 2 and3 will tell if oneimagein thegroupis signi cantly
preferredagainstthe other but if the null hypothesiss acceptedjt meansthat thereare no
signi cant differencebetweerthetwo methods.

In orderto geta morepreciseestimateof in which intenal the meanvalueis in the 95% con-
dence intenal will be calculatedfor all comparisons.This intenal speci es a meanvalue
intenval in which thereis 95% probability that the actualpopulationmeany lies within. The
intenal canbe calculateby equatiorb.5.

X Zy o (5.5)

:|‘ v

With this con denceintenal it is possibleto usethe meanvalueasa measureon how much
betteronemethodwereover anotherif thetwo methodsverenotequal.
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CHAPTER

Intr oduction

The threecompressiomethodsdescribedn the Method part hasbeenimplementedandthe
testshasbeenappliedto the methods.

The Tonemapmmethoddescribedn section4.2 hasbeenimplementedasedn the sourcecode
releasedy the authorsof the method. The othertwo methodshasbeenimplementedentirely
from scratch.The outputimagesirom the methodsareshavn in AppendixA on page77.

This partpresentghe resultsof the testsdescribedn chapters on page34. First the resultsof
thedigital testswill be presentedollowed by theresultsof the paneltest.



CHAPTER

Digital tests

The digital testsdescribedn section5.4 hasbeenperformed,andthe resultsaredescribedn
this chapter

7.1 Detall test

The detailtestwasperformedto digitally evaluatethe threecompressioralgorithmsability to

produceadetailin darkandbrightregions.In thefollowing sectionsthedetailhistogramandthe
relative detail histogram(seesection5.4.1on page37) is shavn for eachimage. While both

histogramscover the entireintensityrangeit is neededo estimatethe amountof detailin dark
andbrightregions.Detail in darkregionsarethreeforebeingidenti ed by looking atintensities
approximatelybelov 127 andbright regionsby intensitiesabove 127. For eachimage,atable
is shaving thedetailscoreqseesection5.4.1on page37) for eachalgorithmrespectrely.

7.1.1 Table

In gure 7.1,thedetailhistogramandtherelative detailhistograms shavn for the Tableimage.
It canbe seenthatBilateralhasthe mostdetailtill aroundanintensitylevel of 70, afterwhich it

hasthe lowestamountof detail. Tonemapseemso exhitbit oppositebehaiour of Bilateral,in

the sensdhatit hasthelowestamountof detailin darkregionsandfor intensitiesin therange
130-220it hasthe mostdetail.

Detail in darkregions | Detailin brightregions
Tonemap| 551 10° 754 10°
Gradient | 592 10° 713 10°
Bilateral | 601 10° 688 10°
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,the detail histogramandthe relative detail histogramfor the Foyerimagecanbe
seen.In theintensityrange0-80, Gradienthasmostdetailoverallandabove thisrangeGradient
andTonemagareroughlythesame While BilateralhasmoredetailthenTonemagor intensities
belav 70, it haslessdetailfor intensitiesabove. Thereforeit is not clearwhich of the two has
themostdetailin darkregions.
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Figure 7.1: (a) Detail histogram for the Table image.(b) Relative detail histogram for the Table
image.
Detailin darkregions | Detailin brightregions
Tonemap| 721 1C° 513 10°
Gradient | 830 10° 508 1C°
Bilateral | 761 10° 435 10°
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,thedetail histogramandtherelative detail histogramfor the Memarialimagecan
beseen.Gradientclearlyhasthe mostdetailsin darkregions. TonemapmndGradientbothhave
rangesn thebrightregionswherethey have the mostdetailrespectrely.

Detail in darkregions | Detailin brightregions
Tonemap| 116 1C° 305 10°
Gradient | 127 10° 293 10°
Bilateral | 119 10° 281 10°
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,thedetailhistogramandtherelative detailhistogranfor the BelgiumHouseimage
canbeseen.Gradientclearlyhasthe mostdetailsin darkregions. It canbehardto tell from the
relative detail histogramif Gradientor Tonemaphasthe mostdetail in the bright regions, but
from thedetailhistogramit canbe seernthatGradienthasthelargestamountof detailin regions
wheremostof the detailis present.

7.1.5 Vine Sunset

In gure 7.5, the detail histogramandthe relative detail histogramfor the Vine Sunseimage
canbeseen.Again, Gradienthasthe mostdetailsin bothdarkandbrightregions. Tonemaghas
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Detail in darkregions | Detailin brightregions
Tonemap| 134 1C° 968 10°
Gradient | 186 10° 103 10°
Bilateral | 152 10° 912 10°
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 darkregionshut is very closeto Bilateralin brightregions.

Detailin darkregions | Detailin brightregions
Tonemap| 124 10° 781 10°
Gradient | 192 10° 971 10°
Bilateral | 178 10° 768 10°
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 canbe concludedhatthe Gradientmethodis bestatpreservingdetailin dark
regionsdueto beingbestin 4 out of 5 images.Bilateralis second-besit preservingdetailsin

darkregionsand Tonemaps the worst. For bright regions, Tonemagpis the bestin 3 out of 5

imageswith Gradientbeingbestin 2 out of 5 images.Bilateralis 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 testis devided into sections,whereeachsectioncompareghe algorithms
outputof oneimage. The comparisorwill be basedon shaving one horizontalline of the
outputimage,andits FFT spectrum.This is donesincethe imagesonly vary in the horizontal
direction.

In eachof the sectionst will beanalyzedf theimageshave keptthetwo frequenciegrom the
HDR imagein the FFT domain(seegure 5.8on page41),andif thereis ary artifacts.

7.2.1 Imagel

In gure 7.6theoutputof the compressioralgorithmsonimagel is shavn. In thisimagethe
amplitudeof thesmallsineis 1% of thelarge sinesamplitude while thefrequengy is 123periods
overtheimagewidth.

Onthis imageit canbe seenthatall the algorithmshave peaksatx 1 andatx 123in the
FFT domain,meaningthey have presered someof bothsignals.

The bestcompressiorappeargo be madeby the bilateralmethod,sincethe signalatx 123
appearso beabit narraver thanthatof thetonemapmethod meaningheoutputof thebilateral
methodis closerto just containingthetwo frequencies.

The gradientcompressiorsuffers from severe artifacts. It representshe orignal imagevery
poorly. In the FFT domainthis canbe seenby the factthatthereis 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 Image?2

In gure 7.7 the outputof the compressioralgorithmsonimage?2 is shavn. In thisimagethe
amplitudeof the small sineis 0.1% of the large sinesamplitude,while the frequeng is 123
periodsover theimagewidth.

Hereit seemghetonemapmethodis doingthe bestjob, sincethe peakatx 123in the FFT
spectrumappearso bestrongerthanthe onefrom thebilateralcompression.

Thegradientcompressiomgainsuffersfrom someartifacts.In the FFT spectrunthefrequenyg
atx 123is slightly visible, but againthereis alot 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 7.8theoutputof the compressioralgorithmsonimage3 is shavn. In thisimagethe
amplitudeof the smallsineis 0.001%o0f the large sinesamplitude while the frequeng is 123
periodsover theimagewidth.

In thisimagenoneof the methodshave preseredthelow amplitudesignal. Soonly the preser
vation of the large signalcanbe compared.The bilateralmethodseemso presere this best
sincethesignalis narraverin FFT domain,meaninghe outputof the bilateralmethodis closer
to justcontainingonefrequeng.

Thegradientmethodis againtheworstfor the samereasorasdescribedn section7.2.1.
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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 7.9the outputof the compressioralgorithmsonimage4 is shavn. In thisimagethe
amplitudeof thesmallsineis 1% of thelargesinesamplitude while thefrequeny is 266 periods
overtheimagewidth.

In this imagethe bilateralmethodseemdo have the bestpreseration of the two frequencies,
closely followed by the tonemapmethod. The problemwith the tonemapresultis that the
peaksare wider thanthoseof the bilateralmethod. The gradientmethodhaspresered both
frequenciesbut notaswell asthe otheralgorithms andstrongartifactshave beenintroduced.
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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 7.10the outputof the compressioralgorithmson image5 is shavn. In this image
theamplitudeof the smallsineis 0.1%of thelarge sinesamplitude while thefrequeny is 266
periodsover theimagewidth.

The tonemapmethodappeardo be the one that have presered both signalsbestin this test
image,sinceit hasastrongempeakatx 266thanbilateral.

The gradientmethodhasa slight representatiomf a peakatx 266, but it suffers from the
sameproblemsasdecribedn 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 the compressioralgorithmsonimage6 is shavn. In thisimagethe
amplitudeof the smallsineis 0.001%of the large sinesamplitude while the frequeny is 266
periodsover theimagewidth.

None of the algorithmshave presered the frequeng atx 266in the FFT spectrumof this
image. So againthe comparisorcanonly be basedon the preseration of the large signal at
x 1.

It seemghatthebilateralmethodhaspreseredthis best,sinceit hasa narraver peak,meaning
thatit is closerto just preservinghefrequeng.
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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
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7.2.7 Summary

Whencomparingthe resultsof the individual testsit seemghereis a tendeng thatwhenthe
small signal hasa lower amplitude,the tonemapmethoddoesa betterjob regardlessof the
frequeng. Whenthe small signal hasa higher amplitudethe bilateral methodhasthe best
results,sinceit hasapproximatelythe samepeakheightof the signalin the FFT domain,but
the peakis narraver meaningessadditionalfrequenciehave beenintroduced.But the overall
winneris the tonemapmethodsinceit is bestat preservingsmall details,which is the core of
thistest.

The detail preseration of the gradientmethodwill not be evaluatedusingthis tests,because
of the large artifactsintroducedin its outputimages.Theeasonfor this is describedin the
discussiorin section10.4.



7.3 Blur test

In gure 7.12,theblur measurement®r all outputimagesdrom thethreecompressiomethods
canbeseen.Theblur measurés a no-referencestimateof the averageedgewidth in animage
(seesection5.4.30n page41), which meansthat a smallerblur measuresquala lessblurred
image.It canbe seenthatthe Tonemapmethodgenerallyproducegheleastblurredimagesby
having thesmallesblur measurén threeof theimagesandgettinga seconcblacein oneof the
otherimages.lt is dif cult to concludewhich of the GradientandBilateral methodsproduces
theleastblurredimagessincetheir measuresrefairly closeandthey bothtake turnsat having

thelargestblur measure.

Table Foyer Memorial | BelgiumHouse| Vine Sunset
Tonemap| 2.97 2.51 241 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 paneltest

Thepaneltestwasheldasdescribedn sections.5. In all 31 obserersparticipatedn thetest,26
menand5 women.The averageagefor the obsererswere28.5years wherethe oldestwas60
years,andtheyounges®l yearsold. Noneof the obserershadary detailedknowledgeabout
the project, otherthanthe objectve to comparesomedifferentmethodsto compressmages.
Theanswergrom eachobserer to eachquestioncanbefoundin AppendixC.

Two equalmonitorswereusedfor the test. They werePhillips Lightframe™2109B 19" mon-
itors ataresolutionat 1600 1200to give the possibility of having two imagessideby sidein
thecomparisortest.

In the following the resultsof the four differentquestionswill be presentedandthe two-tailed
hypothesigestdescribedn section5.5hasbeenperformedo nd outif the paneltestsindicate
ary signi cant differencebetweerthetwo comparedmages If asigni cant differencehasbeen
proventhe con denceinterval andthe bestmethodin thetestis shavn in thetable.

8.1 Detailsin dark regions

A histogranof theanswergo thequestionconcerningoreserationof detailsin thedarkregions
of theimagecanbefoundin gure 8.1.

() (b)

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.

Fromtheanswergshetwo tailed hypothesidestis performedandtheresultsareshaovn in table
8.1.



61

Pair | Image| X s z | Condenceint. | Best
1. Tonemapss. 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 Tableimageand the Foyer imageit cannotbe madeprobablethat the Tonemap
methodandthe Gradientareequallygood. The meanvalueindicatesthatthe Gradientmethod
is the bestmethodof thesetwo.

No signi cant differencecanbe proved betweerthe Tonemapmmethodandthe Bilateralmethod
usingthe Tableimage.However differencecanbe proved betweerthe methodausingthe Foyer
imagein adwantageto the Bilateralmethod.

Comparinghe Gradientmethodandthe Bilateralmethodindicatesn bothimagesasigni cant
differencein advantageto the Gradientmethod. Overall the Gradientmethodprovesto bethe
bestmethodto presere detailsin thedarkregions.

8.2 Detailsin bright regions

Theanswerof the questionconcerningoreseration of detailsin the brightregionsis shavn 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 the two-tailedhypothesigestperformedon the answersareto be foundin table
8.2.

Pair |Image] x | s | z |Confidencein | Best
1. Tonemaprs. 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 comparisorbetweerthe Tonemapmethodandthe Gradientmethodno signi cant difference
canbeprovedusingthe Tableimage.Howeveradifferencecanbeprovedusingthe Foyerimage
in advantageto the Gradientmethod.

The comparisondetweerthe Tonemapmethodandthe Bilateralmethodthe Tonemapmethod
turnsoutto bethe preferredmethodusingbothimages.Betweenthe Gradientmethodandthe
Bilateralmethodthe Gradientmethodprovesto bethepreferredmethod.

Overall theresultindicatesthatthe Bilateral methodis the worstmethodto presere detailsin
thebrightregionsof theimage.

8.3 Degreeof blur
Concerninghedegreeof 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-tailedhypothesigestcanbe seenin table8.3.
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Pair | Image| X s z | Confidencein | Best
1. Tonemaprs. 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 Gradientmethodshaws that thereis no signi cant
differencen the Tableimage.In the Foyerimagethereis a signi cant differencen favor of the
Tonemapmethod.

Betweenthe Tonemapmethodandthe Bilateralmethodthereis a signi cant differencein both
imagesn favor of the Tonemapmethodandbetweerthe GradientandBilateralmethodthereis
asigni cant differencein favor of the Gradientmethod.

The overall resultis, thatthe Bilateral methodis the worstmethodusingbothimages andthe

Tonemapmethodis the bestmethodusingthe Foyerimage.

8.4 Naturalness

Resultsof thequestionconcerninghe naturalnessf 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-tailedhypothesigestcanbefoundin table8.4.

Comparisondetweenthe Tonemapmethodandthe Gradientmethodshaws a signi cant dif-
ferencein both imagesin favor of the Gradientmethod. Betweenthe Tonemapmethodand
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Pair [Image] x | s | =z |[Confidencein | Best

1. Tonemaprs. 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. Tonemayvs. 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.

the Bilateralmethodno signi cant differencecanbe proved, andbetweerthe Gradientandthe
Bilateralmethodthereis a signi cant differencealsoin favor of the Gradientmethod.

Theseresultsshavs, thatthe Gradientmethodgenerateshe two imagesmorenaturalthanboth
the Tonemapmethodandthe Bilateralmethod.
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Intr oduction

In this part a discussionwill take place, concerningboth the methodsusedto performthe
testsandthe actualresultsof the tests. The rst chapterwill discussthe constructionof each
method,interestingbserationsmadein the testsand proposefutureimprovements.The sec-
ond chaptercomparegshe resultsof the digital testswith the paneltestto estimatethe validity
of the testmethods,and nally cometo overall conclusiongegardingthe quality of the three
HDR compressioralgorithms.
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Method discussion

10.1 Intr oduction

This chapterdiscusseshe methodsdevelopedand usedfor comparingthe threeHDR com-
pressionalgorithms. For the blur, panel,detailand FFT testsit is discussedow well the test
methodsbtaincorrectmeasureshatcanbe usedtio evaluatethe HDR compressiomlgorithms.
Furthermorepossiblefuture improvementswill be descusse@nd interestingobsenrertations
madeduringthetestswill becommented.

10.2 Detall

For testingthe amountof detailin dark andbright regionsof animage,detail histogramsand
relative detail histogramshave beendeveloped. Certainpartsof thesemethodsare basedon
approachethatif alteredmightprovide amoreaccurateestimateof theactualamountof detail.
Theinterpretatiorof detailasedgesseemsntuitive, but it is not intuitive if large edgesalways
shouldbe interpretedas large details. Furthermorethereis no distinction betweennoiseand
detail. Using a thresholdthat ensureghat small edgesare neglectedin the detail histogram
might prove to beamorerobustapproach.

For the overall detail measurdor dark andbright regions, the referencémageis of greatim-
portancesinceit directly representanapproximationof darkandbright regionsin theimage.
Currently the referenceimageis obtainedby median Itering the logarithm of the high dy-
namicimage(seeappendixB on page83), which is usedto malke a crudeapproximationof
the intensityregionsin the imagewhile maintainingedges.Bilateral Itering could provide a
valid alternatve to median ltering, if usedasa edge-preservinglur lter. This would unify
intensity regionswhile still preservingedgeswhich soundsasa reasonablepproximationof
distinguishingdarkandbrightregions.

For obtainingthe detail scoresshavn in the tablesfor eachimagein section7.1 on page48,
detailmeasuresveresummedor all intensitiesbelav the mid-intensityfor a darkregion score,
andsummedor all intensitiesabove for abrightregion score.To illustratethediscretedivision
of darkandbrightregionswhichis thefoundationfor thedistribution of thedetailscore seethe
thresholdedmagesn appendixB on page83.

It canbe seenthat not all thresholdedmagesare an equally good approximationof discrete
dark andbright regionsin the outputimagesfrom the HDR compressioralgorithms(seeap-
pendixA onpage77). Thethresholdedeferencamagefor Vine Sunse{ gure 10.2)is agood
approximationwvhich basicallydividesthe imageinto two sections.The thresholdedeference
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Figure 10.1: Memorial reference image. (a) Median ltered. (b) Thresholded at mid-intensity
after median lter ing.

() (b)

Figure 10.2: Vine Sunset reference image. (a) Median Itered. (b) Thresholded at mid-
intensity after median lter ing.
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imagefor Memorial( gure 10.1) is more questionable.lt is dif cult to determinehow well
the black andwhite regionscorrespondo whatis perceved asdark andbright regionsin the
outputimage.This suggestshatfor someimagest doesnotmake senseo malke a harddistinc-
tion betweendark and bright regions, but insteada graduallychangingdescriptionwhich not
necessarilylividesdarkregionsfrom bright regionsat the mid-intensity

10.3 FFT test

Themoststriking of theresultsin thistestis probablytheartifactsintroducedn all of the output
imagesfrom the gradientmethod. The slopeof the large sinesignalhaschangeddramatically

resultingin asignalthatdoesnotresemble sinesignal. Thisresulthasprobablyemepedsince
the signalis too simplefor the gradientmethod,in otherwordsit seemshe gradientmethod
relieson someassumption®f the divergenceof edgesn theimage,which arenot satis ed by

this simple signal. For this reasonit hasbeendecidednot to drav conclusionsof the detail

performanceof the gradientalgorithmbasedon this test. On the otherhandboth the bilateral

andthe tonemapmethodprovided reasonabl®utputimagesin this test. Thereforconclusions
wasmadeon thesemethods.

But comparingthe testimagesof theseimagesproved to be a dif cult taskbecauseasmen-
tionedin section5.4.20on page40, the outputof the comparisoris actuallya weighingof two
comparisonsthe heightandwidth of the spikesin the FFT domain,andthis weighingis just
doneby the persommakingthetest. This meanghereis a high degreeof uncertaintyassociated
with thetest.

A futureimprovementto this testwould obviously beto calculatea metricfor thetwo compar
isons,andthen nd anautomatedvay of weighingthese.

10.4 Blur measure

As suchtheblur measuréasalreadybeenveri ed in thearticle(Marzilianoetal. [2002]). The
resultherewasthatit is agoodmeasuref blur comparedo a paneltest,but sometimesthere
werecontradictionsvhentherewasringing artifactsin theimage.Peopleoftenfoundit hardto
distinguishthesefrom blur. But ringing is considered differentartifact. It occurswhenthere
is lossof high frequenciesn the spectradomain,anexampleof this canbe seenn gure 10.3.

A futureimprovementto calculatingperceved blur would thereforbeto develop an algorithm
which calculatesa metric for ringing, andthencreatea combinedmetric of blur andringing
which would estimatethe perceved blur better

10.5 Paneltest

Thebig questionconcerninghepaneltestareif theselectedmagesarerepresentate to HDR
images.In the paneltestonly two imageswerechosento be judgedby the obserers. These
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Figure 10.3: (a) Origial image (b) Image with ringing artifacts.

two imageswerethe onestakenwith the LARS Il camera.The choiceto only usetwo images
in the testwere mainly madeto simplify the accomplishmenof the test,but more satishctory
resultscouldbederived from alargersetof images.

Also the obserers' understandingf the asled questionscanbe questioned.None of the ob-
senersin the testweregiven ary detailedinformationon how the imageswere generatedr
how they werecomparedsotheirunderstandingf thequestiorareexclusively theirown initial
understanding.

10.5.1 Obsewations

It canbeseerthattheobsererswereableto distinguishdifferentmethodssinceall resultsfrom
the controlgroupclearlyindicatethatthey seeno differencebetweerequalmethodsandsince
they actuallyseedifferenceon differentmethods.

It isalsoobsered,thatin comparisongetweerdifferentmethodstheoption0 meaninghetwo
methodswvereequallygood,wherenot chosenasoftenas-1 and1. This alsoindicatethatthe
obserersactuallydistinguishthe methodsandwill not judgethemequallygood. The number
of answeron the differentpossibilitieswhenthe shavn methodswherenot equalcanbe seen
in gure 10.4

In mary questionghe mostanswerecptionis 1 whenthe secondmostanswereds -1. This
meandhattheobsererswherenotunitedin theanswersThisindicateshattheobserershave
focusedon differentparametersvhenthey gave theiranswersThemeanvalueof theiranswers
however still indicateshetendenyg of theobserersjudgement.
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CHAPTER

Resultsdiscussion

11.1 Intr oduction

In this sectiontheresultsof the differenttestswill be combinedo give answergo the questions
of which algorithm hasthe mostdetail in bright and dark regions, which produceshe least
blurredimageandwhich oneappearso producethe mostnaturalimage.

In the caseof the detail andthe blur measurean approachwill be usedwherethe viability of
thedigital testswill be estimatedoy comparingtheir outputto thatof the paneltestin thetwo
imagesTableandFoyer. If they arethenveri ed in thesemagesijt will be possibleo make the
overall conclusiondasedn the5 imagesn thedigital tests.

11.2 Detall

Threetestswereconductedo measureéhedetaillevel of theoutputof thealgorithms.Thepanel
testandthe Detail histogramtestmeasuredhe detailsin the brightanddarkregionsseperately
while the FFT testgave anoverall measuref detalil.

The resultsof the detail histogramtestwill be veri ed by comparingthesewith the results
obtainedn the paneltest.

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

Whencomparingthe resultsfrom the detail histogramtestwith the paneltestit is found that
thereis two placesout of twelve wherethey disagreemeaningplaceswherethey swap two

positions.In bright regionsin theimageFoyer, wherethe histogramteststateshe tonemapas
thewinnerandgradientn seconglace while thepaneltestsaysgradients thewinnerfollowed

by tonemap.The othercontradictionis in darkregion of theimageTablewherethe histogram
methodcomedo the conclusiorthatbilateralis betterthanthegradientmethod while thepanel
testcomesgo the oppositeconclusion

It canbe seenfrom the histogramtestresults(seetable 7.1 and7.2 on page49) thatthesetwo
comparisonsretheoneswherethemetricsareclosesto draving theotherconclusioraboutthe
test,whichwould bethesameasthepaneltest. Thismeanghatthereis athresholdvaluefor how
low differencest is safeto make conclusiongrom. It hasbeenchoserto estimatehisthreshold



73

value asthe smallestpercentwiselifferencebetweentwo metricswherethe detail histogram
malkes the samejudgementas the paneltest. This occursin the comparisonof the gradient
versusthe bilateral methodin bright regions of the image Table(seetable 7.2 on page49).
The percentwisahresholdcanthenbe calculatedto 3 6% meaningthattherehasto be a size
differencebetweenthe smallestandthe largestof the digital detail metricsof 3.6%, beforea
conclusioncanbe madeof which oneis best. This thresholdis only an estimateof the actual
thresholdvalue,afutureimprovementto this testwouldbeto nd thisvaluemoreaccuratelhby
conductinga larger paneltestwith moreimagesandthencomparehe outputof this detailtest
with thatof the paneltest.

This thresholdvalue meansthat someof the resultsin the testsectionis no longervalid. Of
coursetheseresultsincludethe two comparisonsvhereit doesnot complywith the paneltest,
but it alsomeansit is no longer possibleto saywho is secondbestandwho is worstin the
Memorialimagein darkregions.

Theresultof this is thatit is no longerpossibleto saywhich algorithmis bestat preserving
detailsin bright regions, it is now a tie betweenthe gradientand the tonemapmethod. This

resulthave emepgedsinceit hasbeenchosento saywe cannotdistinguishwhich oneis best
in brightregionsin the Foyer image,becausehe panelandthe histogramtestcontradictseach
otherhere.lt is thoughstill possibleto concludethatthe bilateralmethodis worsethanboth of

thetwo othermethods.

In darkregionstheresultthatthe gradientmethoddoesthe bestjob is still valid sinceit wins 4
outof 5 tests,andnumbertwo is still the bilateralmethod.

The reasonwhy the detail metric fails whenit is so closeis probablybecausef the problems
describedn section10.2on page67 with obtaininga referencamagethatacuratelydescribes
perceved darkandbright areasandwith just settingthe intensityof 127 asthe borderbetween
darkandbrightregions.

11.3 Blur

The blurrinessof the methodswastestedby applying the testdescribedn section5.4.30on
page41 andby askingsomepeopleabouttheir opinionin the paneltest.

To verify theresultsobtainedin the digital blur test,the paneltestwill be consideredhe ref-
erenceandthe two testswill now be comparedo seeif they agreeon the conclusionsof the
imagesTableandFoyer. If they do,thiswill beseerasaveri cation of thevalidity of thedigital
test. In this caseit will be possibleto drav conclusionsof the methodsblurrinessbasedon the
digital blur testof all veimages.

Thetestsdo agreeon therankof the blurinessn theseimages gxceptin the Tableimagewhere
it is not possibleto drawv a conclusionasto which of the methodggradientandtonemagpis the
bestin the paneltest,while the digital testnominateshe tonemapmethodasthe best,andthe
gradientas secondbest. But this is not a contradiction,andin factthe con denceinterval of
the paneltestwastilted towardsnominatingthetonemapmethodasthewinner, which mightbe
seerasaslightindicatorof theresult,eventhoughno conclusioncanbe madeon this.
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Theoverall blur introducedby the algorithmswill thereforbe measuredsthe resultsfrom the
digital blur test. This meanshe tonemapmethodis the leastblurred,while it is a tie between
thegradientandthe bilateralmethod.

11.4 Naturalness

Sinceno digital measuresvere found or developedfor measuringnaturalnessthis wasonly
evaluatecbasedn the paneltest.

Sotherank of the methodswith regardto this measures that the gradientmethodproduces
the mostnaturalimageswhile it is not possibleto determinewhich of the otheralgorithmsare
secondoest.
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Conclusion

The comparisorof the HDR compresse@mageswasfoundto be basedon the following prop-
erties:

* Detaillevel in darkandbrightregions.
» Theappearancef blur.

e Thenaturalness.

To measuraghesepropertiesof the compressed@nagesa paneltestandsomedigital testswere
made.

The paneltestconsistedof asking31 obsererstheir opinion of the compressedmageswith
regardto theseproperties.

To measurehe detail level in dark and bright regions digitally a detail testalgoritm was de-
velopedwhich gave a scorefor thelevel of detailsin bright anddark regionsseperately This
testwasveri ed by comparingit with the paneltestresults. In this comparisont wasfound
thattherewasa minimumdifferencein scoreswvhich hasto be exceededeforea conclusionof
whichimagehasthe mostdetailscanbe made.

To measurdhe blurrinessof the compresseimagesthe methodof (Marziliano et al. [2002])
wasused.This testwasalsosuccesfullyerifed by comparisorwith the paneltestresults.

Using thesetestsit was possibleto testthe performanceof the HDR compressioralgorithms
presentedt SIGGRAPH2002,thesealgorithmswere:thegradientmethoddescribedn (Fattal
etal.[2002]),thetonemapmethoddescribedn (Reinhardetal. [2002]) andthebilateralmethod
describedn (DurandandDorsey [2002]). Thedigital testswereappliedto 5 imageswhile the
paneltestwasbasedn 2 images.

In darkregionsthegradientmethodhadpresered mostdetailsfollowedby thebilateralmethod
andin lastplacethetonemapmethod.In brightregionsit is only possibleto saythatthebilateral
methoddoestheworstjob at preservingletails.

Whenit comesto theblurrinessof the outputimagestonemapmalkesthe leastblurredimages,
while it is not possibleto saywhich of the bilateralandthe gradientmethodis secondoest.

The measureof naturalnessvas only doneby the paneltest, the result of this was that the
gradientmethodproducedhe mostnaturalimageswhile thebilateralandthetonemapmethod
wereequallygood.

Basedon theseresultsit is concludedhatthe gradientmethoddoesthe bestoverall job, but if
blurrinesds animportantfactorthetonemapmethodshouldbe considerecgswell.
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APPENDI X

The compressedmages

This appendixshawvs the outputof thethreeHDR compressioralgorithmsfor eachof the ve
HDR imagesusedin testin section7 on page48.
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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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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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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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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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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



APPENDI X

Referenceimagesfor detail histograms

This appendixshavs thereferencemagesandthethresholdedeferencemagesior eachof the
veimagesusedin thetestin section7 on page48.

@) (b)

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

(@) (b)

Figure B.2: Foyer reference image. (a) Median lItered. (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.

(@) (b)

Figure B.4: Belgium House reference image. (a) Median ltered. (b) Thresholded at mid-
intensity after median Iter ing.
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Figure B.5: Vine Sunset reference image.
intensity after median lter ing.

(&) Median Itered.

(b)

(b) Thresholded at mid-



APPENDI X

Panel testresults

Thisappendishavstheresultsof thepaneltestfor thetwo images:FoyerandTable.Eachtable
shaws all obserers' votingsfor a two-imagecomparisorfor the cateories:brightdetails,dark
details,blur andnaturalnessThe obserers' judgmentis in therange-3 to 3, where-3 means
thatMethod1lwasmuchbetterthanMethod2,0 meanghatthetwo methodsvereequallygood
and3 meanghatMethod2wasmuchbetterthanMethod1.

C.1 The Foyer scene

C.1.1 Tonemapvs. Tonemap

ID UserlD Methodl | Method2 | Brightdetails | 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
Samplestandardieviation (sg) 0.3592 0.5623 0.6187 0.3651
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C.1.2 Tonemapvs. Gradient

ID UserID Methodl | Method2 | Brightdetails | 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
Samplestandardieviation (sg) 0.8386 1.3384 1.2225 1.1832
C.1.3 Tonemapvs. Bilateral
ID UserlD Methodl | Method2 | Brightdetails | 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
Samplestandardieviation (sg) 1.4991 1.4876 1.0286 1.7653
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C.1.4 Gradient vs. Tonemap

ID UserID Methodl | Method2 | Brightdetails | 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
Samplestandardieviation (sx) 1.2868 1.296 1.2322 1.2304
C.1.5 Gradient vs. Gradient
ID UserlD Methodl | Method2 | Brightdetails | 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
Samplestandardieviation (sg) 0.2497 0.3651 0.5226 0.3739
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C.1.6 Gradient vs. Bilateral

ID UserlD Methodl | Method2 | Brightdetails | 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
Samplestandardieviation (sg) 1.5317 1.2093 1.1859 1.4569
C.1.7 Bilateral vs. Tonemap
ID UserlD Methodl | Method2 | Brightdetails | 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
Samplestandardieviation (sg) 1.3835 1.2365 0.9605 1.4316
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C.1.8 Bilateral vs. Gradient

ID UserID Methodl | Method2 | Brightdetails | 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
Samplestandardieviation (sx) 1.3928 1.3352 1.1823 1.5205
C.1.9 Bilateral vs. Bilateral

ID UserlD Methodl | Method2 | Brightdetails | 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
Samplestandardieviation (sg) 0.2497 0.3145 0.4069 0.3592
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C.2 The Tablescene

C.2.1 Tonemapvs. Tonemap

ID UserlD Methodl | Method2 | Brightdetails | 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
Samplestandardieviation (sg) 0.3145 0.3145 0.4069 0.3005
C.2.2 Tonemapvs. Gradient
ID UserID Methodl | Method2 | Brightdetails | 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
Samplestandardieviation (sg) 1.3552 1.2435 1.1859 1.4955
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C.2.3 Tonemapvs. Bilateral

ID UserID Methodl | Method2 | Brightdetails | 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
Samplestandardieviation (sg) 1.7083 1.4346 1.1013 1.5478
C.2.4 Gradient vs. Tonemap
ID UserlD Methodl | Method2 | Brightdetails | 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
Samplestandardieviation (sg) 1.1658 1.2700 1.1378 1.1667
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C.2.5 Gradient vs. Gradient

ID UserID Methodl | Method2 | Brightdetails | 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
Samplestandardieviation (sx) 0.2582 0.1796 0.2497 0.0000
C.2.6 Gradient vs. Bilateral
ID UserlD Methodl | Method2 | Brightdetails | 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
Samplestandardieviation (sg) 1.1188 0.9978 0.7002 0.7718
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C.2.7 Bilateral vs. Tonemap

ID UserID Methodl | Method2 | Brightdetails | 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
Samplestandardieviation (sx) 1.4599 1.4112 1.2581 1.5055
C.2.8 Bilateral vs. Gradient
ID UserlD Methodl | Method2 | Brightdetails | 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
Samplestandardieviation (sg) 1.2321 1.0000 0.6704 0.8538
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C.2.9 Bilateral vs. Bilateral

ID UserlD Methodl | Method2 | Brightdetails | 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
Samplestandardieviation (sg) 0.1796 0.1796 0.3408 0.3005




