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Abstract -Applicationsof rank-oider-basednethoddo im-

age and signal analyseshaveprimarily focusedon Iter -

ing. Classicalmedianmin,andmax lter s havelongbeen
part of standad image processingoolboxes.More recent
work hasfocusedn more elabomteversionsof sud Iter s

and associateccomputationaissues.However, the appli-

cation of thesenonlinearmethodgo problemssud asim-

ageinterpretationhasbeenscarce Weattempto showthat
simplerank-oder-basednethodgor codingimage patches
provideinformativeand computationallyef cient local im-

age descriptos.
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ture,rank-ordering.

1. Intr oduction

This papelis aboutordinal,rank-basedodingof microim-

ages. Sincethis conceptis not generallyfamiliar in the

computervision community we begin with an informal

de nition andanexample.A coderor quantizeris a map-

ping F fromn £ n subimages$o n £ n integervaluedma-

triceswith entriesin f0; 1;:::;n? 1g. Considethe3£ 3

subimages ontheleft-handsideof (1) belov andsuppose
athresholdor granularityt hasbeen x edin adwvance,say
t = 16. Then

s= 0% @ c= 304 (1)
14 85 67 022

Theprocedurecanbeeasilyexplained(efcient implemen-
tations can differ signi cantly) as follows: The intensi-
ties of the subimageare rst ranked: 3 - 8 - 11 -
14 - 15¢ 32 - 33¢ 65 67 where¢ indicates
ajump of magnitudeaboret = 16. We codethis subimage
by assigning0 to pixel(s) with the lowestintensity hence
3(= s23) ! O(= cu3), andproceedin the ascending
order countingonly the signi cant transitions,i.e., those
> t. Thus,8;11; 14; 15areall codedby 0; 32, 33by 1; and
65; 67 by 2. We will referto this subimagecodingscheme
(F;t) asanordinal quantizer Notethatfor ary t, (F;t)
is photometricallyinvariant: the photometrictranslatesof
a patchare codedidentically Anotherpropertyof F that
holdsindependentlyft is thatF preseresrelative bright-
ness:s, - Sy) G, - Cy.

We will alsoreferto thesematrix-valuedcodesas pat-
terns and the totality of possiblecodesas the codebook

C. Note that not every n £ n matrix with entriesfrom

f0;1;:::;n%2 | 1g canbean (F;t) pattern,henceCis a
propersubsetof the abose matrices. Finally, whenn is

very small, we referto a subimages andits patternF (s)

asa“microimage”anda“micropattern”,respectiely. The
“all zeros”patternis specialandrepresentsmall contrast
noiseor clutterwith respecto (F;t).

1.1. Previous Related Work

In imageandsignalanalysesapplicationsof order statis-
tics [10] have primarily beento ltering “impulsive” noise
that would be too dif cult to eliminatewith linear Iters
without oversmoothinguseful structures. More recent
work hasfocusedon associated¢omputationalssueg12],
more elaborateversionsof such lters [11], and hasalso
extendedheselters to detectorof simpleobjects13] for
SAR imagery Overall, however, the applicationof these
nonlinearmethoddo problemsnvolving imageinterpreta-
tion hasbeenscarce.

The generalordinal quantizerqF;t) and“microimage
codes”describeckarlierappearto have beenoriginally in-
troducedin [3] in the context of natural image statistics
At aboutthe sametime, [15] apply"local binary patterns”
(LBP) obtainedby anadaptve versionof theuniform, pixel
independentuantizationof patchesto texture segmenta-
tion. It is alsoarguedin [3] that(F;t) canproducebetter
descriptorghan patternsobtainedvia the uniform quanti-
zation.

Subimagejuantizers= of [3] areaplliedin [2] for regis-
tration of ultrasoundbreasimages.Whereasacknavledg-
ing animproved performancen imageregistrationrelative
to using the imageintensitiesdirectly, the authorsin [2]
point out an undesirablesensitvity (atleastin their appli-
cation)to local contrastvariations.Here(in x5.2) we con-
sidergeneralvariablethresholdg, enablingF to adaptto
local contrastvariations.explicitly “f actoringout” thecon-
trastfrom thedescriptoimplicitly, somecontrasinforma-
tion canremainvia statisticalcorrelations).This approach
aimsto allow thegeometriq2D) informationcontentof the
coderto bemeasurednoreaccuratelythan,for example,if
thecoderof [15] is used.(Thelattercoderis adaptedo the
patchby settingthe thresholdto the intensity of a single
(central)pixel.)



In [3], theprobabilitydistribution of F -codeds reported
to vary insigni cantly with the imaging domain, spatial
andintensityscalesjn effect suggestinghatthis distribu-
tion canbe usedasa univeisal prior for higherlevel visual
tasks. We shallreturnto the crucial issueof invariancein
x3.

In [4], largesampleof 3£ 3 subimagesandomlysam-
pledfromimagef naturalscenesreconsideredThenat-
ural subimagesignalS is obseredto concentratén very
“small” subspacesf its nine-dimensionahmbientspace.
Speci cally, accordingto [4], the high-contrastomponent
of S washesout low-dimensionalsurfacescorresponding
to idealprimitive microstructurge.g.edgeletsblobs,bars,
etc.).In thesearchor acompactdescriptionof the natural
microimagedata, their analysisrelies on advancedtech-
niguesfor samplingon nonlinearsurfaces. Interestingly
the setof microstructuredescriptorobtainedn [4] assur
face representationsippearto correspondwell with the
codebookC (with the zeropatternremoved). Thus,for the
populationof naturalimagesthe simple(F;t) mapcanbe
viewed asadiscrete coarserepresentationf a continuous
mappingof the microimagedatato its principal surfaces.
Clearly, the optimality of sucha discretizationrdepend®on
t; usingasinglet for codingmary differentlocationsof a
complex imageis unlikely to performbestfor any speci ¢
purpose(seebelan). This providesanothemmotivationto
investicate adaptationf t to the local and global image
contrasts.

Much hasbeenlearnedabouthow biologicalvisualpro-
cessingadaptdo contrastvariationsin naturalimagespre-
sumablyin orderto maintainefciency ([6],[7]). In [8]
in particulay the authorsshav how the basicvision taskof
contourintegrationmightbeadaptedo local contourstatis-
tics of naturalimages,andhow this adaptatiorwould then
allow integrationto begin earlierin the processhanpre-
viously believed. We arethusalsomotivatedby the above
hypothesisthat the functional architectureof an ef cient
vision systemmight allow for almostsimultaneousietec-
tion andintegration of microscopicstructurefrom natural
stimuli. Speci cally, this leadsusto asses$x3) suitability
of (F;t) codedor their ef cient integration.

1.2. Contrib utions

In view of the currentstatusof ordinal methodswork on
naturalimagestatisticsandthesomevhatisolatedobsenra-
tionsmentionedabove, we attemptto integratetheseideas
and ndings into acoherentissessmerf the suitability of
ordinalmicroimagecoderdor investigatingimagecontent.

The information content, and perceptualdistortions,
of coding microimagepopulationsby (F;t) canbe stud-
ied in the contet of empirical probability distributions
fpeji (cji)geac of F-codeswithin individual imagesi, or
even over whole imaging domains(with f pr (C)gcoc be-

ing thedomainaverageof f pgj (Cji)gcoc). Using2£ 2 as
the smallestnon-trivial microimagecon guration, we esti-
matef pr (C)ge2c andits entrogy H (pe ) from thousandsf
high resolutionnaturalimages.The estimatesrereported
with simultaneougon denceintervals Obtainedat stan-
dardsigni cancelevels,theseintervals appearathertight,
which is not surprizinggiventhe ndings in [3] on stabil-
ity of the microimagedistribution. (In fact, simultaneous
con denceintervalsare usedto estimatethe pr probabil-
ity vector) For F with adaptie thresholdsye additionally
estimatethe mutualinformationM (S; F) betweenS, the
original microimagesignal,andits F coding. Theseand
otherexperimentalresultsare presentedn x5 andinclude
comparison®f differentadaptve versionsof F by mutual
informationM (S; F). In x6, we alsosuggesto measure
(average)perceptualdistortionsd(S; F) for a more com-
pletecomparisorof suchcoders.

2. Ordinal Quantization

Putting asidecomputationakf ciency, the F transforma-
tion of n £ n subimages 2 R" into codesis formally
describedy thefollowing steps:

1. Computetherankss® - s@ . s,
2. Derive the (discrete)derivativesO; s@ ;i sB;s@
g@ g(n?) i s D)

3. Binarize by thresholding with t:

s@ > "!Ifs(nz)is(n2i1)>tg'
wherel 5 standdor theindicatorof setA.

4. Integratethe resultingderivative chain,producing(2)
below.

5. Composethe code matrix by placing thesein their
properoriginal pixel locations.

P,z
n<j 1I » » . )
j=1 'fsli+) j st)>t g- 2

Summarizing:

De nition 1 LetL representhenumberof pixelsin patdc
s 2 Rt andlett > 0. Theordinalquantizer(F;t) : R- !
Rb is de ned component-wisby (3) below:

i 1
ltsi+n | s>t gb (3
j=1

Fi(s) =

tic oftheintensitiedn patch s, andr, istheascendingprder
rankofthel™ pixel.



Note that the assignment3) is in factindependenbf
possibletiesin rankingandhencewell-de ned. Note also
that,for (unboundedgontinuousntensitiesall themapsrF
have the samerangeCindependentlyft. Namely if cisa
patternunder(F;t) for somet, thanit is alsoa patternfor
all't > 0. However, in practices is almostalwaysdiscrete,
hence,dependingon theinitial intensity quantization the
rangeof F for onevalueof t might be properlycontained
in the rangeof F for t° < t. Then,C correspondso the
initial intensityquantizationgranularity(e.g. 1 for integer
graylevels),andits sizecaneasilybecalculatedasfollows:

2 L f

Ky ko COCK,,

X X
] =
m=1 kj>01- 1. m
kg+: +km =1L

4)

wherem representthenumberof distinctsubrgionscom-
prisingthe patch. Theindex m is alsothe numberof sub-
chainsin the orderstatisticseparatedby signi cant jumps,
and can be thoughtof as a local estimateof the depth
of the image surface (x3). In the caseof 2 £ 2 patches
(n = 2;L = 4), for example,therearejCj = 75 micropat-
terns.

3. Relevancefor Visual Processing

We shaw elsavherethat(F;t) codingemegesnaturallyas
satisfyinga setof “perceptuabxioms”basednthebright-
nesspartial order relationson the subimageand pattern
sets. A centralaxiom is that F needsto commutewith

pixel permutations4 ¥ (F (¥4(s))) = F(s). We nd this
axiomsensibldor “early vision”, thinking of the primitive
visual processorcapableonly of sorting out the receved
luminanceandnot equippedwvith abasisfor directestima-
tion of directionalderivatives.

3.1. Invariance

An importantissuehereis thatof invariance:Many subim-
agesmay sharea codec andthereareboth perceptuabnd
statisticalrelationshipsamongsubimagesvithin onesuch
“ber”.

Whenthe semantiaxplanationof imagestructureis of
directimportance,a high level of photometricinvariance
is desiredandillumination is a nuisanceparameterOften,
this type of invarianceis consideredat the global,i.e. im-
agescale,requiringan operationto yield the sameresults
for imagel asfor its (constanttranslates + const. For
every t, F is clearly invariantto photometrictranslation:
F(s) = F(s+ const). Additionally, if the samecoding
(i.e. keepingt x ed)is carriedout for every disjointn £ n
subimage(s$ of | (orasubsethereof) thecollectiveresult
clearlyremainsunchange@venif theindividualsubimages
were“brightened’unequally(by const(s)).

Photometridranslationnvariancesimply meanghat,as
a coderof anisolatedsubimage(F;t) corveys no infor-
mation aboutthe absolutebrightnessof the codedpatch.
However, when coding a populationof subimagessome
of the original brightnessnformation may be statistically
correlatedwith structure andhencemaystill be presered
indirectly.

In fact, the photometricshifts are only a subsetof all
patc transformationghat do not affectthe F -codes.This
can,for example beseerfrom Figurel. It canalsobeseen
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Figure 1. Subimageghat are mappedto the sameright-
handpatternof (1) by (F; 16) arerenderedvith 256 levels
of gray (top) andnumericallytranscribedbottom).

(asmentioneckarlier)thatunder(F; t), ary two patchese-
ceiveacommoncodeif they answetthesamewayto all the
gueries:“Is pixel u brighterthanpixel v by morethant?”
At the sametime, answeringall suchqueriesidenticallyis
notnecessarfor two patchego becodeddentically Thus,
thereis still moreinvariancethanexplainedby aggreating
patcheshasedon the binary queriesabove. This remain-
ing invariancecan intuitively be describedbasedon the
structureof the patchorderstatistic(see,for example,the
commentaryto (1) above): In two patcheswith the same
code,a pair of pixelsfrom a subchairenclosedy signi -
cantjumps(¢, ) mayrespondiifferentlyto thesamequery

Unlike the photometricshift invariance,the additional
modesof invarianceabore do dependon t, which might
be exploitedin applicationsby applyingF with variablet.
This latter possibility haslargely motivatedthis work.

3.2. Information Content

We reiteratethat, despitebeing de ned purely basedon
intensity ordering, the “non- at” (F;t)-micropatternsdo
carryprimitive directionalinformationaswell asprimitive
surfacedepthinformation. This canbe seenfrom Figure2.

Most binary patternsare trivially associatedvith one
of the eight directions(on the ¥&4 angularscale). (The
“ridgelets” 95 and ;Y canbe associatedvith pairsof op-
positedirections,but occur at the microscopicscaleless
frequently;seex5.) Any non-zeronon-binarypatternc can
be “pulled back” up to the level of its coarserbinary an-
cestorgalthoughnon-uniquely)in orderto “estimate”the



captureddirection.

The uncertaintyin simultaneousstimationof position
anddirectionis well-known to begenerallyinevitable. This
schemeprovidesa simplemechanisnto exercisethetrade-
off: Supposefor instance the patternJs is signalingthe

samediagonaldirectionas é} . In thatcasethe two would
be eachother's translatesalongthe normalto the signaled
direction. Loweringthe granularityt, would thenre ne 83
to 32.

A competingnterpretatiommightlink 35 to &5, in which
case g5 would resohe into 5. In general,under this
schemeye ning the interpretationof a code correspond-
ing to aninternalnode,requiredoweringthegranularityt.
Thus, a contourintegrator might exercisethis granularity
control,for example,in afeedbackoopiteratively attempt-
ing to connecineighbordf their codeshave compatibledi-
rections. The directionalambiguity of the coarsercodes
would thenleadto moreaggressie explorationsof conti-
nuity, perhapgesultingin illusory contours.When,andif,
the numberof contouringhypotheseseaches prede ned
limit, the codesof the moreambiguougunctionswould be
re ned. Any discoreredmisalignmentvould thenresultin
discardingthe affectedcontours.

Thedepthof thecodein the C hierarcly appearso pro-
vide rudimentaryinformationaboutthe depthof the coded
structure. We referto this depthasm(c) (m = 1;:::;4
asdeterminecby n = 2). Thereis certainly even more
ambiguityin interpretingthedepthinformationthanthedi-
rectionalone. However, shortof real estimationof curva-
ture, the (F;t) schemedoesappearo be sufcient in the
senseof providing the 2.5D primary sketch [9]. Parallel
implementation®f this coding(with larger patchesmight
thenalsoallow for fastscenesxplorationandlocal contour
integrationto developsimultaneously
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Figure2: A fragmentof Cfor n = 2 illustrating, among
other features,how the direction and depth of the mi-
crostructureanbeinducedfrom the“brightness”orderre-
lation on C presered from the original suchorderon the
patchspace.

Let usapply F to every distinct2 £ 2 microimageof
imagein Figure 3. Figure4 marksaswhite all the“ at”
(i.e. backgroundkitesof imagei, settingt = contr(i),
thespatialcontrasiof theimageaccordingo thefollowing

Figure3: A naturalimage(log intensitiesare useddueto
theverylargeimagesize).

de nition:
= X (ivi 11)? (5)
M(Ni D+NMi 1), <

contr?(i) =

wherethesummatiorisoverall M(N j 1)+ N(M j 1)
neighboringverticalandhorizontalbut notdiagonal)pairs
(k; 1) of imagesites. This de nition of contrastis adwo-
catedin [4], in particularfor being (a discreteversionof)
the only scaleinvariantnorm on imagespaces.Note that
contr?(i) is alsothe averageof the (unit lag) vertical and
horizontal(sample)variograms. We also nd this de ni-
tion helpfulin generafor comparingntensityimagespre-
sentedn differentintensityscalesandalsofor comparing
subimagesvithin animage.

As shown in Figure 5, the unit contrastcoincides(for
thisimageon the logarithmic intensity scale)with the 80-
th percentileof the empiricaldistribution of the (absolute)
differencesbetweenthe horizontally and vertically neigh-
boring pixels. Let usdenoteby G the correspondinglis-
tribution function, and by Gi ! - its inverse,the quantile
function.

4. Micr oimageand Micr opattern Dis-
trib utions and Information

Thestatisticakontext of ourexperimentsequiressomeno-
tation. The readerfamiliar with informationtheory might
skip thelatter partsof this section.

Let Q representhe original quantizedintensity scale,

our image spacefor somepositive image dimensionsM
andN (M = 1024 N = 1536in our experiments).and
let i referto anindividual imagefrom | . The spaceof
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Figure4: The backgrouncclass(white) occupies74% of
imagein Figure3, accordingo F witht = contr(l).

microimagess is denotedby - = Q”Z. We aregoingto
think of themicroimagesignalS asarandomvariablewith
valuesin - distributedaccordingo ps;, , thedistribution of
the populationof all the microimagess observedn image
i P

Psji (sji) =

I g0=
s0 'fsf=sg .
; 6
Min+1)(Njn+1) ©)
wherethesummatioris overall n £ n subimage®fi.
LetCbea nite set,imagei be x edandletF : - ! C.

De nition 2 The F-microcode distribution of image i
(over codebookC) is the distribution of the populationof
all themicropatterng- (s) observednii:
P
sltF(9)=cg .
Min+21)(Njn+1)

Peji (cji) = (7
Givena probabilitydistribution P onl , the expectations
z z

ps(s) = | Psji (sji)dP(i);

arethe meanmicroimage and microcodedistributions re-
spectvely.

Similarly de ned are ps.rj (s; cji) andpsr (s;c), the
joint distributions of the microimagesignal S andits F -
codingwithin a singleimagei, andaveragedwith respect
to the imagedistribution P, respectiely. The entrogy of
the randomvariablesS andF (within imagei) are writ-
tenasH(Sjl = i) andH(Fjl = i), respectiely. (For
acomprehensi referenceon informationtheory see[1].)
The correspondingonditionalentropiesarealsogiven by

pr(0) = Ll (cii)dP(i)

Contrast

Figure5: Cumulatie distribution functionsG for the pop-
ulationof the (absolutedifferencedetweerthehorizontal
andverticalneighbormixelsof imagein Figure3 (top),and
other 50 randomimages(below) from the samedataset
(x5.3). Thex-valuesarescaledto unit contrast(5)

H(Sjl) = R: H(Sjl = i)dP(i) H(Fjl) = R: H(Fjl =
i)dP(i), respectiely, wherethe randomimagel is as-
sumedo follow P.

Finally, giveni 2 1, the mutualinformation between
the microimagesignalS andits F -codingis de nedin (8)
below:

M (S;Fjl = i) = (8)
X . Ps; ji (s Cji)
i (s:igi) | '
Pt (5190108 iy pe 1 (ci)

s2- ;c2C

andthe conditionalinformation(relative to P) is then
Z

M (S;Fjl) = M (S;Fjl = i)dP(i): 9
[

5. Experiments

We areinterestedn estimatingprobability distributions of
(F;t) codesfor variousmethodsof de ning t. In particu-
lar, we areinterestedn assessingariationsof theseesti-
matesfrom imageto image. We arealsointerestedn es-
timatingthe correspondingnformationmeasure¢H (F jI )



Figure6: A randomsampleof 2£ 2 subimage$romimage
in Figure3.

andM (S;Fjl)) in view of their dependencen thet se-
lection. Finally, we would lik e to assesshesecodersper
ceptually similarly to how Figure4 explicatesthenotionof
microstructureccordingo aparticulart-selectiormethod.

5.1. Data

Our testimagescomefrom the popularvan Haterens col-
lection of 4167 still natural stimuli: 1024£ 1536 two
bytes/pixl, raw imagesof naturaland urbanlandscapes
obtainedwith a Kodak DCS420camera, linearized with
the lookup table generatedy the camerafor eachimage”
[5]. We have usedboththetruly linearversionaswell as
the PSF-correcteq’deblurred”) version, but presenthere
only theresultsfor thelatter, "deblurred”images.We have
alsoexcluded49 irregularimages(42 of which appearex-
tremelyblurred,with the othersesenbeingincorrectlyori-
ented),arriving at theimagesamplesizeof N, = 4118

agesdistributedaccordingto a hypotheticalnaturalimage
distributionP onl .

5.2. Adaptive Ordinal Quantization

We have consideredwo cateyoriesof methodsof adapta-
tion of (F;t) codersto contrastvariationswithin imagei.
First, the codercanbe adaptedjlobally, i.e. t is computed
basednsomeglobalimagefunction.E.g.t = ° @ontr(i),
a fraction of the spatial contrast,or t = Gi 1(°), the

° ¢100%th percentileof the distribution of the pairwise
absolutedifferences.Notethatin ary of thesecasesvery
instanceof con guration s in theimagerecevesthe same
codeF (s) (M (S;Fjl = i) = H(Fjl =1i)).

Second (F;t) coderscanbe adaptedocally. For in-
stancef canbesetto ° ¢contr(Ns) orG,i\,:(°), whereNg
is someneighborhoodf the codedpatchs. Notethatin
this casejt is possiblefor two identicalpatches = s ex-
tractedfrom differentlocationsin the imageto be coded
differently F(s) 6 F(s® (M (S;Fjl = i) = H(Fjl =
i)i H(FjS;1 = 1) < H(Fjl =1)).

Graphsin Figure 8 shov dependencef the codedin-
formationon the level ° with t = Gi (°), usingglobal
(F1 ) andlocal (Fg - 8 £ 8 neighborhoodsadaptations.
Theestimatesareobtainedfor K = 16levelsof ° andare
presentecalong with their 90% simultaneouscon dence
intervalscomputedaccordingo (10) belaw, usingthemul-
tivariatenormalasymptotio([14]):

S

M. (SiF)=M-(SF) § s ~rknmik(®),
Nim i K
—_— P . .
whereM - (S;F) = g— M (S;Fjl = i) ands? =
v ((M<(S;Fjl = i)i M:(S;F))? arethe sam-

ple meanandvarianceof theM - (S; F), respectrely, and
FkNg i k (®) isthe(1j ®) £ 100-percentileof the F -
distribution with K andNj,, | K degreesof freedom;
®= 0:1.

5.3. Estimation of pr

Recall(4) thatwith n = 2, we have jCj = 75 patternsWe
computethe 75-dimensionaprobabilityvectorspg j; (¢ for
every imagein the dataset, andfor several (F;t) coders
distinguishedy thethresholdselectiormethod andwe es-
timatethecorrespondingneanr (9 (overthenaturalim-
ageensembleyvith simultaneougon denceintenvalssim-
ilar to theonesin (10) (replacingK byjCji 1). In Figure9,
pr is estimatedvhenF is adaptedo 8£ 8 contxtsN via
t = contr(N).

6. Summary and Conclusions

We have discussed classof ordinal, nonlinearmethods
for coding microscopicstructurein intensityimageswith
a view toward imageinterpretation.Our goal hasbeento
collect theoreticaland empirical evidencein orderto as-
sesgpracticalsuitability of thesemethods. Our extensie
statisticalanalysisallows us to concludethat the consid-
eredcoderscapturamicroscopicstructuran variousnatural
domains,andwith differentimage preprocessinggonsis-
tently: High frequeng patterndn arny onesuchdomain,or
with arny oneparticularintensityscale remaincomparably
frequentin otherdomainsandwith otherintensity scales



Figure7: Left: A 2£ 2 centralblock s is presentedn its
variablesize naturalcontexts Ng extractedfrom imagein
Figure3. Theblockis codedeitheras j2 or &, depending
onthecontext Ng andthesigni cancelevel ° for threshold
selection. Right: Cumulatize distribution functionsGy
for the correspondingpopulationsof the (absolute)differ-
enceshetweertheintensitiesof the horizontalandvertical

neighbors.

Estimation with 90%-Con™ dence Intervals
7 . . . T .

M(S;F)

Figure8: Comparisorof theinformationcontentof global
(F1 ) andlocal (Fg) adaptationsacrossseveral © levels.
Simpleperceptuabssessmerge.g. Figure4) suggestshat
it is only the coderswith ° levels of about0.8 andabove
that Iter out microscopicnoise. Thus, thereappeargo
beonly 1-2 bits of "useful” informationat the microscopic
level.
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Figure9: Local adaptationt = contr(N ) with 8£ 8 con-
texts N . Principalmassegi.e. 50 mostfrequentout of 75
total patternsyotal to ¥4 99%



andundervariablepreprocessingegimes.Theinformation
contentof thesecodersis consequentlgtablewith respect
to theabove conditions.

Additional adaptation®ave beenintroducedn orderto
emphasizee xibility of the quantizationmethodsas well
asto estimateH (FjS), the coding uncertaintydueto the
local contrastvariations.

The presentedcomparisonsof information contents
M (S;F) andM (S;F9 of codersF andF ° cancertainly
be expanded.For example,in additionto a global percep-
tualanalysisadistortionmeasurel(s; ¢) canbeintroduced
to relatemicro- and macroscopigerceptualosses,simi-
larly to the ratedistortionanalysis([1]). For instancethe
consideredF;t) codersgresererelative brightnessHow-
ever, this might becomean undesirableconstraintin the
faceof a plausiblecompetitionwith spatialcontinuity (in
larger patches) Thus,coderswith M (S;F) = M (S;F9
but of different(suitablyde ned) distortionsd(S; F (S)) 6
d(S; FYS)) mightneedto be comparedThereareseveral
relevant choicesfor suchmeasureg[1]), with (10) being
but oneexample:

d(s;c) = G((ski S) e ag;  (10)

2
n(ni 1) k61

whereG is asbeforethe cdf of the populationof the (abso-
lute) differencebetweerhorizontalor verticalneighbordn
agivenimage(sk i s)* = max(0;sx i ). Thisscales
thedistortionof therelative brightnesdetweertwo pixels
to [0; 1].

Computingthesecodesef ciently is no lessimportant
for applicationsandthe necessityof executingmary sort-
ings,however optimally [12], mightstill beunattractve for
applications.Thefactthatthe setof answergo all binary
queriess, j Sy > t within patchs uniquelyidenti es the
codeof s appear<rucial: For a given subimagea small
subsetof theseanswersmight be sufcient. Depending
on the subimagepopulation(i.e. on the joint distribution
of the querybitstringsandthe F -codes) differentsubim-
ageswould generallyrequire different subsetsof queries
for computationaéf ciency in the senseof minimizingthe
averagenumberof the queriesevaluatedin determining
the code. For this purpose,a suboptimaltree-based/ec-
tor Quantizerasedon the above queriesat internalnodes
andthe F -codesat terminalnodesmight be learnedfrom
the training subimagedata; for instance one may usethe
samestratgy asin building decisiontrees,namelygreedy
entropy reduction.Regardingtheinternalnodesasapprox-
imate,yet moreinvariant, F -codesmight alsobe a viable
optionfor generatingacoarse-to- nehierarcly of localim-
agefeaturedor objectrecognitionandclassi cation. Such
VQ treesarebut oneexampleof de ning local imagefea-
turesbaseddn ordinalmethods.
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