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Acuity-MatchingResolutionDegradation
ThroughWaveletCoeficient Scaling

Andrew T. Duchowski

Abstract

A wavelet-basednultiresolutionimagerepresentatiomethodis developedmatchingHumanVisual System
(HVS) spatialacuitywithin multiple RegionsOf Interest(ROIs). ROls aremaintainedat high (original) resolution
while peripheralareasare gracefully degraded. Variableresolutionimagesare generatedy selectvely scaling
wavelet(detail)coeficientsprior to reconstructionThetechniqués equivalentto linearinterpolationMIP-mapping
which involves smoothsubsamplingl{decomposition)prior to texture mapping(reconstruction). Multiple ROI

degradations achiezedthroughwaveletcoeficient scalingfollowing Voronoipartitioningof theimageplane.
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. INTRODUCTION

In orderto maximizedisplay ratesof CPU-intensie applicationssuchasflight simulators,a gaze-
contingent managemenschememay be usedto direct resourcedowards representinga high-fidelity
foveal Region Of Interest(ROI), while degradingperipheraldetail [1]. Recently gaze-contingenap-
proachedave beenproposedor ROI-basedvideo coding[2], [3], [4], [5]. Theseschemegoncentrate
on therepresentationf the foveal ROI, processinghe peripherythroughsmoothingor quantizationof
transformcoeficients. Here,a multiresolutionmethodsuitablefor gaze-contingerdisplayis introduced,
emphasizinggraceful peripheraldegradationto matchthe spatialacuity of the HumanVisual System
(HVS). The techniqueextendsprevious work on MIP-mappingto the waveletdomainby appropriately
scalingwavelet coeficients prior to reconstructiorand allowing multiple ROI representatiorthrough

Voronoipartitioning.

Selectve scalingof waveletcoeficientsis notanen approachA similar methodto the onedescribed
herewas shavn by Nguyenet al [4]. In orderto enhancerelative reconstructiomuality, the authors
introduceda priori weightingfactorsdefininga region-basedveighted? metric. The weightingfactors
wereconsideredisquantitatve decimatingfactorsin the relative distortioncontrikutionsin eachregion.
Only region-basedspatialweightingwasconsidered.The work focusedon video encodingwhereeach
framewassynthesizedrom a fixed subbandepresentationROIls were selectedaccordingto a motion
criterion,wherecandidatesvereobtainedirom a segmentatiormapwhich isolatedmoving objectsfrom
the background.To presere the hierarchyof relevant spatialinformationin the decimationprocessthe
ROIs were projectedonto the subbanddomain. Uniform thresholdquantizationwas usedon wavelet

coeficientsobtainedusingDaubechies-ilters.

The mainaspecin which Nguyenet al.s approachdiffers from the presentechniqueis the uniform
decimationof the ROI coeficients. Preservingoeficientswithin ROIs anddecimatingcoeficientselse-
whereresultsin abruptresolutionmodulationat the reconstructedROl boundary Boundarieshetween
levels of resolutionin thereconstructedmageareclearlyvisible. This may be suitablefor the purposes
of compressionput it doesnot matchthe spatialsensitvity of the HVS. In contrast,the presentgoal
is to matchthe abruptbut smoothgradientof the HVS spatialacuity function. Insteadof uniform dec-
imation, resolutionis linearly interpolatedwithin and betweenROI boundaries. The resultantimages
possessarger Mean Squarederrors (MSE) thanthosegeneratedy uniform ROI-projection,however,

thetransitionbetweerfovealandperipherakegionsis moregradual.
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Il. WAVELET INTERPOLATION

The DiscreteWavelet Transform(DWT) canbe usedto reconstrucimagesat variableresolutionby
selectvely scalingwaveletcoeficients. Provided appropriatevaveletfilters canbefound, reconstruction
exactly matchedinear MIP-mapping,a well knowvn interpolatve texture mappingalgorithm usedex-
tensvely in computergraphicg[6]. Identicalinterpolationresultscanbe generatedhroughthe DWT by
appropriatelyscalingwaveletcoeficientsprior to reconstructionWaveletcoeficientscalingresultsn the
attenuatiorof the signalwith respecto the average(low-pass)signal. Full decimationof the coeficients
(scalingby 0) resultsin a lossy subsampledeproductionof the original. Cornversely scalingwavelet
coeficientsby 1 preseresall detailinformationproducinglosslesseconstruction.Selectvely scaling
the coeficientsby a valuein the range|0, 1], at appropriatdevels of the wavelet pyramid, producesa
variableresolutionimageuponreconstructionThis approachs equialentto MIP-mappingreconstruc-
tion with linearinterpolationof pixel values[7]. The proofis intuitive sincesubimagesn the MIP-map
pyramid correspondo the low-passsubimagesecoveredat eachstageof the waveletreconstructionln
fact,thelow-passsubimagegenerate@teachlevel of reconstructiorareidenticalto thesubsampledn-
agesusedin MIP-mappingprovided both approachesseequivalentdecompositiorfilters andthe DWT
is guaranteedo belosslesge.g.,orthogonalwaveletsareused).

In MIP-mapping the valueof theinterpolantp is determinedy anarbitrarymappingfunctionwhich
specifiesthe desiredresolutionlevel |. The two closestpyramid resolutionlevels are then determined
by roundingdown andup to find subimagdevels j — 1 and j. Theinterpolantvalueis obtainedby the
relation: p=1— [l |. Notethattheslopeof themappingfunctionshouldmatchtheresolutionhierarchyof
thepyramid,i.e., if resolutiondecreasesccentricallyfrom somereferencegooint, the parametet should
alsodecreas@ccentrically If it doesnot, its value may be reversedby subtractingrom the numberof
resolutionlevels,i.e.,n—1. To scalewaveletcoeficients, p is setto either0, 1, or theinterpolantvalue
| — | 1] at particularsubbandsNotethatthe expressiorfor theinterpolantis analogouso the scalefactor

usedwhenfiltering minified imagesegmentsin imagewarping|8].

1. RESOLUTION MAPPING

The ROI-basedreconstructiorof the imagefrom its wavelet transformatiorrelies on the choice of
a mappingfunction. The mappingfunction determineghe degreeof peripheralresolutiondegradation
prior to reconstructiorof theimage,andis thuscrucialto thefinal appearancef theimage. The map-

ping function, denotedby |, mapsresolutionfrom the multiresolutionpyramid to image space. It is
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importantto note that resolutioninformationin the pyramid is distributed nonlinearly (by decreasing
powers of 2 if the multiresolutionpyramid is dyadicin nature). Sincereconstructionis carried out
in imagespace(dependenbn the pixel location (x,y) in the final image),the resultantpercentresolu-
tion distribution is obtainedby taking the inverseof the constant2 raisedto the mappingfunction,i.e.,
% resolutiony200= 1/2'.1 In the currentimplementation three mappingfunctionsare utilized: lin-
ear nonlineay and empirical HVS acuity-matching.The linear and nonlinearmappingfunctionswere
chosenas approximaterespectie lower and upperboundsto the HVS matchingfunction, in termsof
percentresolution. Eachmappingfunction segmentsthe imageinto concentricresolutionregions, or
bands. The dimensionof the centralresolutionregion is definedby the image areasubtendedy the
fovea(assumedo be5° visualangle)atthe givenviewing distanceln all threeimplementations;esolu-
tion within the central5® of eachROI is consistenandequal. Althoughthisis notarestrictionimposed
by the imagereconstructiormethod,the size of eachROI is maintainedconsistentlyacrossmapping
functionsso that different peripheraldegradationmethodscould be readily compared.The threemap-
ping functionsare: (1) linear, | = d/R; (2) nonlineay|l = A(1— e M9/R)); and(3) HVS acuity-matching,
| = —(In(empirical% resolutionat pixel distanc¢100)) /(In(2)). The parameted is the pixel distance
from the ROI center andR is the radiusof the highestresolutionregion (foveal region). The derivation
of Ris basedonanempiricalHVS acuityfunction(seebelow). For the nonlineamappingfunction, A is
the asymptoteapproximatedat the imageboundary(hereA = 2.35). To consistentlypresere resolution
within the radiusof the highestresolutionregion, A is chosenso thatl = 1 at pixel distanceR. That
is, 1=A(1—e™), giving A = In(z2;). The HVS acuity-matchingnappingis derived from empirical
MAR (minimumangleof resolution)data[9]. MAR dataatthe borderof the projectedfoveal ROI (at5°
visualangle)is convertedto expectedmaximumresolutionin dotsperinch (dpi). Expectedesolutionsat
peripherakccentricitiearederivedrelative to this maximum.Dependingntheviewing distanceandthe
resolutionof the displaydevice, relative resohability valuesin dotsperinch arethencorvertedbackto
pixel unitsto give the diametersof resolutionbands.Assuminga screendisplayresolutionof 50dpiand
aviewing distanceof 60cm,thepixel diametersisedto specifythe (piecaviselinear) resolutionmapping
function at eccentricitiesare given in Tablel. Concentricresolutionbandsrepresentinghe resolution
mappingsn imagespaceareshovn in Figure1 with 2 ROIs? Lighter areasarereconstructect higher

resolution blackringsarelevel boundaries.

Ipercentesolutionrefersto relative resolutionin the reconstructedémageassumingL00%resolutionin the original.
2To exaggeratehe spatialdistribution effect for presentatiorin thetext, Figurel usesR = 105.
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IV. MULTIPLE ROl IMAGE SEGMENTATION

Toincludemultiple ROIswithin thereconstructeimage theimageis partitionedinto multiple regions.
Imagefiltering is performedon a perpixel basis,wherethe desiredresolutionat eachpixel locationis
determinecby the mappingfunction, relative to the centerof a particularROI. To selectthe appropriate
ROI, eachpixel is subjectedo a membershigest. This testinvolves measuringhe distancefrom the
pixel locationto eachROI center Usingthe Euclidiandistancanetric,theresolutionlevel of the pixel is
determinedy the mappingfunctionwith respecto the closestROI center

Formally, the setS= {pa,..., pn} Of n pointsin the plane,correspondindo ROI centers definesa
partitionof the planeinto n regionsVi,...,V, suchthatary pixel in theregionV; is closerto the point p
thanto ary other p; € S. This definition of the planarpartitioningspecifiesthe Voronoidiagramwhere
eachV, is the corvex Voronoipolygonof the point p; in S[10]. An exampleof the Voronoidiagramis
shawvn in Figure 2(a). A graphicrepresentatiof wavelet coeficient scalingof an arbitraryimageat
two resolutionlevelsis shavn in Figure2(b). White regionsrepresentsoeficientsscaledoy constantl,
blackregionsrepresentoeficient decimation(scalingby 0), andintermediategrayregionsarescaledby
linearly interpolatedvaluesin theintenal (0,1). Notethatthe boundariedetweerlinearly interpolated

regions,i.e.,boundariebetweerROls, areby constructioriVoronoiedges.

V. RESULTS

Examplesof the variableresolutionwavelet scalingtechniqueareshavn in Figure3. Thecnn image
wasprocessedvith anartificially placedROI over theanchors right eye andanotherover the “timebox”
foundin the bottomright cornerof the image. Haarwaveletswere usedto accentuatehe visibility of
resolutionbands. Figure 3(b), (d), and (f) shav the extent of wavelet coeficient scalingin frequeng
space.Notice the differentdistribution spreadof the concentricresolutionbandsundereachmapping.
The linearly mappedresolutionbandsare broughttogetherto generatesharpdegradationwith respect
to ROI centers. Nonlinearmappingspreadsout the resolutionbandsto generategradualdegradation.

Reconstructednagesareshavn in Figure3(a),(c), and(e).
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TABLE |

RESOLUTION LEVELS (IN PIXEL DIAMETERS).

Eccentricity(relative resolution)
Screemresolution| 0-5° (100%) 5° (50%) 10° (26%) 15° (23%) 20° (20%) 25 (17%)
50dpi - 105 205 310 415 525

i
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Fig. 1. Resolutionbandsn imagespacgassumindglO0dpiscreerresolution).
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(a) Voronoiplanarpartitioning. (b) Two-level waveletcoeficieﬁtscaling.
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Fig. 2. Exampleof Voronoipartitioning.
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(a) Haarlinearmapping. (b) Linearmapping.

(c) HaarHVS mapping. (d) HVS mapping.

(e) Haarnonlineammapping. () Nonlinearmapping.

Fig. 3. Imagereconstructiorandwaveletcoeficientresolutionmapping(assuming0dpiscreerresolution).
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