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Abstract -Applicationsof rank-order-basedmethodsto im-
age and signal analyseshaveprimarily focusedon �lter -
ing. Classicalmedian,min,andmax�lter s havelongbeen
part of standard image processingtoolboxes.More recent
workhasfocusedonmoreelaborateversionsof such �lter s
andassociatedcomputationalissues.However, theappli-
cationof thesenonlinearmethodsto problemssuch asim-
ageinterpretationhasbeenscarce. Weattemptto showthat
simplerank-order-basedmethodsfor codingimagepatches
provideinformativeandcomputationallyef�cient local im-
agedescriptors.
Keywords: Coding, informative descriptors,microstruc-
ture,rank-ordering.

1. Intr oduction
Thispaperis aboutordinal,rank-basedcodingof microim-
ages. Sincethis conceptis not generallyfamiliar in the
computervision community, we begin with an informal
de�nition andanexample.A coderor quantizeris a map-
pingF from n £ n subimagesto n £ n integer-valuedma-
triceswith entriesin f 0; 1; : : : ; n2 ¡ 1g. Considerthe3£ 3
subimages on theleft-handsideof (1) below andsuppose
a thresholdor granularityt hasbeen�x ed in advance,say
t = 16. Then

s =
33 8 32
11 15 3
14 65 67

(F ;t )
7! c =

1 0 1
0 0 0
0 2 2

: (1)

Theprocedurecanbeeasilyexplained(ef�cient 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
a jumpof magnitudeabovet = 16. Wecodethissubimage
by assigning0 to pixel(s) with the lowestintensity, hence
3(= s2;3) ! 0(= c2;3), and proceedin 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) asan ordinal quantizer. Note that for any t, (F; t)
is photometricallyinvariant: the photometrictranslatesof
a patcharecodedidentically. Anotherpropertyof F that
holdsindependentlyof t is thatF preservesrelativebright-
ness:su · sv ) cu · cv .

We will alsorefer to thesematrix-valuedcodesaspat-
terns and the totality of possiblecodesas the codebook

C. Note that not every n £ n matrix with entriesfrom
f 0; 1; : : : ; n2 ¡ 1g canbe an (F; t) pattern,henceC is a
propersubsetof the above matrices. Finally, when n is
very small, we refer to a subimages andits patternF (s)
asa “microimage”anda “micropattern”,respectively. The
“all zeros”patternis specialandrepresentssmall contrast
noiseor clutterwith respectto (F; t).

1.1. PreviousRelatedWork

In imageandsignalanalyses,applicationsof orderstatis-
tics [10] have primarily beento �ltering “impulsive” noise
that would be too dif�cult to eliminatewith linear �lters
without over-smoothinguseful structures. More recent
work hasfocusedon associatedcomputationalissues[12],
moreelaborateversionsof such�lters [11], andhasalso
extendedthese�lters to detectorsof simpleobjects[13] for
SAR imagery. Overall, however, the applicationof these
nonlinearmethodsto problemsinvolving imageinterpreta-
tion hasbeenscarce.

The generalordinal quantizers(F; t) and“microimage
codes”describedearlierappearto have beenoriginally in-
troducedin [3] in the context of natural image statistics.
At aboutthesametime, [15] apply”local binarypatterns”
(LBP) obtainedby anadaptiveversionof theuniform,pixel
independentquantizationof patches,to texture segmenta-
tion. It is alsoarguedin [3] that (F; t) canproducebetter
descriptorsthanpatternsobtainedvia the uniform quanti-
zation.

SubimagequantizersF of [3] areaplliedin [2] for regis-
trationof ultrasoundbreastimages.Whereasacknowledg-
ing animprovedperformancein imageregistrationrelative
to using the imageintensitiesdirectly, the authorsin [2]
point out anundesirablesensitivity (at leastin their appli-
cation)to local contrastvariations.Here(in x5.2)we con-
sidergeneralvariablethresholdst, enablingF to adaptto
localcontrastvariations,explicitly “f actoringout” thecon-
trastfrom thedescriptor(implicitly, somecontrastinforma-
tion canremainvia statisticalcorrelations).This approach
aimsto allow thegeometric(2D) informationcontentof the
coderto bemeasuredmoreaccuratelythan,for example,if
thecoderof [15] is used.(Thelattercoderis adaptedto the
patchby settingthe thresholdto the intensityof a single
(central)pixel.)



In [3], theprobabilitydistributionof F -codesis reported
to vary insigni�cantly with the imaging domain, spatial
andintensityscales,in effect suggestingthat this distribu-
tion canbeusedasauniversalprior for higher-level visual
tasks.We shall returnto thecrucial issueof invariancein
x3.

In [4], largesamplesof 3£ 3 subimagesrandomlysam-
pledfrom imagesof naturalscenesareconsidered.Thenat-
ural subimagesignalS is observed to concentratein very
“small” subspacesof its nine-dimensionalambientspace.
Speci�cally, accordingto [4], thehigh-contrastcomponent
of S washesout low-dimensionalsurfacescorresponding
to idealprimitivemicrostructure(e.g.edgelets,blobs,bars,
etc.). In thesearchfor a compactdescriptionof thenatural
microimagedata, their analysisrelies on advancedtech-
niquesfor samplingon nonlinearsurfaces. Interestingly,
thesetof microstructuredescriptorsobtainedin [4] assur-
face representationsappearto correspondwell with the
codebookC(with thezeropatternremoved). Thus,for the
populationof naturalimages,thesimple(F; t) mapcanbe
viewedasa discrete,coarserepresentationof a continuous
mappingof the microimagedatato its principal surfaces.
Clearly, theoptimality of sucha discretizationdependson
t; usinga singlet for codingmany differentlocationsof a
complex imageis unlikely to performbestfor any speci�c
purpose(seebelow). This providesanothermotivation to
investigateadaptationsof t to the local andglobal image
contrasts.

Muchhasbeenlearnedabouthow biologicalvisualpro-
cessingadaptsto contrastvariationsin naturalimages,pre-
sumablyin order to maintainef�ciency ([6],[7]). In [8]
in particular, theauthorsshow how thebasicvision taskof
contourintegrationmightbeadaptedto localcontourstatis-
tics of naturalimages,andhow this adaptationwould then
allow integration to begin earlier in the processthanpre-
viously believed. We arethusalsomotivatedby theabove
hypothesisthat the functional architectureof an ef�cient
vision systemmight allow for almostsimultaneousdetec-
tion andintegrationof microscopicstructurefrom natural
stimuli. Speci�cally, this leadsusto assess(x3) suitability
of (F; t) codesfor theiref�cient integration.

1.2. Contrib utions
In view of the currentstatusof ordinal methods,work on
naturalimagestatistics,andthesomewhatisolatedobserva-
tionsmentionedabove,we attemptto integratetheseideas
and�ndings into acoherentassessmentof thesuitabilityof
ordinalmicroimagecodersfor investigatingimagecontent.

The information content, and perceptualdistortions,
of codingmicroimagepopulationsby (F; t) canbe stud-
ied in the context of empirical probability distributions
f pF j I (cji )gc2C of F -codeswithin individual imagesi , or
even over whole imaging domains(with f pF (c)gc2C be-

ing thedomainaverageof f pF j I (cji )gc2C ). Using2 £ 2 as
thesmallestnon-trivial microimagecon�guration,we esti-
matef pF (c)gc2C andits entropy H(pF ) from thousandsof
high resolutionnaturalimages.Theestimatesarereported
with simultaneouscon�denceintervals. Obtainedat stan-
dardsigni�cancelevels,theseintervalsappearrathertight,
which is not surprizinggiven the �ndings in [3] on stabil-
ity of the microimagedistribution. (In fact, simultaneous
con�denceintervalsareusedto estimatethe pF probabil-
ity vector.) For F with adaptivethresholds,weadditionally
estimatethemutualinformationM (S; F ) betweenS, the
original microimagesignal,and its F coding. Theseand
otherexperimentalresultsarepresentedin x5 andinclude
comparisonsof differentadaptive versionsof F by mutual
informationM (S; F ). In x6, we alsosuggestto measure
(average)perceptualdistortionsd(S; F ) for a morecom-
pletecomparisonof suchcoders.

2. Ordinal Quantization
Puttingasidecomputationalef�ciency, the F transforma-
tion of n £ n subimagess 2 Rn 2

into codesis formally
describedby thefollowing steps:

1. Computetherankss(1) · s(2) · : : : · s(n 2 ) .

2. Derive the(discrete)derivatives0; s(2) ¡ s(1) ; s(3) ¡
s(2) ; : : : ; s(n 2 ) ¡ s(n 2 ¡ 1) .

3. Binarize by thresholding with t:
0; I f s(2) ¡ s(1) >t g; I f s(3) ¡ s(2) >t g; : : : ; I f s( n 2 ) ¡ s( n 2 ¡ 1) >t g,
whereIA standsfor theindicatorof setA.

4. Integratetheresultingderivative chain,producing(2)
below.

5. Composethe code matrix by placing thesein their
properoriginalpixel locations.

0; I f s(2) ¡ s(1) >t g; I f s(2) ¡ s(1) >t g + I f s(3) ¡ s(2) >t g; : : : ;
P n 2 ¡ 1

j =1 I f s( j +1) ¡ s( j ) >t g: (2)

Summarizing:

De�nition 1 LetL representthenumberof pixelsin patch
s 2 RL andlet t > 0. Theordinalquantizer(F; t) : RL !
RL is de�nedcomponent-wiseby (3) below:

Fl (s) =
r l ¡ 1X

j =1

I f s( j +1) ¡ s( j ) >t g; (3)

wheres(1) ; s(2) ; : : : ; s(n 2 ) are the(ascending)orderstatis-
tic of theintensitiesin patch s, andr l is theascendingorder
rankof thel th pixel.



Note that the assignment(3) is in fact independentof
possibleties in rankingandhencewell-de�ned. Notealso
that,for (unbounded)continuousintensities,all themapsF
have thesamerangeCindependentlyof t. Namely, if c is a
patternunder(F; t) for somet, thanit is alsoa patternfor
all t > 0. However, in practices is almostalwaysdiscrete,
hence,dependingon the initial intensityquantization,the
rangeof F for onevalueof t might beproperlycontained
in the rangeof F for t0 < t. Then,C correspondsto the
initial intensityquantizationgranularity(e.g. 1 for integer
graylevels),andits sizecaneasilybecalculatedasfollows:

jCj =
LX

m =1

X

k l > 0 1 · l · m
k 1 + ::: + k m = L

µ
L

k1 k2 ¢¢¢km

¶
; (4)

wherem representsthenumberof distinctsubregionscom-
prising thepatch.The index m is alsothenumberof sub-
chainsin theorderstatisticseparatedby signi�cant jumps,
and can be thought of as a local estimateof the depth
of the imagesurface(x3). In the caseof 2 £ 2 patches
(n = 2; L = 4), for example,therearejCj = 75 micropat-
terns.

3. Relevancefor Visual Processing
Weshow elsewherethat(F; t) codingemergesnaturallyas
satisfyingasetof “perceptualaxioms”basedonthebright-
nesspartial order relationson the subimageand pattern
sets. A centralaxiom is that F needsto commutewith
pixel permutations¾: ¾¡ 1(F (¾(s))) = F (s). We �nd this
axiomsensiblefor “early vision”, thinkingof theprimitive
visual processorcapableonly of sorting out the received
luminance,andnotequippedwith abasisfor directestima-
tion of directionalderivatives.

3.1. Invariance
An importantissuehereis thatof invariance:Many subim-
agesmaysharea codec andtherearebothperceptualand
statisticalrelationshipsamongsubimageswithin onesuch
“�ber”.

Whenthesemanticexplanationof imagestructureis of
direct importance,a high level of photometricinvariance
is desiredandillumination is a nuisanceparameter. Often,
this typeof invarianceis consideredat theglobal, i.e. im-
agescale,requiringan operationto yield the sameresults
for imageI asfor its (constant)translatesI + const. For
every t, F is clearly invariant to photometrictranslation:
F (s) = F (s + const). Additionally, if the samecoding
(i.e. keepingt �x ed)is carriedout for every disjoint n £ n
subimage(s)s of I (orasubsetthereof),thecollectiveresult
clearlyremainsunchangedevenif theindividualsubimages
were“brightened”unequally(by const(s)).

Photometrictranslationinvariancesimplymeansthat,as
a coderof an isolatedsubimage,(F; t) conveys no infor-
mation aboutthe absolutebrightnessof the codedpatch.
However, whencodinga populationof subimages,some
of the original brightnessinformationmay be statistically
correlatedwith structure,andhencemaystill bepreserved
indirectly.

In fact, the photometricshifts are only a subsetof all
patch transformationsthat do not affecttheF -codes.This
can,for example,beseenfrom Figure1. It canalsobeseen
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Figure 1: Subimagesthat are mappedto the sameright-
handpatternof (1) by (F; 16) arerenderedwith 256levels
of gray(top)andnumericallytranscribed(bottom).

(asmentionedearlier)thatunder(F; t), any two patchesre-
ceiveacommoncodeif they answerthesamewayto all the
queries:“Is pixel u brighterthanpixel v by morethant?”
At thesametime,answeringall suchqueriesidentically is
notnecessaryfor two patchesto becodedidentically. Thus,
thereis still moreinvariancethanexplainedby aggregating
patchesbasedon the binary queriesabove. This remain-
ing invariancecan intuitively be describedbasedon the
structureof thepatchorderstatistic(see,for example,the
commentaryto (1) above): In two patcheswith the same
code,a pair of pixels from a subchainenclosedby signi�-
cantjumps(¿ ) mayresponddifferentlyto thesamequery.

Unlike the photometricshift invariance,the additional
modesof invarianceabove do dependon t, which might
beexploitedin applicationsby applyingF with variablet.
This latterpossibilityhaslargelymotivatedthiswork.

3.2. Inf ormation Content
We reiteratethat, despitebeing de�ned purely basedon
intensity ordering, the “non-�at” (F; t)-micropatternsdo
carryprimitive directionalinformationaswell asprimitive
surfacedepthinformation.Thiscanbeseenfrom Figure2.

Most binary patternsare trivially associatedwith one
of the eight directions(on the ¼=4 angularscale). (The
“ridgelets” 01

10 and 10
01 canbe associatedwith pairsof op-

positedirections,but occur at the microscopicscaleless
frequently;seex5.) Any non-zeronon-binarypatternc can
be “pulled back” up to the level of its coarser, binary an-
cestors(althoughnon-uniquely)in orderto “estimate”the



captureddirection.
The uncertaintyin simultaneousestimationof position

anddirectionis well-known to begenerallyinevitable.This
schemeprovidesasimplemechanismto exercisethetrade-
off: Suppose,for instance,the pattern 01

00 is signalingthe
samediagonaldirectionas 11

01 . In thatcasethe two would
beeachother's translatesalongthenormalto thesignaled
direction.Loweringthegranularityt, would thenre�ne 01

00
to 12

01 .
A competinginterpretationmightlink 01

00 to 11
00 , in which

case 01
00 would resolve into 12

00 . In general,under this
scheme,re�ning the interpretationof a codecorrespond-
ing to aninternalnode,requiresloweringthegranularityt.
Thus,a contourintegratormight exercisethis granularity
control,for example,in afeedbackloopiteratively attempt-
ing to connectneighborsif their codeshave compatibledi-
rections. The directionalambiguity of the coarsercodes
would thenleadto moreaggressive explorationsof conti-
nuity, perhapsresultingin illusory contours.When,andif,
thenumberof contouringhypothesesreachesa prede�ned
limit, thecodesof themoreambiguousjunctionswouldbe
re�ned. Any discoveredmisalignmentwould thenresultin
discardingtheaffectedcontours.

Thedepthof thecodein theChierarchy appearsto pro-
vide rudimentaryinformationaboutthedepthof thecoded
structure. We refer to this depthasm(c) (m = 1; : : : ; 4
as determinedby n = 2). Thereis certainly even more
ambiguityin interpretingthedepthinformationthanthedi-
rectionalone. However, shortof realestimationof curva-
ture, the (F; t) schemedoesappearto be suf�cient in the
senseof providing the 2.5D primary sketch [9]. Parallel
implementationsof thiscoding(with largerpatches)might
thenalsoallow for fastsceneexplorationandlocalcontour
integrationto developsimultaneously.
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Figure2: A fragmentof C for n = 2 illustrating, among
other features,how the direction and depth of the mi-
crostructurecanbeinducedfrom the“brightness”orderre-
lation on C preserved from the original suchorderon the
patchspace.

Let us apply F to every distinct 2 £ 2 microimageof
imagein Figure3. Figure4 marksaswhite all the “�at”
(i.e. background)sitesof imagei , settingt = contr (i ),
thespatialcontrastof theimageaccordingto thefollowing

Figure3: A naturalimage(log intensitiesareuseddueto
thevery largeimagesize).

de�nition:

contr 2(i ) =
1

M (N ¡ 1) + N (M ¡ 1)

X

k» l

(i k ¡ i l )2 (5)

wherethesummationis over all M (N ¡ 1) + N (M ¡ 1)
neighboring(verticalandhorizontalbut notdiagonal)pairs
(k; l ) of imagesites. This de�nition of contrastis advo-
catedin [4], in particularfor being(a discreteversionof)
the only scaleinvariantnorm on imagespaces.Note that
contr 2(i ) is alsotheaverageof the (unit lag) vertical and
horizontal(sample)variograms.We also �nd this de�ni-
tion helpful in generalfor comparingintensityimagespre-
sentedondifferentintensityscales,andalsofor comparing
subimageswithin animage.

As shown in Figure5, the unit contrastcoincides(for
this imageon the logarithmic intensityscale)with the80-
th percentileof theempiricaldistribution of the(absolute)
differencesbetweenthe horizontallyandvertically neigh-
boring pixels. Let us denoteby G the correspondingdis-
tribution function, and by G¡ 1 - its inverse,the quantile
function.

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

Thestatisticalcontext of ourexperimentsrequiressomeno-
tation. The readerfamiliar with informationtheorymight
skip thelatterpartsof this section.

Let Q representthe original quantizedintensity scale,
in our caseQ = f 0; : : : ; 216 ¡ 1g. Let I = QM N be
our imagespacefor somepositive imagedimensionsM
andN (M = 1024, N = 1536in our experiments),and
let i refer to an individual imagefrom I . The spaceof
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Figure4: The backgroundclass(white) occupies74% of
imagein Figure3, accordingto F with t = contr (I ).

microimagess is denotedby ­ = Qn 2
. We aregoing to

think of themicroimagesignalS asarandomvariablewith
valuesin ­ distributedaccordingto pSj I , thedistributionof
thepopulationof all themicroimagess observedin image
i :

pSj I (sji ) =

P
s0 I f s0= sg

(M ¡ n + 1)(N ¡ n + 1)
; (6)

wherethesummationis overall n £ n subimagesof i .
Let Cbea�nite set,imagei be�x edandlet F : ­ ! C.

De�nition 2 The F -microcode distribution of image i
(over codebookC) is the distribution of the populationof
all themicropatternsF (s) observedin i :

pF j I (cji ) =

P
s I f F (s)= cg

(M ¡ n + 1)(N ¡ n + 1)
: (7)

GivenaprobabilitydistributionP on I , theexpectations

pS (s) =
Z

I
pSj I (sji )dP(i ); pF (c) =

Z

I
pF j I (cji )dP(i )

arethemeanmicroimage andmicrocodedistributions, re-
spectively.

Similarly de�ned arepS;F j I (s; cji ) andpS;F (s; c), the
joint distributionsof the microimagesignalS and its F -
codingwithin a singleimagei , andaveragedwith respect
to the imagedistribution P, respectively. The entropy of
the randomvariablesS andF (within imagei ) arewrit-
ten as H(SjI = i ) and H(F jI = i ), respectively. (For
a comprehensive referenceon informationtheory, see[1].)
Thecorrespondingconditionalentropiesarealsogivenby
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Figure5: Cumulative distribution functionsG for thepop-
ulationof the(absolute)differencesbetweenthehorizontal
andverticalneighborpixelsof imagein Figure3 (top),and
other 50 randomimages(below) from the samedataset
(x5.3). Thex-valuesarescaledto unit contrast(5)

H(SjI ) =
R

I H(SjI = i )dP(i ) H (F jI ) =
R

I H(F jI =
i )dP(i ), respectively, where the randomimage I is as-
sumedto follow P.

Finally, given i 2 I , the mutual informationbetween
themicroimagesignalS andits F -codingis de�ned in (8)
below:

M (S; F jI = i ) = (8)
X

s2 ­ ;c2C

pS;F j I (s; cji ) log
pS;F j I (s; cji )

pSj I (sji )pF j I (cji )

andtheconditionalinformation(relative to P) is then

M (S; F jI ) =
Z

I
M (S; F jI = i )dP(i ): (9)

5. Experiments
We areinterestedin estimatingprobabilitydistributionsof
(F; t) codesfor variousmethodsof de�ning t. In particu-
lar, we areinterestedin assessingvariationsof theseesti-
matesfrom imageto image. We arealsointerestedin es-
timatingthecorrespondinginformationmeasures(H(F jI )



Figure6: A randomsampleof 2£ 2 subimagesfrom image
in Figure3.

andM (S; F jI )) in view of their dependenceon the t se-
lection. Finally, we would like to assessthesecodersper-
ceptually, similarly to how Figure4 explicatesthenotionof
microstructureaccordingtoaparticulart-selectionmethod.

5.1. Data
Our testimagescomefrom thepopularvanHateren's col-
lection of 4167 still natural stimuli: 1024£ 1536, two
bytes/pixel, raw imagesof naturaland urban landscapes
obtainedwith a KodakDCS420camera,“linearizedwith
the lookup tablegeneratedby thecamerafor eachimage”
[5]. We have usedboth the truly linear versionaswell as
the PSF-corrected(”deblurred”) version,but presenthere
only theresultsfor thelatter, ”deblurred”images.Wehave
alsoexcluded49 irregular images(42 of which appearex-
tremelyblurred,with theothersevenbeingincorrectlyori-
ented),arriving at the imagesamplesizeof N im = 4118.
Thus,weassumethati1; i2; : : : ; iN im arei.i.d. randomim-
agesdistributedaccordingto a hypotheticalnaturalimage
distributionP on I .

5.2. AdaptiveOrdinal Quantization
We have consideredtwo categoriesof methodsof adapta-
tion of (F; t) codersto contrastvariationswithin imagei .
First, thecodercanbeadaptedglobally, i.e. t is computed
basedonsomeglobalimagefunction.E.g. t = ° ¢contr (i ),
a fraction of the spatial contrast,or t = G¡ 1(° ), the

° ¢100%-th percentileof the distribution of the pairwise
absolutedifferences.Notethat in any of thesecasesevery
instanceof con�guration s in the imagereceivesthesame
codeF (s) (M (S; F jI = i ) = H(F jI = i )).

Second, (F; t) coderscan be adaptedlocally. For in-
stance,t canbesetto ° ¢contr (N s) or G¡ 1

N s
(° ), whereNs

is someneighborhoodof the codedpatchs. Note that in
this case,it is possiblefor two identicalpatchess = s0 ex-
tractedfrom different locationsin the imageto be coded
differently F (s) 6= F (s0) (M (S; F jI = i ) = H(F jI =
i ) ¡ H (F jS; I = i ) < H(F jI = i )).

Graphsin Figure8 show dependenceof the codedin-
formationon the level ° with t = G¡ 1(° ), usingglobal
(F1 ) and local (F8 - 8 £ 8 neighborhoods)adaptations.
Theestimatesareobtainedfor K = 16 levelsof ° andare
presentedalong with their 90% simultaneouscon�dence
intervalscomputedaccordingto (10)below, usingthemul-
tivariatenormalasymptotic([14]):

M ° (S; F ) = M ° (S; F ) § s°

s
K FK ;N im ¡ K (®)

N im ¡ K
;

whereM ° (S; F ) = 1
N im

P
i M (S; F jI = i ) ands2

° =
1

N im

P
i (M ° (S; F jI = i ) ¡ M ° (S; F ))2 are the sam-

ple meanandvarianceof theM ° (S; F ), respectively, and
FK ;N im ¡ K (®) is the (1 ¡ ®) £ 100-percentileof the F -
distribution with K and N im ¡ K degreesof freedom;
® = 0:1.

5.3. Estimation of pF

Recall(4) thatwith n = 2, we have jCj = 75 patterns.We
computethe75-dimensionalprobabilityvectorspF j I (¢) for
every imagein the dataset,and for several (F; t) coders
distinguishedby thethresholdselectionmethod,andwees-
timatethecorrespondingmeanspF (¢) (over thenaturalim-
ageensemble)with simultaneouscon�denceintervalssim-
ilar to theonesin (10)(replacingK by jCj ¡ 1). In Figure9,
pF is estimatedwhenF is adaptedto 8£ 8 contextsN via
t = contr (N ).

6. Summary and Conclusions
We have discusseda classof ordinal, nonlinearmethods
for codingmicroscopicstructurein intensity imageswith
a view toward imageinterpretation.Our goal hasbeento
collect theoreticaland empirical evidencein order to as-
sesspracticalsuitability of thesemethods.Our extensive
statisticalanalysisallows us to concludethat the consid-
eredcoderscapturemicroscopicstructurein variousnatural
domains,andwith different imagepreprocessing,consis-
tently: High frequency patternsin any onesuchdomain,or
with any oneparticularintensityscale,remaincomparably
frequentin otherdomainsandwith other intensityscales
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andundervariablepreprocessingregimes.Theinformation
contentof thesecodersis consequentlystablewith respect
to theabove conditions.

Additionaladaptationshave beenintroducedin orderto
emphasize�e xibility of the quantizationmethodsaswell
as to estimateH(F jS), the codinguncertaintydueto the
local contrastvariations.

The presentedcomparisonsof information contents
M (S; F ) andM (S; F 0) of codersF andF 0 cancertainly
beexpanded.For example,in additionto a globalpercep-
tualanalysis,adistortionmeasured(s; c) canbeintroduced
to relatemicro- andmacroscopicperceptuallosses,simi-
larly to the ratedistortionanalysis([1]). For instance,the
considered(F; t) coderspreserverelativebrightness.How-
ever, this might becomean undesirableconstraintin the
faceof a plausiblecompetitionwith spatialcontinuity (in
largerpatches).Thus,coderswith M (S; F ) = M (S; F 0)
but of different(suitablyde�ned)distortionsd(S; F (S)) 6=
d(S; F 0(S)) might needto becompared.Thereareseveral
relevant choicesfor suchmeasures([1]), with (10) being
but oneexample:

d(s; c) =
2

n(n ¡ 1)

X

k6= l

G((sk ¡ sl )+ )I f ck · cl g; (10)

whereG is asbeforethecdf of thepopulationof the(abso-
lute)differencebetweenhorizontalor verticalneighborsin
a given image;(sk ¡ sl )+ = max(0; sk ¡ sl ). This scales
thedistortionof therelative brightnessbetweentwo pixels
to [0; 1].

Computingthesecodesef�ciently is no lessimportant
for applications,andthenecessityof executingmany sort-
ings,howeveroptimally [12], mightstill beunattractive for
applications.The fact that thesetof answersto all binary
queriessu ¡ sv > t within patchs uniquelyidenti�es the
codeof s appearscrucial: For a given subimage,a small
subsetof theseanswersmight be suf�cient. Depending
on the subimagepopulation(i.e. on the joint distribution
of the querybitstringsandthe F -codes),differentsubim-
ageswould generallyrequiredifferent subsetsof queries
for computationalef�ciency in thesenseof minimizing the
averagenumberof the queriesevaluatedin determining
the code. For this purpose,a suboptimaltree-basedVec-
tor Quantizerbasedon theabove queriesat internalnodes
andthe F -codesat terminalnodesmight be learnedfrom
the training subimagedata;for instance,onemay usethe
samestrategy asin building decisiontrees,namelygreedy
entropy reduction.Regardingtheinternalnodesasapprox-
imate,yet moreinvariant,F -codesmight alsobe a viable
optionfor generatingacoarse-to-�nehierarchy of local im-
agefeaturesfor objectrecognitionandclassi�cation.Such
VQ treesarebut oneexampleof de�ning local imagefea-
turesbasedonordinalmethods.
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