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ABSTRACT:

WeproposehereanHDRcompressionmethodformedicalimagesbasedonawindowingoperator,anadaptivetonemapping
operator,andtheprobabilisticnormal-gammamodel.First,weusethewindowingoperatorbasedonastructuralfidelitymeasurefor
optimalvisualizationoftheinputHDRmedicalimage.Then,wetransformthewindowedimagetothelogarithmdomainandsplitit
intobaseanddetaillayerswiththehelpoftheprobabilisticnormal-gammamodel.Baseanddetaillayersareusedtomakethetone
mapwithhelptheadaptivetonemappingoperator.Finally,thetonemappingresultistheLDRimage.Theproposedmethodhas
comparablequalityandlowcomputationtimecomparedtoothertonemappingoperators.

1. INTRODUCTION

Technologicaladvancesinmedicineleadtocomplicationof
acquisition and diagnosticdevicesand,consequently,to
increasethequalitymedicalimages.Thetechnologyoffusion
imageswithdifferentexposurestoexpanddynamicrangeand
preservethedetailedinformationiswidelyusede.g.forX-ray
(Skurowski,2018)andMagneticResonanceImaging(Hung,
2013).Moreover,imagesstoredaccordingtotheDigital
ImagingandCommunicationsinMedicine(DICOM)standard
(Pianykh,2008)typicallyhaveaprecisionof12to16bitsper
pixelthatishigherthancommonLowDynamicRange(LDR)
imageswithprecision8to10bitsperpixel.

Atthesametime,moderndisplayshavehighcontrastand
luminancebutcannotvisualizeimageswithHighDynamic
Range(HDR).Therefore,tonemappingoperators(TMO’s)and
windowingoperatorsareneededtoconvertHDRtoLDR
images,whichcanbeseenoncommondisplays.Tonemapping
operatorsaimatmaintainingtheoverallcontrastandbrightness
levelsimitatingimageswithahighdynamicrange.Themost
importantaspectoftheseoperatorsissavingtexture,contrast
andbrightnessinformationofanimage.Therelativeamountof
informationoftheabove-mentionedcharacteristicsisoneofthe
parametersusedtomeasurethequalityofthetonemapped
image.Windowingoperatorsmapanintensityintervalof
interestlinearlytothedynamicrangeofthedisplay.Linear
mappingisthemoststraightforwardwindowingoperatorbut
maynotbetheoptimalmappingfunctionintermsofstructure
preserving.Anadaptiveframeworkforfindingtheoptimal
windowingfunctionfordifferentmedicalimagescanhelpto
solvethisproblem.Combinationofwindowingoperatorsand
TMO compression followed by windowing (CW) and
windowingfollowedbycompression(WC)givesbetterresults
(Athar,2015).

Inthispaper,weproposethenewHDRimagecompression
method.Themethodisbasedonthecombinationofthe
windowingoperator(Nikvand,2014)andtheTMO,alongwith
baseanddetaillayerstechnique(Durand,2002)usingthe
probabilisticnormal-gammamodel(Gracheva,2015,Gracheva,
2017).Thewindowingoperatorisusedforoptimalvisualization

ofmedicalimages.Ithasanadaptiveschemebasedon
structuralfidelity measure,which can find an optimal
windowing operatorfordifferentmedicalimages.The
probabilistic normal-gamma modelofthe hidden field
performedwellinimagedenoising,imagehazeremoval,and
thestructure-transferringproblem.Theadvantagesofthismodel
arestrictmathematicalformulationandlow computational
complexity.Theproposedmethodhascomparablequalityand
low computation timecompared to othertonemapping
algorithms.

2. PREVIOUSWORKS

2.1Tonemappingoperators

Allthetonemappingmethodsdevelopedforlastyearscanbe
dividedintotwogroups:globalmethodsandlocalmethods.

ThemainideaofglobalTMO(alsoknownasspatiallyinvariant)
istousethesamefunctiontoallimagepixels.Examplesof
thesefunctionscanbeapowerfunction,alogarithm,asigmoid,
orafunctionthatisimagedependent.GlobalTMOstakegood
resultsforsceneswith adynamicrangeapproximately
appropriatetothedynamicrangeofthedisplaydevice,orlower.
However,forsceneswherethedynamicrangeislargerthanthe
dynamicrangeofadisplaydevice,theglobalTMOswill
compressthedynamicrangeofthescenetoomuch,which
resultinalossofcontrastanddetailvisibility.GlobalTMOsare
computationallysimple,preservetheintensityordersofthe
originalscenes,thusavoidinghaloartefacts,andcansuitable
forvideoprocessing.

ExampleoftheglobalTMOsisReinhardTMO(Reinhard,
2005),whichusedthezonesystemformappingHDRworld
imageintoLDRones.Inthezonesystem,thephotographerfirst
selectsthemiddle-gradekeyintheimageandthenselectsthe
darkestandbrightestpointstocomputethedynamicrange.
Reinhardandhiscolleaguesworkonautomatingthissystemby
mappingfirstthewholeimageusingalocalaveraging
logarithmicoperator.Thentheyimplementedanautomated
dodgingandburningalgorithmthatusesacircularGaussian
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operatoratmultiplescalesandconvolvesitwiththeentire
imagetocorrectthebrightanddarkregionsoftheimage.Shan
etal.(Shan,2009)presentedaTMOwhichperformslocal
adjustmentsacrosstheentireHDRimageonsmallwindows
whichareoverlapped.Thelinearadjustmentisappliedlocally
by each window,which preservesthe radiance values
monotonicity.A globaloptimization isapplied to each
overlappedwindowtosatisfythelocalconstraintsdefinedon
them.Forefficientreductionofhighcontrastandforpreserving
details,localconstraintsareusedasaguidance.Thismethod
effectivelyreducestheglobalcontrastandpreservesdetails.
DragoTMO(Drago,2003)proposedtheadaptivelogarithmic
TMO forcompressingtheluminancevaluesbyadaptively
varyingthelogarithmicbases.Theyusedcontrastenhancement
toimprovethecontrastofdarkareasintheimage.Kimetal.
(Kim,2008)presentedatonereductionalgorithmbasedona
newkfactorandhighlightfactorofcompression.

ThemainideaofthelocalTMOs(alsoknownasaspatial
variant)istousedifferentfunctionsfordifferentspatialpixel
positions.Localtonemappingmethodscanimprovelocal
contrast,andmakethecompressedimagemoredetailed.

ThegroupoflocalTMOsincludesAshikmin(Ashikhmin,
2002),whichusedtheratioofGaussianfilteredimagestoget
thetextureinformation.Fattalandhiscolleague(Fattal,2002)
developedagradient-basedTMObycompressingthegradient
oftheimageluminancecomponentandthenconstructingthe
LDRimagebysolvingaPoissonequationonthecompressed
gradientimage.FairchildandJohnson(Fairchild,2004)applied
animagecolourappearancemodel(calledImageColor
AppearanceModel,iCAM)tochromatics.However,thecolor
spacetransformationcausedcoloursaturationloss.Kuangetal.
(Kuang,2007)designedanalgorithmnamediCAM06basedon
thecolourappearancemodel,whichgivestheperceptual
attributesofeachpixel,suchaslightness,chromaticity,hue,
contrast,andsharpness.Itincludesaninversemodelthat
considersviewingconditionstogeneratetheresult.However,it
alsoreducedcoloursaturation.Krawczyketal.(Krawczyk,
2006)firstsegmentedanHDRimageandthenapplieddifferent
tonereproductioncurvestothesegmentstoachievespatially
variantHDRcompression.Lischinskietal.(Lischinski,2006)
presentedaninteractivemethodtoadjustthetonalvaluesand
othervisualparameterslocally.Intheirmethod,theuserhasa
setofbrushestoimposeconstraintsontheimage.Influence
functionsarecomputedtoconfinethemodificationsofthetonal
valueinimagespace.Lietal.(Li,2005)presentedatone
mappingtechnique,whichreliesonstatisticalandspatial
information.Inthistechnique,theimageisinitiallydividedinto
twolayersi.e.baselayeranddetaillayer.Thebaselayershows
thesmoothdetailsandthedetaillayerrepresentsthefinedetails.
Thestatistically-basedhistogramadjustmentisappliedtothe
baselayer.Toobtainthedetaillayer,theyuseanadaptive
spatialfilterbasedonthemappingfunctionofthebaselayer.
Thedetailedlayeraftertheenhancementismergedwiththe
baselayer.Thetone-reducedimageisobtainedbyapplyingthe
gainmaponthedetail-enhancedimage.DurandandDorsey
TMO(Durand,2002)employedthesametechnique,butthe
baselayerisderivedbythebilateralfilter(Tomasi,1998)to
minimizeofartefacts(halo-effects)aroundedgesofobjectson
theimage.

2.2Windowingoperators

TheWindowingprocedureisintendedforvisualizationofHDR
medicalimages.Itmapsthestructuraldetailswithinthe
intensityintervalofinterestatthedynamicrangeofregular

displays.Suchintervalsofinterestvaryfordifferentimaging
modalityandbodyparts.Theseintervalscanbedefinedusing
twoparameters:windowwidth,therangeoftheinterval,tobe
denotedhereas andthewindowcenter,thecenterofthis

interval,tobedenotedas .Itfollowsthatthetone-mapping

algorithm mapstherangeofluminancevalues inrange

totheLDRrange[0,255]using

linearfunction.Linearmappingisthemoststraightforward
windowingoperatorbutmaynotbetheoptimalmapping
functionintermsofstructure-preserving(Nikvand,2014).The
windowingfunctionmayalsobeexpressedusingalinear
combinationofafamilyofsinebasisfunctions.Experimentsin
(Nikvand,2014)confirmthatthelinearmappingfunctionisnot
optimalintermsofthefidelityofstructuralinformation.In
addition,theyshowthatmodifyingthemappingfunctionto
obtain maximalstructuralfidelity measurementproduces
computed tomography (CT)medicalimageswith higher
contrastandmorevisibledetails.

2.3Combinedschemeofwindowingoperatorsandtone
mappingoperators

Thework(Athar,2015)comparestwodifferentschemesfor
datarateandhighdynamicrangecompressionofmedical
images.Inthisworklinearandoptimizedsinefunctionswere
usedasthewindowingoperators.

Inthefirstscheme,theLDRimageisinitiallyobtainedby
applyingwindowingtotheHDRDICOMimageandthen,8-bit
JPEG2000compressionisappliedtothisLDRimagetoobtain
the compressed LDR image.This scheme was called
“Windowing-Compression”(WC).ThecompressedLDRimage
canthenbetransmittedtotheendusers.Thebenefitofthis
schemeistomaximallyreducethetransmissionbandwidth,but
itsuffersfrom twodrawbacks:lossyimagecompressionis
beingappliedtoanalreadyalteredimage(asaresultof
windowing);sincetheendusersreceiveanLDRimage,further
windowingisnotpossibleandotherbodyparts,thatrequire
differentwindows,cannotberetrieved.Thiscanleadto
retransmissionrequestsandtherequirementtostoretheoriginal
uncompressedHDRimagesatthesource,whichtakesmore
storagespace.

Inthesecondscheme,imagecompressionoftheoriginalHDR
DICOM imageisdonefirstbyusing16-bitJPEG2000
compression.Thisresultsin acompressed HDR image
transmittedtotheremoteuser.Attheuserside,thecompressed
HDRimageisdecompressedandwindowingisappliedto
obtainanLDRimage.Thisschemewascalled“Compression-
Windowing”(CW).Theapparentadvantagesofthisapproach
are:differenttypesofwindowscanbeappliedattheuserend,
and thusdifferentbody partscan be viewed without
retransmissionoftheimages;compressedHDRimages,instead
oftheoriginalHDRimages,canbestoredatthesourcewhich
leadstoreducedstoragerequirement.Thedrawbacksare:more
bandwidthmayberequiredtotransmittheimage;typical
browsersmaynotbeabletodecodeandshow images
compressedat16bits,andthusdedicatedsoftwaremayneedto
beinstalledattheuserend.

3. TONEMAPPINGTECHNIQUEBASEDONTHE
PROBABILISTICGAMMA-NORMALMODEL

Tone-mappingofHDRDICOMimagesinvolvestransforming
theHDRDICOMimagetoanLDRmedicalimagethatcanbe
presentedonastandarddisplaydevice.Thecompletetone-
mappingschemeisshowninFigure1.First,weusethe
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windowingoperatorbasedonastructuralfidelitymeasurefor
optimalvisualizationoftheinputHDRDICOMimage.Then,
wetransformthewindowedimagetothelogarithmdomainand
shareitonbaseanddetaillayerswiththehelpofthe
probabilisticnormal-gammamodel.Baseanddetaillayersare
usedtomakethetonemapwithhelptheadaptivetonemapping
operator.Finally,thetonemappingresultistheLDRmedical
image.

Figure1.Thecompletetone-mappingscheme

Let’sconsiderthisschemeinmoredetail.

3.1Windowedimage

Let istheoriginalHDRDICOM image.Inthepaper

(Nikvand,2014)oneofthewindowingoperators uses

functionsspannedbyanappropriatefamilyofsinefunctions
( ,where isan orderof

approximationof )forreceivingthewindowedimage

for ,

where differencebetweenmaximalandminimal

valuesintensityofinputHDRDICOMimage.
Asaspecialcase,when ,wehave

(1)

Constraintsonthesolutionsof and :

Then,thewindowedimageisappliedtothelogarithmicdomain

(2)

Afterthelogarithmluminancechannelisobtained,wecanto
decomposeitintotwolayers:thebaselayerandthedetaillayer.

3.2Baseanddetaillayers

Asmentionedearlier,weusethetechnique,whichsplitsthe
imageintotwolayersi.e.baselayeranddetaillayer.The
Bayesianapproachdescribedin(Gracheva,2015)isbasedon
thespecialmodeloftheMarkovfield,callednormal-gamma
model(Krasotkina,2010),whichmakesitpossibletoobtainthe
baselayer.Thebaselayercanbefoundbythestructure-
transferringtechniquesimilartoHeetal.(He,2013).The
resultingimage isobtainedfromtheinput

HDR DICOM image

,whichplaysthe

roleof“guided”imageandthelogarithm domainimage
,whichplaystheroleoftheanalyzedimage.

Itiseasytoseethatthemaximumaposterioriprobability(MAP)
estimateleadstotheminimizationofthefollowinggoal
function.

(3)

Illustrationofthisstructure-transferringschemeisinFigure2.
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Figure2.Illustrationofthestructure-transferringscheme

Thenthefieldofcoefficientsisfixed,MAPestimationof
canbeobtainedasasolutionofthefollowingsimplequadratic
optimizationtask:

whichcanbesolvedbytheextremelyfastprocedureonthe
basisoftree-serialdynamicprogramming(Mottl,1998).

Then isfixed ,criterion(3)givesthe

followingequationforoptimal withfixedstructural
parameters and :

where =thelatticeneighbourhoodgraphoftheimage

elements
=thesmoothingdegreeoftheresultimage
=thedegreeofbondsbreakingnearobjectsedges

Thus,thebaselayerstoresinformationabouttheobjectsedges
intheoriginalHDRDICOMimage,whichfurtherallowsthem
tobetakenintoaccountwhencompressingthedynamicrange.

Detaillayercanbedefinedfromthebaselayerandlogarithm
domainbytheequation:

(4)

Decompositionintotwolayersisusedforcontrastreduction.A
baselayerBiscomputedbyblurringaluminanceimageusinga
probabilisticnormal-gammamodelandadetaillayerD is
obtainedbysubtractionofbaselayerfromthelogarithmimage.
Further,thebaselayeriscompressedbyatone-curveandadded
backtothedetaillayerthusreducingthedynamicrangetoa
displayablelevel.Theunderlyingassumptionisthatthedetail
layerwillbepredominantlylowdynamicrangewhilethebase
layerisHDR.

3.3LDRimage

WewillemployasimplifiedversionofDurandTMO(Durand,
2002).Firstofall,weapplyanoffsetandascaletothebase
layer:

Theoffsetshouldprovidethemaximumintensityofthebase
equalto1sincethevaluesareinthelogdomain.Thescale

issetsothattheoutputbasehasstopsofdynamicrange.

Thenwereconstructthelogintensity:

(5)

TheresultofthetonemappingtransformationwillbeanLDR
image.

4. EXPERIMENTALRESULTS

Theproposedalgorithm andthecurrenttraditionaltone
mappingmethodsaretestedinMATLAB(2015a)onthePC
platform ofIntelCoreI5-2450M processor(2.5GHz,4G
caches).Theexperimentaldatasetischosenfrom Medical
ImageSampleswebsitewhichprovidesHDRsourceimages
(http://www.barre.nom.fr/medical/samples/).

Wewillusethreestandardcriteriatoestimatethequalityofthe
resultingimages(seeTable1,Figure3),criteriabasedonthe
neuralnetworks(seeTable2,Figure4)andcomputationtime
(Figure5),receivedbytheproposedmethod,andcomparethem
totheresultsofothermethods.

4.1Standardcriteria

4.1.1 Themodifiedformofthepeaksignal-noiseratio
(MPSNR):Thequalitymeasurementwillbeenhancedbyusing
theMPSNRvalue.Tomeasurethequalityoftheoriginalimage
andreconstructedimage,PSNRisused.PSNRisgenerallyused
fornormalRGBimages,butfortheHDRimagesMPSNRis
definedwhichwillevaluatethequalityoftheoriginalimage
andtonemappedimage.MPSNRisusedforthemeasurement
ofqualityofreconstruction.Itisdescribedintheunitofa
logarithmicdecibel.IfthevalueofMPSNRishigh,meansthe
reconstructionisofgoodquality.MPSNRcanbedefinedbythe
equation(Yip,2005)

where =luminancechanneloftheoriginalHDRimage
=Meansquareerror

4.1.2 Meansquareerror(MSE):MSEistheaggregateof
squarederrorbetweenthereconstructedandtheoriginalimage.
Itcanbedefinedasariskfunctionwhichisrelatedtothe
expectedvalueofquadraticloss(Lehmann,1998).Itcanbe
definedbyequation
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where =originalHDRDICOMimage

=resultingLDRimage

=dimensions

IfthevalueofMSEisless,thenmeanerrorisalsoless.

4.1.3 Meanabsoluteerror(MAE):MAEestimateshow
closethereconstructedimagetotheoriginalimage.Itisthe
averageofabsoluteerrors(Willmott,2005).Itisdefinedby
equation

where = absolutedifferencebetween

reconstructedimage andoriginalimage

Method Assessment Image
CR-
MONO
1-10-
chest.dc
m

CT-
MONO
2-16-
chest.dc
m

OT-
MONO
2-8-
hip.dcm

Durand
(Durand,
2002)

PSNR 10.086 2.968 23.796
MSE 10.201 0.505 2.397
MAE 0.541 0.704 0.582
Time,s 1 1.1 1.06

Drago
(Drago,
2003)

PSNR 10.03 6.159 23.8
MSE 10.069 0.242 2.399
MAE 0.401 0.468 0.449
Time,s 0.837 0.756 0.694

Rainhard
(Rainhard,
2005)

PSNR 10.04 6.93 23.79
MSE 10.1 0.203 2.393
MAE 0.578 0.441 0.59
Time,s 1.49 1.09 1.04

Fattal
(Fattal,
2002)

PSNR 10.031 6.455 23.818
MSE 10.072 0.226 2.409
MAE 0.275 0.472 0.335
Time,s 7.444 18.705 5.187

Qi Shan
(Shan,
2009)

PSNR 10.1 4.495 23.765
MSE 10.209 0.355 2.379
MAE 0.373 0.57 0.463
Time,s 26.316 49.438 50.062

Fast
guided
filter(He,
2013)

PSNR 10.072 5.546 23.825
MSE 10.169 0.438 2.385
MAE 0.538 0.64 0.527
Time,s 0.621 1.25 1.189

Ashikhmi
n
(Ashikhmi
n,2002)

PSNR 10.015 8.393 23.812
MSE 10.034 0.145 2.406
MAE 0.304 0.34 0.318
Time,s 1.73 1.728 1.84

Banterle
(Banterle,
2011)

PSNR 10.05 6.159 23.785
MSE 10.115 0.242 2.4
MAE 0.4 0.468 0.544
Time,s 67.914 86 84.47

Krawczyk
(Krawczy
k,2006)

PSNR 9.977 9.184 23.786
MSE 9.946 0.121 2.391
MAE 0.224 0.3 0.489
Time,s 4.171 3.957 2.768

Lischinski
(Lischinsk
i,2006)

PSNR 10.002 6.879 23.796
MSE 10.004 0.205 2.397
MAE 0.347 0.413 0.414

Time,s 6.9 7.67 5
Li (Li,
2005)

PSNR 9.98 8.057 23.77
MSE 9.955 0.156 2.383
MAE 0.227 0.36 0.369
Time,s 1.57 4.785 3.415

Tumburri
no
(Tamburri
no,2008)

PSNR 9.732 8.33 23.766
MSE 9.402 0.147 2.38
MAE 0.076 0.336 0.408
Time,s 0.684 1.9 1.842

Kuang
(Kuang,
2007)

PSNR 9.978 10.17 23.797
MSE 9.95 0.096 2.397
MAE 0.259 0.283 0.41
Time,s 7.1 5.3 5.636

Kim
(Kim,
2008)

PSNR 10.01 6.205 23.787
MSE 10.022 0.24 2.393
MAE 0.355 0.47 0.515
Time,s 0.715 0.88 0.729

Mertens
(Mertens,
2007)

PSNR 10.016 2.813 23.803
MSE 10.027 0.523 2.401
MAE 0.598 0.428 0.509
Time,s 5.81 5.923 5.276

Bruce
(Bruce,
2013)

PSNR 10.104 3.614 23.806
MSE 10.243 0.435 2.402
MAE 0.6 0.662 0.59
Time,s 60.47 114.267 97

Raman
(Raman,
2009)

PSNR 10.106 2.255 23.788
MSE 10.248 0.6 2.392
MAE 0.623 0.776 0.695
Time,s 2.9 5 4.93

Our
method

PSNR 10.107 10.28 23.773
MSE 9.2 0.084 2.4
MAE 0.15 0.35 0.273
Time,s 0.526 0.694 0.703

Table1.Comparisonresultsoftheproposedmethodandthe
currentmethodsonthebasisofPNSR,MSEandMAE

estimations

Noticethatmaximalvaluesareemphasizedgreencolour,
minimalvaluesareemphasizedredcolour.

a)
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b)

c)
Figure3.Diagramsofqualitycomparisonresults(MPSNR,
MSE,MAE)oftheproposedmethodandthecurrentmethods
for:a)CR-MONO1-10-chest.dcmimage;b)CT-MONO2-16-

chest.dcmimage;c)OT-MONO2-8-hip.dcmimage.

4.2NeuralImageAssessment

An application ofmachinelearning methodsto quality
assessmentofimageshasrecentlybecomeahottopicduetoits
usefulnessinawidevarietyofapplicationssuchasevaluating
imagecapturepipelines,storagetechniques,andsharingmedia.
Inthispaper,wewillusetheNeuralImageAssessment(NIMA)
(Hossein,2017)approachforimagesqualityassessment(see
Table2,Fig.4).NIMAapproachdiffersfromothersinthatit
predictsthedistributionofhumanopinionscoresusinga
convolutionalneuralnetwork.NIMAarchitecturealsohasthe
advantageofbeingsignificantlysimplerthanothermethods
withcomparableperformance.NIMAstandsonInception-v2
(Szegedy,2016),MobileNet(Howard,2017)andConvNet
(Simonyan,2014)imageclassifierarchitectures.Inception-v2is
basedonInceptionmodule(Ioffe,2015)whichallowsfor
paralleluseofconvolutionandpoolingoperations.Also,inthe
Inception-v2architecture,traditionalfully-connectedlayersare
replacedbyaveragepooling,whichleadstoasignificant
reductioninthenumberofparameters.MobileNetisanefficient
deepCNN,mainlydesignedformobilevisionapplications.In
thisarchitecture,denseconvolutionalfiltersarereplacedby
separabledepthfilters.Thissimplificationresultsinsmallerand
fasterCNNmodels.ConvNetconsistsof13convolutionaland3
fully-connectedlayers.Smallconvolutionfiltersofsize3×3
areusedinthedeepConvNetarchitecture.Imagequality
assessmentisdonewithouttheneedfora“golden”reference
image,consequentlyallowingforsingle-image,semantic-and
perceptually-aware,no-referencequalityassessment.NIMA’s
goalistopredictthedistributionofratingsforagivenimage.
Groundtruthdistributionofhumanratingsofagivenimagecan
beexpressed asan empiricalprobability massfunction

with ,where denotestheith

scorebucket,and denotesthetotalnumberofscorebuckets.

Giventhedistributionofratingsas ,themeanqualityscoreis

definedas ,andthestandarddeviationofthe

scoreiscomputedas .

Method Assessment Image
CR-

MONO
1-10-
chest.dc

m
(µ(±σ))

CT-
MONO
2-16-
chest.dc

m
(µ(±σ))

OT-
MONO
2-8-

hip.dcm
(µ(±σ))

Durand
(Durand,
2002)

NIMA
(MobileNet)

5.146
(1.591)

4.651
(1.680)

4.364
(1.765)

NIMA
(Inception-
v2)

4.681
(1.742)

4.175
(1.714)

3.968
(1.655)

NIMA
(ConvNet)

4.482
(1.408)

3.077
(1.423)

3.032
(1.378)

Drago
(Drago,
2003)

NIMA
(MobileNet)

4.861
(1.635)

4.530
(1.691)

4.314
(1.799)

NIMA
(Inception-
v2)

4.257
(1.688)

3.897
(1.655)

3.919
(1.661)

NIMA
(ConvNet)

4.130
(1.412)

3.027
(1.424

2.803
(1.354)

Rainhard
(Rainhard,
2005)

NIMA
(MobileNet)

4.911
(1.640)

4.523
(1.691)

4.379
(1.794)

NIMA
(Inception-
v2)

4.486
(1.711)

3.879
(1.649)

3.924
(1.652)

NIMA
(ConvNet)

4.577
(1.444)

3.013
(1.398)

2.822
(1.359)

Fattal
(Fattal,
2002)

NIMA
(MobileNet)

4.699
(1.641)

4.348
(1.700)

4.099
(1.807)

NIMA
(Inception-
v2)

3.827
(1.635)

3.746
(1.645)

3.911
(1.683)

NIMA
(ConvNet)

3.222
(1.423)

3.114
(1.441)

2.863
(1.421)

Qi Shan
(Shan,
2009)

NIMA
(MobileNet)

4.978
(1.599)

4.463
(1.674)

4.369
(1.808)

NIMA
(Inception-
v2)

4.639
(1.729)

3.920
(1.669)

3.928
(1.650)

NIMA
(ConvNet)

3.910
(1.426)

3.545
(1.647)

2.958
(1.376)

Fast
guided
filter(He,
2013)

NIMA
(MobileNet)

5.295
(1.592)

4.821
(1.678)

4.385
(1.772)

NIMA
(Inception-
v2)

5.216
(1.827)

4.279
(1.720)

3.975
(1.657)

NIMA
(ConvNet)

5.465
(1.5)

3.026
(1.354)

3.166
(1.421)

Ashikhmi
n
(Ashikhmi
n,2002)

NIMA
(MobileNet)

4.931
(1.619)

4.525
(1.696)

4.355
(1.817)

NIMA
(Inception-
v2)

4.476
(1.711)

3.934
(1.653)

3.852
(1.649)

NIMA
(ConvNet)

4.339
(1.423)

2.817
(1.277)

2.796
(1.368)

Banterle
(Banterle,

NIMA
(MobileNet)

4.879
(1.634)

4.531
(1.691)

4.456
(1.836)
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2011) NIMA
(Inception-v2)

4.324
(1.711)

3.897
(1.655)

3.964
(1.670)

NIMA
(ConvNet)

4.061
(1.393)

3.027
(1.424)

2.843
(1.303)

Krawczyk
(Krawczy
k,2006)

NIMA
(MobileNet)

4.829
(1.629)

4.479
(1.719)

4.395
(1.798)

NIMA
(Inception-
v2)

4.394
(1.696)

3.811
(1.642)

3.954
(1.651)

NIMA
(ConvNet)

3.949
(1.423)

2.949
(1.351)

3.089
(1.406)

Lischinski
(Lischinsk
i,2006)

NIMA
(MobileNet)

4.963
(1.629)

4.539
(1.674)

4.400
(1.798)

NIMA
(Inception-
v2)

4.673
(1.756)

3.943
(1.653)

3.958
(1.651)

NIMA
(ConvNet)

4.715
(1.452)

3.019
(1.364)

2.948
(1.381)

Li (Li,
2005)

NIMA
(MobileNet)

5.044
(1.601)

4.690
(1.658)

4.469
(1.805)

NIMA
(Inception-
v2)

4.881
(1.746)

4.232
(1.674)

4.042
(1.655)

NIMA
(ConvNet)

4.883
(1.429)

3.082
(1.333)

3.329
(1.427)

Tumburri
no
(Tamburri
no,2008)

NIMA
(MobileNet)

4.736
(1.628)

4.445
(1.687)

4.306
(1.804)

NIMA
(Inception-
v2)

4.032
(1.657)

3.771
(1.622)

4.033
(1.676)

NIMA
(ConvNet)

3.628
(1.462)

2.591
(1.269)

3.175
(1.453)

Kuang
(Kuang,
2007)

NIMA
(MobileNet)

4.896
(1.603)

4.505
(1.690)

4.390
(1.754)

NIMA
(Inception-
v2)

4.316
(1.672)

3.897
(1.642)

3.885
(1.647)

NIMA
(ConvNet)

3.914
(1.42)

2.9
(1.321)

2.861
(1.324)

Kim
(Kim,
2008)

NIMA
(MobileNet)

4.776
(1.627)

4.538
(1.685)

4.377
(1.800)

NIMA
(Inception-
v2)

4.108
(1.656)

4.052
(1.673)

3.982
(1.668)

NIMA
(ConvNet)

4.038
(1.402)

2.959
(1.36)

3.007
(1.39)

Mertens
(Mertens,
2007)

NIMA
(MobileNet)

4.835
(1.611)

4.329
(1.704)

4.27
(1.798)

NIMA
(Inception-
v2)

4.078
(1.640)

3.942
(1.688)

3.940
(1.674)

NIMA
(ConvNet)

3.658
(1.459)

3.289
(1.457)

2.807
(1.386)

Bruce
(Bruce,
2013)

NIMA
(MobileNet)

4.998
(1.609)

4.571
(1.731)

4.437
(1.823)

NIMA
(Inception-
v2)

4.142
(1.662)

4.033
(1.699)

4.057
(1.687)

NIMA
(ConvNet)

3.835
(1.401)

3.091
(1.404)

2.822
(1.391)

Raman
(Raman,
2009)

NIMA
(MobileNet)

4.753
(1.618)

4.344
(1.703)

4.039
(1.844)

NIMA
(Inception-
v2)

3.899
(1.625)

4.003
(1.698)

4.013
(1.712)

NIMA
(ConvNet)

3.358
(1.423)

2.911
(1.335)

2.778
(1.375)

Our
method

NIMA
(MobileNet)

5.186
(1.59)

4.836
(1.675)

4.167
(1.819)

NIMA
(Inception-
v2)

5.287
(1.828)

4.529
(1.724)

3.940
(1.671)

NIMA
(ConvNet)

5.806
(1.496)

3.457
(1.475)

2.455
(1.282)

Table2.Comparisonresultsoftheproposedmethodandthe
currentmethodsonthebasisoftheNIMAwithqualityscore

µ(±σ),whereµandσrepresentthemeanandstandarddeviation
ofthescore,respectively

Noticethatmaximalvaluesareemphasizedgreencolour,
minimalvaluesareemphasizedredcolour.

a)

b)

c)

Figure4.Diagramsofqualitycomparisonresults(NIMAwith
qualityscore ,where and representthemeanand

standarddeviationofthescore,respectively)oftheproposed
methodandthecurrentmethodsfor:a)CR-MONO1-10-

chest.dcmimage;b)CT-MONO2-16-chest.dcmimage;c)OT-
MONO2-8-hip.dcmimage.

4.3Computationtime

Figure5showscomparisonresultsoffastTMO’sandproposed
method.
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Figure5.Timecomparisonresultsbetweentheproposed
methodandotherTMOalgorithms

Thecomparisonresultsoftheproposedmethodbythe
processingqualityarecomparablewithotherTMOs,however,
thecomputationtimeinallcasesislowerthanforthecompared
algorithms.

5. CONCLUSIONS

Wepresentedthenewtonemappingmethodbasedonthe
adaptivetonemappingoperatorandtheprobabilisticnormal-
gammamodelinthispaper.First,weusethewindowing
operatorthattransformstheinputHDRDICOMimagerange.
Thenweapplythefilterbasedonthenormal-gammamodelto
extractthebaselayer.Subtractionthebaselayerfrom the
logarithmdomainofthewindowedimagegiveusthedetail
layer.Afterthat,thecontrastreducedbaselayeranddetaillayer
havebeenmergedandatone-reducedimageisobtained.The
qualityofourtonemappingmethodresultsiscomparableto
othertonemappingalgorithms.Thecomparisonisdoneonthe
basisofthreecomparisonmetrics-MPSNR,MSE,MAE.To
controltheperceptualqualityofimagesweuseautomatic
imagesqualityassessmentNIMAapproach.NIMAapproach
differsfromothersinthatitpredictsthedistributionofhuman
opinionscoresusingaconvolutionalneuralnetwork.NIMA
architecturealsohastheadvantageofbeingsignificantly
simplerthanothermethodswithcomparableperformance.
NIMAstandsonInception-v2,MobileNet,andConvNetimage
classifierarchitectures.Theproposedmethodhascomparable
qualitytoother17-thtonemappingalgorithms,consideredin
theexperimentalcomparison.However,thecomputationtime
ofourtonemappingmethodlowerthanthecomputationtimeof
othertonemappingalgorithms.Itgivesthechancetousethe
proposedtonemappingmethodforthesolutionofdynamic
HDRmedicalimagingcompressionproblem.
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