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Acuity-MatchingResolutionDegradation

ThroughWaveletCoefficientScaling

Andrew T. Duchowski

Abstract

A wavelet-basedmultiresolutionimagerepresentationmethodis developedmatchingHumanVisual System

(HVS) spatialacuitywithin multiple RegionsOf Interest(ROIs). ROIs aremaintainedat high (original) resolution

while peripheralareasare gracefullydegraded. Variableresolutionimagesaregeneratedby selectively scaling

wavelet(detail)coefficientsprior to reconstruction.Thetechniqueisequivalentto linearinterpolationMIP-mapping

which involves smoothsubsampling(decomposition)prior to texture mapping(reconstruction). Multiple ROI

degradationis achievedthroughwaveletcoefficientscalingfollowing Voronoipartitioningof theimageplane.
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I . INTRODUCTION

In order to maximizedisplay ratesof CPU-intensive applicationssuchas flight simulators,a gaze-

contingent managementschememay be usedto direct resourcestowardsrepresentinga high-fidelity

foveal Region Of Interest(ROI), while degradingperipheraldetail [1]. Recently, gaze-contingentap-

proacheshave beenproposedfor ROI-basedvideo coding[2], [3], [4], [5]. Theseschemesconcentrate

on the representationof the foveal ROI, processingtheperipherythroughsmoothingor quantizationof

transformcoefficients.Here,amultiresolutionmethodsuitablefor gaze-contingentdisplayis introduced,

emphasizinggracefulperipheraldegradationto matchthe spatialacuity of the HumanVisual System

(HVS). The techniqueextendsprevious work on MIP-mappingto thewaveletdomainby appropriately

scalingwavelet coefficients prior to reconstructionand allowing multiple ROI representationthrough

Voronoipartitioning.

Selective scalingof waveletcoefficientsis nota new approach.A similar methodto theonedescribed

herewasshown by Nguyenet al [4]. In order to enhancerelative reconstructionquality, the authors

introduceda priori weightingfactorsdefininga region-basedweightedl2 metric. Theweightingfactors

wereconsideredasquantitative decimatingfactorsin therelative distortioncontributionsin eachregion.

Only region-basedspatialweightingwasconsidered.Thework focusedon videoencoding,whereeach

framewassynthesizedfrom a fixedsubbandrepresentation.ROIs wereselectedaccordingto a motion

criterion,wherecandidateswereobtainedfrom a segmentationmapwhich isolatedmoving objectsfrom

thebackground.To preserve thehierarchyof relevantspatialinformationin thedecimationprocess,the

ROIs wereprojectedonto the subbanddomain. Uniform thresholdquantizationwasusedon wavelet

coefficientsobtainedusingDaubechies-4filters.

Themainaspectin which Nguyenet al.’s approachdiffers from thepresenttechniqueis theuniform

decimationof theROI coefficients.Preservingcoefficientswithin ROIsanddecimatingcoefficientselse-

whereresultsin abruptresolutionmodulationat the reconstructedROI boundary. Boundariesbetween

levelsof resolutionin thereconstructedimageareclearlyvisible. This maybesuitablefor thepurposes

of compression,but it doesnot matchthe spatialsensitivity of the HVS. In contrast,the presentgoal

is to matchtheabruptbut smoothgradientof theHVS spatialacuity function. Insteadof uniform dec-

imation, resolutionis linearly interpolatedwithin andbetweenROI boundaries.The resultantimages

possesslarger MeanSquaredErrors(MSE) thanthosegeneratedby uniform ROI-projection,however,

thetransitionbetweenfovealandperipheralregionsis moregradual.
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I I . WAVELET INTERPOLATION

The DiscreteWavelet Transform(DWT) canbe usedto reconstructimagesat variableresolutionby

selectively scalingwaveletcoefficients.Providedappropriatewaveletfilterscanbefound,reconstruction

exactly matcheslinear MIP-mapping,a well known interpolative texture mappingalgorithm usedex-

tensively in computergraphics[6]. IdenticalinterpolationresultscanbegeneratedthroughtheDWT by

appropriatelyscalingwaveletcoefficientsprior to reconstruction.Waveletcoefficientscalingresultsin the

attenuationof thesignalwith respectto theaverage(low-pass)signal.Full decimationof thecoefficients

(scalingby 0) resultsin a lossy, subsampledreproductionof the original. Conversely, scalingwavelet

coefficientsby 1 preservesall detail informationproducinglosslessreconstruction.Selectively scaling

the coefficientsby a valuein the range
�
0 � 1� , at appropriatelevels of the wavelet pyramid, producesa

variableresolutionimageuponreconstruction.This approachis equivalentto MIP-mappingreconstruc-

tion with linear interpolationof pixel values[7]. Theproof is intuitive sincesubimagesin theMIP-map

pyramidcorrespondto thelow-passsubimagesrecoveredat eachstageof thewaveletreconstruction.In

fact,thelow-passsubimagesgeneratedateachlevel of reconstructionareidenticalto thesubsampledim-

agesusedin MIP-mappingprovidedbothapproachesuseequivalentdecompositionfilters andtheDWT

is guaranteedto belossless(e.g.,orthogonalwaveletsareused).

In MIP-mapping,thevalueof theinterpolantp is determinedby anarbitrarymappingfunctionwhich

specifiesthe desiredresolutionlevel l. The two closestpyramid resolutionlevels are thendetermined

by roundingdown andup to find subimagelevels j � 1 and j. The interpolantvalueis obtainedby the

relation: p � l ��� l 	 . Notethattheslopeof themappingfunctionshouldmatchtheresolutionhierarchyof

thepyramid,i.e., if resolutiondecreaseseccentricallyfrom somereferencepoint, theparameterl should

alsodecreaseeccentrically. If it doesnot, its valuemaybereversedby subtractingfrom thenumberof

resolutionlevels, i.e., n � l. To scalewaveletcoefficients, p is setto either0, 1, or the interpolantvalue

l �
� l 	 at particularsubbands.Notethattheexpressionfor theinterpolantis analogousto thescalefactor

usedwhenfiltering minified imagesegmentsin imagewarping[8].

I I I . RESOLUTION MAPPING

The ROI-basedreconstructionof the imagefrom its wavelet transformationrelies on the choiceof

a mappingfunction. The mappingfunction determinesthe degreeof peripheralresolutiondegradation

prior to reconstructionof the image,andis thuscrucial to thefinal appearanceof the image. Themap-

ping function, denotedby l, mapsresolutionfrom the multiresolutionpyramid to image space. It is
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importantto note that resolutioninformation in the pyramid is distributed nonlinearly(by decreasing

powers of 2 if the multiresolutionpyramid is dyadic in nature). Sincereconstructionis carriedout

in imagespace(dependenton the pixel location � x � y � in the final image),the resultantpercentresolu-

tion distribution is obtainedby taking the inverseof theconstant2 raisedto themappingfunction, i.e.,

% resolution 100 � 1 2l .1 In the current implementation,threemappingfunctionsare utilized: lin-

ear, nonlinear, andempiricalHVS acuity-matching.The linear andnonlinearmappingfunctionswere

chosenasapproximaterespective lower andupperboundsto the HVS matchingfunction, in termsof

percentresolution. Eachmappingfunction segmentsthe imageinto concentricresolutionregions,or

bands. The dimensionof the centralresolutionregion is definedby the imageareasubtendedby the

fovea(assumedto be5� visualangle)at thegivenviewing distance.In all threeimplementations,resolu-

tion within thecentral5� of eachROI is consistentandequal.Althoughthis is not a restrictionimposed

by the imagereconstructionmethod,the size of eachROI is maintainedconsistentlyacrossmapping

functionsso that differentperipheraldegradationmethodscould be readily compared.The threemap-

ping functionsare:(1) linear, l � d  R; (2) nonlinear, l � A � 1 � e � λ � d � R � � ; and(3) HVS acuity-matching,

l ����� ln � empirical% resolutionatpixel distance 100������ ln � 2��� . The parameterd is the pixel distance

from theROI center, andR is theradiusof thehighestresolutionregion (foveal region). Thederivation

of R is basedonanempiricalHVS acuityfunction(seebelow). For thenonlinearmappingfunction,A is

theasymptoteapproximatedat the imageboundary(hereA = 2.35). To consistentlypreserve resolution

within the radiusof the highestresolutionregion, λ is chosenso that l � 1 at pixel distanceR. That

is, 1 � A � 1 � e � λ � , giving λ � ln � A
A � 1 � . TheHVS acuity-matchingmappingis derived from empirical

MAR (minimumangleof resolution)data[9]. MAR dataat theborderof theprojectedfovealROI (at5�
visualangle)is convertedto expectedmaximumresolutionin dotsperinch(dpi). Expectedresolutionsat

peripheraleccentricitiesarederivedrelative to thismaximum.Dependingontheviewing distanceandthe

resolutionof thedisplaydevice, relative resolvability valuesin dotsper inch arethenconvertedbackto

pixel unitsto give thediametersof resolutionbands.Assuminga screendisplayresolutionof 50dpiand

aviewing distanceof 60cm,thepixel diametersusedto specifythe(piecewiselinear)resolutionmapping

function at eccentricitiesaregiven in TableI. Concentricresolutionbandsrepresentingthe resolution

mappingsin imagespaceareshown in Figure1 with 2 ROIs.2 Lighter areasarereconstructedat higher

resolution,blackringsarelevel boundaries.

1Percentresolutionrefersto relative resolutionin thereconstructedimageassuming100%resolutionin theoriginal.
2To exaggeratethespatialdistributioneffect for presentationin thetext, Figure1 usesR � 105.
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IV. MULTIPLE ROI IMAGE SEGMENTATION

To includemultipleROIswithin thereconstructedimage,theimageis partitionedinto multipleregions.

Imagefiltering is performedon a per-pixel basis,wherethe desiredresolutionat eachpixel locationis

determinedby themappingfunction,relative to thecenterof a particularROI. To selecttheappropriate

ROI, eachpixel is subjectedto a membershiptest. This test involvesmeasuringthe distancefrom the

pixel locationto eachROI center. UsingtheEuclidiandistancemetric,theresolutionlevel of thepixel is

determinedby themappingfunctionwith respectto theclosestROI center.

Formally, the setS ��� p1 ��������� pn � of n points in the plane,correspondingto ROI centers,definesa

partitionof theplaneinto n regionsV1 ��������� Vn suchthatany pixel in theregionVi is closerto thepoint pi

thanto any other p j � S. This definitionof theplanarpartitioningspecifiestheVoronoidiagramwhere

eachVi is theconvex Voronoipolygonof thepoint pi in S [10]. An exampleof theVoronoidiagramis

shown in Figure2(a). A graphicrepresentationof wavelet coefficient scalingof an arbitrary imageat

two resolutionlevelsis shown in Figure2(b). White regionsrepresentscoefficientsscaledby constant1,

blackregionsrepresentcoefficientdecimation(scalingby 0), andintermediategrayregionsarescaledby

linearly interpolatedvaluesin the interval � 0 � 1� . Notethat theboundariesbetweenlinearly interpolated

regions,i.e.,boundariesbetweenROIs,areby constructionVoronoiedges.

V. RESULTS

Examplesof thevariableresolutionwaveletscalingtechniqueareshown in Figure3. Thecnn image

wasprocessedwith anartificially placedROI over theanchor’s right eye andanotherover the“timebox”

found in the bottomright cornerof the image. Haarwaveletswereusedto accentuatethe visibility of

resolutionbands. Figure3(b), (d), and(f) show the extent of wavelet coefficient scalingin frequency

space.Notice the differentdistribution spreadof the concentricresolutionbandsundereachmapping.

The linearly mappedresolutionbandsarebroughttogetherto generatesharpdegradationwith respect

to ROI centers.Nonlinearmappingspreadsout the resolutionbandsto generategradualdegradation.

Reconstructedimagesareshown in Figure3(a),(c), and(e).
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TABLE I

RESOLUTION LEVELS (IN PIXEL DIAMETERS).

Eccentricity(relative resolution)

Screenresolution 0-5� (100%) 5� (50%) 10� (26%) 15� (23%) 20� (20%) 25� (17%)

50dpi – 105 205 310 415 525

(a) Linearmapping. (b) HVS mapping. (c) Nonlinearmapping.

Fig. 1. Resolutionbandsin imagespace(assuming100dpiscreenresolution).

(a) Voronoiplanarpartitioning. (b) Two-level waveletcoefficientscaling.

Fig. 2. Exampleof Voronoipartitioning.
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(a) Haarlinearmapping. (b) Linearmapping.

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

(e) Haarnonlinearmapping. (f) Nonlinearmapping.

Fig. 3. Imagereconstructionandwaveletcoefficient resolutionmapping(assuming50dpiscreenresolution).
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