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Abstract

We exposea recertly introduced method for computing geometric structures in a digital image, with-
out any a priori information. According to a basic principle of perception due to Helmholtz, an obsened
geometricstructure is perceptually \meaningful" if its number of occurenceswould be very small in a ran-
dom situation : geometric structures are characterized as large deviations from randomness. This leads
usto de ne and compute "partial gestalts” (in computer vision, features) like alignments, edges,clusters,
groups of objects similar for somequality in an image by a parameter-freemethod. Maximal meaningful
objects are de ned, computed, and the results comparedwith the onesobtained by classicalalgorithms.
A discussionensues: are the partial gestalt (or feature) detectors enoughto build up computer vision
algorithms ? We shaw by experiments that this is rather an illusion : the "con®icts" betweengestalt laws
that werediscussedn a phenomenologicafframework by the gestaltists indeedarisein well chosenimages
and lead to wrong (but explainable) detections. We showv how no "good" feature detector can work if
not applied simultaneously and in con®ict with all other detectors. We are led to the conclusionthat no
correct image analysis can be obtained if the gestalt con®icts and the subsequeh masking phenomenaare
not adressed.

I. What is a partial Gestalt ?

According to Gestalt theory, \grouping" is the main processin our visual perception
(see[11], [24]). Wheneer points (or previously formed visual objects) have one or sev-
eral characteristicsin common, they get grouped and form a new, larger visual object, a
\Gestalt". Someof the main grouping characteristics are proximity (clustering), colour
constancy (connectedness)\good cortinuation" (di®ereniabilit y of boundaries), align-
ment (presenceof straight lines or objects of a samekind aligned), parallelism (between
lines, oriented objects, etc.), similarity of shape (between objects), common orientation
(betweenpoints or oriented objects) corvexity (of boundaries,of a group) and closedness
(for a curve), constart width, ... In addition, the grouping principle is recursive. For
example,if points have beengrouped into lines, then theselines may again be grouped
according (e.g.) to parallelism and so on. A simple drawn object like a square whose
boundary hasbeendrawn in black with a pencil on a white sheetperceived by connected-
ness(the boundaryis a black line), constart width (of the stroke), corvexity and closedness
(of the black pencil stroke), parallelism (betweenopposite sides),orthogonality (between
adjacert sides), nally equidistance(of both pairs of opposite sides).

Thus, we must distinguish betweenwhat we shall call glokal gestalt and partial gestalt.
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The squareis a global gestalt, but it is the result of a long list of concurring geometric
gualities which we shall call partial gestalts One can summarizethe e®ortsof Computer
Vision aaway to computethe (very diversein nature) partial gestalts. To take aninstance,
the snakes method [12] attempts to capture the closedsmaoth curves, a combination of
the \closedness"and \good cortinuation" gestalts. In the sameway, have beenproposed
in Computer Vision : alignmert detectors (e.g. Hough transforms), edge detectors,
angle detectors, shape recognition methods (the similarity of shape gestalt), and texture
segmeters, that is, a generalway to group points accordingto common featureswhich
are, again, nothing but partial gestalts. The gestaltists have attempted between1923and
1975to make a list of all partial gestaltsrelevant to human and animal vision. They
also discovered the existenceof con’icts between partial gestalts and the ability of the
human vision to nd the best solution to these con’icts. This solution results into the
surprising phenomenonof masking When the "b est explanation" of a gure is given by
one partial gestalt, other possibleexplanationsare masked and the viewers are no more
aware of their possibility. For instance,an hexagonis very closeto a circle and a computer
vision \circle detector" is very likely to detectit asa circle. This makessenseput clearly
the polygon explanation is more adequateand must be preferred. The circle explanation
is then removed from awareness.

To summarize, Computer Vision, in a match with Gestalt Theory, seemsto be stuck
at the starting block. Indeed, not only partial gestalts (detectors) have not received
a full treatment and agreemeh but the main problems, namely the alluded two basic
phenomenagollaboration of partial gestaltsand con’icts resultinginto maskingare seldom
adressed.

In this paper, we intend to show by simple formulas followed by experimertal evidence
that :

2 there is a very simple computational principle which allows oneto compute any partial
gestalt (Section 2)

> this computational principle can be applied to a fairly wide seriesof examplesof partial
gestalts,namely alignmerts, clusters,boundaries,grouping by orientation or by sizeor by
grey level (another recent exampleis the gestalt \v anishing points” [1]) ;
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> the experimerts yield evidencethat in natural world images,partial gestalts often col-
laborate. * Thus, in most casesa partial gestalt detector seemso extract correctly most
of the sceneelemerts, but this may well be an illusory success

2 asa rst evidenceof the recursive character of gestalt laws, we push one of the exper-
iments to prove that the partial gestalt recursive building up can be led up to the third

level (gestalts built by three successig partial gestalt grouping principles) ;

> all partial gestaltsare likely to lead to wrong sceneinterpretations becausethere may

always be a more adapted partial gestalt which better explainsthe scene.

As a conclusion,we point out that all computer vision algorithms basedon a pile of partial

gestalts (feature detectorsin the languageof Computer Vision) are likely to yield wrong
conclusionsto someimages. The main focus of researti in Computer Vision should then

be the synthesis of partial gestalts and basic researtr on the main gestaltic principles :

masking,Gliederungor articulation whole-parts,[16]and the socalledarticulation without

remainder (articulazione senzaresti) [11]. We nally shov someexperimert suggesting
that Minimal Description Length principles may be adequateto resole the so called

con’icts betweengestalt laws.

Il. Detecting partial gestalts
A. Genenl detection principles

In this subsectionwe reviewquickly anterior work wherewe proposeda generalprinciple
for computing any partial gestalt. This principle wasappliedto alignmerts and boundaries

and will be extendedin this paper to seweral new examplesof computablepartial gestalts.

Helmholtz Principle. In [3], we outlined a computational method to decidewhether
a given partial gestalt (computed by any segmetation or grouping method) is reliable or
not. We treated the detection of alignmerts, as one of the most basic gestalts (see[24]).
As we shall recall, our method givesabsolutethresholds dependingonly on the imagesize,
permitting to decidewhen a peakin the Hough transform is signi cant or not.

A geometricallymeaningfulevert is an evert that, accordingto probabilistic estimates,

should not happenin an imageand thereforemakessense.This informal de nition imme-

IMessageto the referee: areferenceis missing hereto work made by Ingo Wundrich (Bochum) on the redundancy
of gestalts. Will be added in the "nal version
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Fig. 1. An illustration of Helmholtz principle : non casual alignmerts are automatically detected by
Helmholtz principle as a large deviation from randomness. Left, 20 uniformly randomly distributed
dots, and 7 aligned added. Middle : this meaningful (and seeable)alignmert is detected as a large
deviation. Right : samealigment addedto 80 random dots. The alignmert is no more meaningful
(and no more seeable).In order to be meaningful, it would needto cortain at least 11 points.

diately raisesan objection : if we do probabilistic estimatesin an image, this meansthat
we have an a priori model ([7]). We are thereforelosing any generalily in the approad,
unlessthe probabilistic model could be proven to be \the right one" for the imageunder
consideration. In fact, our proposition hasbeento do statistical estimateswithout any im-
agemodel. Instead, we applied a generalperception principle which we called Helmholtz
principle. This principle yieds computational grouping thresholds asseiated with ead
gestalt quality. It can be stated in the following genericway. Assumethat objects O4,
0,,...,0, are presett in an image. Assumethat k of them, say O4,...,0x, have a common
feature, say, samecolour, sameorientation, etc. We are then facing the dilemna: is this
common feature happening by chanceor is it signi cant and enoughto group O,, Oy ?
In order to answer this question, we make the following mental experimert : we assume
a contrario that the consideredquality has beenrandomly and uniformly distributed on
all objects, i.e. Oy, ...O,. Notice that this quality may be spatial (like position, orienta-
tion). Then we (mentally) assumethat the obsened position of objects in the imageis a
random realization of this uniform process.We nally askthe question: is the obsened
repartition probable or not ?

The Helmholtz principle states that if the expectation in the image of the obsened
con guration Oy, ...,O is very small, then the grouping of theseobject makessensejs a
Gestalt.
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De nition 1 ("-meaningfulewern) [3] We say that an evert of type \such con guration
of points hassud property" is"-meaningful,if the expectation of the number of occurences
of this ewert is lessthan " under the uniform random assumption.

As an exampleof genericcomputation we can do with this de nition, let us assumethat
the probability that a givenobject O; hasthe consideredquality is equalto p. Then, under
the independenceassumption,the probability that at leastk objects out of the obsened

have thi lity i
n have this quality is o 1T

n j . i
B(p;n; k) = PPty
i=k
i.e. the tail of the binomial distribution. In order to get an upper bound of the number
of false alarms, i.e. the expectation of the geometricevent happening by pure chance,
we can simply multiply the above probability by the number of tests we perform on the
image. Let us call Nt the number of tests. Then in most caseswe shall considerin the

next subsectionsa consideredevert will be de ned as"-meaningful if
NtB(p;n; k) 6 ™

We call in the following the left hand menber of this inequality on the the \number of
falsealarms" (NFA).

When" 6 1, we talk about meaningful events. This seemso cortradict the necessary
notion of a parameter-lesgheory. Now, it doesnot, sincethe "-dependencyof meaningful-
nesswill below (it will bein fact a log"-dependency). The probability that a meaningful
evernt is obsened by accidert will be very small. In suth a case,our perceptionis liable
to seethe ewvert, no matter whetherit is \true" or not. Our term "-meaningfulis related
to the classicalp-signi cancein statistics ; aswe shall seefurther on, we must useexpec-
tations in our estimatesand not probabilities. We referto [3] for a completediscussionof
this de nition.

The generalmethod we have just outlined can be viewed as a systematization of Stew-
art's "MINPRAN" method [23]. The method was preserted as a new paradigm, but was
applied only to the 3D alignmert problem. Now, Stewart actually adressedbut did not
solve two problems we have intended to overcome,in order to make the method fully

general. One of the problemsraisedby Stewart wasthe generationof the set of samples,
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which generatesn Stewart's method at least three user'sparametersand the secondone

was the sewere restriction about the independanceof samples We actually solved both

dixculties simultaneously by introducing the number of samplesas an implicit parameter
of the method (computed from the imagesizeand Shannon'sprinciples) and by replacing
in all calculationsthe "probabilit y of hallucinating a wrong evert" by the "expectation of
the number of sud hallucinations”, namely what we call the falsealarm rate NFA.

The method we dewelop here has probably been proposedse\eral times in Computer
Vision (e.g. in the early Lowe work [15]), but, to the best of our knowledge,not system-

atically developped?

B. Meaningful alignments

Let us start by our rst example,the detection of straight linesin an image. This was
published elsewherebut we explain it for two reasons: rst for a sake of completeness
and secondbecausdhe dewelopped formalismis in fact generaland applicableto the other
gestalt qualities we considerin the sequel.

Sinceimagesare blurry, noisy and aliased,we cannot hope for a strong accuracyin di-
rection measuremenat ead pixel, and we shall, without needfor many explanations, x
the accuracyof a measuredgradiert direction at a point equalto a factor p¥radians. This

2L et us quote David Lowe's program, whose mathematical consequenceswere partly developped in Stewart
[23] : \we need to determine the probability that each relation in the image could have arisen by accident, P (a).
Naturally, the smaller that this value is, the more likely the relation is to have a causal interpr etation. If we had
completely accurate image measurements, the probability of accidental occurence could become vanishingly small.
For example, the probability of two image lines being exactly parallel by accident of viewpoint and position is zero.
However, in real images there are many factors contributing to limit the accuracy of measurements. Even more
important is the fact that we do not want to limit ourselvesto perfect instances of each relation in the scene - we
want to be able to use the information available from even approximate instances of a relation. Given an image
relation that holds within some degree of accuracy, we wish to calculate the probability that it could have arisen by
accident to within that level of accuracy. This can only be done in the context of some assumption regarding the
surrounding distribution of objects, which servesas the null hypothesis against which we judge signi ¢ ance. One of
the most generl and obvious assumptions we can make is to assumethat a background of independently positioned
objects in three-spce, which in turn implies independently positioned projections of the objects in the image. This
null hypothesis has much to recommend it. (...) Given the assumption of independene in three-space position
and orientation, it is easy to calculate the probability that a relation would have arisen to within a given degree of
accuracy by accident. For exampleif two straight lines are parallel to within 5 degrees, we can calculate that the
chance is only 5=180= 1=36 that the relation would have arisen by accident from two independent objects.”
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meansthat a casualalignmert of a direction with a pre xed onehappenswith probability
p. In practice,p = % is the best we can hope from digital images(and is even optimistic
for aliasedimages). We considerthe following evert : "on a discretesegmen of the image,
joining two pixel certers, and with length | courted in points at Nyquist distance,at least
k points have the samedirection asthe segmen with precisionp.” The direction at eat

point is computed asthe direction of the gradiert rotated by g

De nition : Considera segmeh S of length | cortaining k aligned points. We call

number of falsealarms of S,

X Ulﬂ

NFA(S) = N* g(Lip'i:

j=k
We say that S is "-meaningfulif NF(S) 6 ".

This notion of "-meaningfulsegmets hasto be related to the classical\ ®-signi cance"
in statistics, where®is simply W The di®erenceavhich leadsusto have a slightly di®eren
terminology is following : we are not in a position to assumethat the segmeh detected
as "-meaningful are independen in anyway. Indeed, if (e.g.) a segmeh is meaningful it
may be cortained in many larger segmets, which alsoare "-meaningful. Thus, it will be
conveniert to comparethe number of detectedsegmets to the expectation of this number.
This overcomesa dixcult y raisedby Stewart [23]. This is not exactly the samesituation

as in failure detection, where the failures are somehav disjoint ewverts. If on a straight

line we have found a very meaningful segmen S, then by enlarging slightly or reducing
slightly S, westill nd ameaningfulsegmen This meansthat meaningfulnesgannotbe a
univoquecriterion for detection, unlesswe canpoint out the "b estmeaningful” explanation
of what is obsened as meaningful. This is doneby the following de nition, which canbe
adapted as well to meaningful boundaries[4], meaningful edges[4], meaningful modesin
a histogram [5] and clusters.

De nition 2: We say that an "-meaningfulgeometricstructure A is maximal meaningful
if
> it doesnot cortain a strictly more meaningful structure : 8B ¥2A, NF(B) > NF(A).

2 it is not cortained in a more meaningfulstructure : 8B 3% A, B 6 A; NF(B) > NF(A):
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It is proved in [5] that maximal structures cannot overlap, which is one of the main

theoretical outcomesvalidating the above de nitions.

Fig. 2. Two partial gestalts, alignments and boundaries. Left : original aerial view (source: INRIA),

middle : maximal meaningful alignmerts, right : maximal meaningful boundaries.

C. Edgeand boundary detectors

We shall now review brie°y our secondexample of partial gestalt, the boundaries: a
classicalexamplein Computer Vision ! The scope hereis to point out the existenceof
a parameterlessboundary detector deducedfrom the Helmholtz principle and again to
compareit with the other de nitions of partial gestalts. A much more detailed treatment
is givenin [4]. Let u be a discreteimage of sizeN £ N. We considerthe level lines at
quartized levels, 1;:::;, k. The quartization step qis chosenin sud a way that level lines
make a densecovering of the image. A level line can be computed as a Jordan curve

cortained in the boundary of a level set with level |, ,
A =fx=u(x)6 ,g and A = fx=u(x) > ,g:

(See[2].) Notice that along a level line, the gradiert of the image must be everywhere
above zero. Otherwise the level line contains a critical point of the image and is highly
dependent upon the image interpolation method. Thus, we considerin the following
only level lines along which the gradiert is not zero. The interpolation consideredin all
experimerts below is the bilinear interpolation.

Let L be a level line of the imageu. We denoteby | its length courted in independen

points. In the following, accordingto Helmholtz principle, we will detectstructuresagainst
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the null hypothesisthat points at a gealesicdistance (along the curve) larger than 2 are
independent. More precisely the gradiert magnitudes at these points are independen
random variables). Let X1, X»,...X; denotethe | consideredpoints of L. For a point x 2 L,

we will denoteby c(x) the cortrast at x. It is de ned by

c(x) = Jr uj(x); (1)

wherer u is computed by a standard nite di®erenceschemeon a 2 £ 2 neighborhood
[3]. For* > 0, we considerthe evert : forall 16 i 6 I, c(x;) > 1, i.e. eadh point
of L has a cortrast larger than *. From now on, all computations are performed in
the Helmholtz framework explainedin the introduction : we make all computations as
though the cortrast obsenations at x; were mutually independer. Sincethe | points are

independen, the probability of this evert is
Prob(c(x,) > 1) ¢Prob(c(x,) > 1) ¢::: ¢Prob(c(x)) > 1) = H(*)"; (2)

whereH (1) is the probability for a point on any level line to have a corntrast larger than
1. An important question here is the choice of H(*). Shall we considerthat H(*) is
given by an a priori probability distribution, or is it given by the image itself (i.e. by
the histogram of gradiert norm in the image ? In the caseof alignmerts, we took by
Helmholtz principle the orientation at ead point of the imageto be a random, uniformly
distributed variable on [0; 2%]. Here, in the caseof cortrast, it doesnot seemsound at
all to considerthat the cortrast is uniformly distributed. In fact, when we obsene the
histogram of the gradiert norm of a natural image, we notice that most of the points have
a \small" cortrast (between0 and 3), and that only a few points are highly cortrasted.
This is explainedby the fact that a natural imagecornains many °at regions(the socalled
\blue sky e®ect",[10]). In the following, we will considerthat H (*) is given by the image
itself, which meansthat

H(*) = Mi#fx:jr uj(x) > 1g: 3)
where M is the number of pixels of the image wherer u 6 0. In order to de ne a
meaningful event, we have to compute the expectation of the number of occurrencesof

this event in the obsened image. Thus, we rst de ne the number of falsealarms.
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De nition 3: (Number of falsealarms) Let L be a level line with length |, courted in
independent points. Let * be the minimal contrast of the points Xj,..., X, of L. The

number of falsealarms of this ewvert is de ned by
NFA(L) = Ny £ H®)I' (4)

where N, is the number of level lines in the image.

Notice that the number N,, of level linesis provided by the imageitself. We now de ne
"-meaningful level lines. The de nition is analogousto the de nition of "-meaningful
modes of a histogram or to the de nition of alignmerts : the number of false alarms of
the evert is lessthan ".

De nition 4 ("-meaningfulboundary) A level line L with length | and minimal cortrast
L is "-meaningfulif

NFA(L) =6 " (5)

The above de nition involvestwo variables: the length| of the level line, and its minimal
cortrast *. The number of falsealarms of an evert measureghe \meaningfulness" of this

ewvert : the smallerit is, the more meaningfulthe ewert is.

D. Histogram modesand groups

As we mentionned in the introduction, the main gestaltic grouping principle is this :
points or objects having oneor se\eral featuresin commonare being grouped becausehey
have this feature in common. We shall considerhere only grouping by a single feature
and we shall seethat this single-featuregrouping already yields relevant results. We face
here a generalproblem : assumek objects O4, ... Ok, among a longer list Oq,..., Oy,
have somequality Q in common. Assumethat this quality is actually measuredas a real
number. Then our decisionof whetherthe groupingof Oq,... , Ok is relevant must be based
on the fact that the valuesQ(O,);::;; Q(Ox) make a meaningful made of the histogram
of P. Thus, the single quality grouping is led bak to the question of an automatic,
parameterlesshistogram mode detector. Of course,this mode detector dependsupon the
kind of feature under consideration. We shall considertwo paradigmatic cases,namely

the caseof orientations, where the histogram can be assumedby Helmholtz principle to
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be °at, and the caseof the objects sizes(areas)wherethe null assumptionis that the size

histogram is decreasing.

D.1 Meaningful groupsof objects accordingto their orientation and to their grey level

In the sequel,we quartize the possibleorientations and grey levels in the usual way
and we assumethat the M values of orientation (or grey level) are i.i.d. uniformly on
f1,2;::;;Lg. Consideran interval [a;b Y2 [1;L] and let k(a;b) denote the number of
objects with gestalt value in [a;b. We de ne p(a;b) = (bj a+ 1)=L asthe a priori
probability that an object's quality P(O) falls in [a;b]. With the samegenericargumen
asin Sectionl, we have

De nition 5: An interval [a;b] is "-meaningful if
NF([a;b]) = Ni £ B(p(a;b); M;k(a;b) 6 "

whereNi is the number of consideredintervals (Ni ' L(L + 1)=2). An interval [a;h] is
said maximal meaningfulif it is meaningfuland if it doesnot cortain, or is not corntained
in, a more meaningfulinterval (seeDe nition 2

It can be proved in the sameway as for alignmerts that maximal meaningful intervals
do not intersect. Thus, we get an operational de nition of meaningful modes as disjoint
subintervals of [1; L].

D.2 Sizeof objects

The precedingargumerts are easilyadaptedto Helmholtz type assumptionson nonuni-
form histograms. A very genericway to group objects in an image s their similarity of
size. This similarity lets groups perceptually pop out. Now, it would be a total nonsense
to assumeany uniform law on the objects sizes. There are se\eral powerful argumerts in
favour of a statistical decreasinglaw for size. Theseargumerts derive from perspective
laws, or from the occlusiondeadleaves model, or directly from statistical obsenations of
natural images[8]. Our Helmholtz qualitative hypothesisis then : the prior distribution
of the sizeof objects is decreasing .

De nition 6: An interval [a;b] is "-meaningful (for the decreasingassumption)if

NFA([a;bl) = Ni émaxB (p(a;b); M k(a;b) 6 *
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where D is the set of decreasingprobability distributions on f1;2;:::;Lg, and p(a;b) =

P b
i:api'

In the sameway asin the °at histogram assumption,one can de ne maximal meaningful

intervals and prove that maximal meaningfulintervals do not intersect[6].
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Fig. 3. Gestalt grouping principles at work for building an "order 3" gestalt (alignment of blobs of the

samesize). Top-left, original DNA image. Top-right, maximal meaningful boundaries. Bottom-left,

barycenters of all meaningful regionswhosearea is inside the only maximal meaningful mode of the

region areashistogram. Bottom-right : meaningful alignments of these points. note to the referee :

this experiment is not complete because we did not use thin enoughwidths for the strips. By taking

in the algorithm into account thinner widths, one can detect some diagonal alignments in the same

picture (actually also visible). This will be "xed in the "nal version of the presentpaper.

E. Object alignments

The gestalt we now consideris not the sameas the alignmert gestalt consideredat

the begining of Section 2, where the aligned points had their own orientation. Here, we

considerthe caseof objects whosebarycerters are aligned. Assumethat we obsene M

objects of a certain kind in animage. Our null hypothesisfor the application of Helmholtz
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principle will be that the M barycerters (x;;y;) arei.i.d. uniformly on a domain-. A
meaningful alignmert of points must be a meaningful peakin the Hough Transform (see
[13],[22] for a very similar approad). Now, the accuracymatter must be adressed.Points
will be supposedto be alignedif they all fall into a strip thin enough,in suxcient number.
Let S be a strip of width a. Let p(S) denotethe prior probability for a point to fall in S,
and let k(S) denotethe number of points (amongthe M) which arein S. The following
de nition permits to computeall strips wherea meaningful alignmert is obsened.

De nition 7: A strip S is "-meaningful if
NF(S) = Ns ¢B(p(S); M;k(S)) 6 *;

where N is the number of consideredstrips. (One hasNg ' 2Y¥{R=a)?, whereR is the
diameter of - and a the minimal width of a strip.)

In practice, we sampleall possiblestrip widths in a logarithmic scale(about 8 widths) and
we sampleaccordingly the anglesbetweentested strips in order to get a good covering of
all directions. Thus, the number of strips Ns only dependson the size of the image and

this yields a parameterlessletection method.

F. Meaningful groups, or clusters
F.1 Model

The cluster exampleis the seminalonein Gestalt theory whereit is called\pro ximity"
gestalt ([11]). Assumethat we seea set of dots on a white sheetand thosedots happen to
be groupedin oneor seeral clusters,separatedby desertregions. In orderto characterize
ead cluster as an evert with very low probability, we shall make all computations with
the a contrario or backgound model that the dots have beenuniformly distributed over
the white sheet. This amourts to considerthe dots as distributed over the sheetby a
binomial process. We then call A the simply connectedregion, with area % (the area of
the sheetis normalizedto 1), cortaining a given obsened cluster of dots. Assumethat we
obsene k points in A and M j k outside. Then the "cluster probability" of observingat
leastk points amongthe M inside A is given by

N HM 1 . -
B(¥%4M;k) = i (L NV

i=k
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It is easily chedked by large deviations estimatesthat if k=M exceedsA, this probability
can becomevery small. Now, the ewert is not a genericewvert in that we have xed
a posteriori the domain A. The real a priori evert we can de ne is \there is a simply
connecteddomain A, with area%; cortaining at leastk points". Sincethe number of sud
domainsA is a priori huge, we seethat the expectation of sud an ewvert is by no means
small. In the following, we shall considera smaller set of domainsD with cardinality Np.

De nition 8: We say that a group of dots is "-meaningful if NpB (%M ;k) 6 ".

In order to de ne D in a realistic way, we have to samplethe set of simply connected
domains by encaling their boundariesas \low resolution" Jordan curves. We consider
a low resolution grid in the image, which for a sake of low complexity we take to be
hexagonal, with mesh step m. The number of curves with length Im starting from a
point and supported by the grid is bounded from above by 2'. The overall number of
low resolution curves with length Im is bounded by N22', where N, = gp% is the
(approximate) number of meshpoints lying on the sheet. Thus, we can considerse\eral
resolutionsm; < m, < ::: < mg, for examplein logarithmic scale,with m, largerthan the
pixel sizeand mq lower than the imagesize,sothat g is actually a small number. Our set
of domainswill be the setof all Jordan curvesat all givenresolutions,with discretelength
measuredin the correspnding meshlessthan a xed length L. Thus, the overall number
of possiblelow resolution curves is bounded by N2g2-, where N = Np,. Notice that
all numbers here are relatively small sincethe phenomenologyexcludesvery intrincated
clusterto be perceived. Thus, L is always takento be smallerthan, say, 30. We therefore
de ne a meaningful cluster as a set of points cortained in a low resolution curve de ned
asabove, and suc that N2g2-B(35M;k) 6 ".

It can also happen that a cluster is not overcronvded, but only fairly isolated from the
other dots. In sudch a case,we can nd a low resolution curve surrounding the cluster and
suc that somedilate of the curve doesnot cortain any point. Accordingly, we can modify
the probability of the evert . \the simply connecteddomain A has area % cortains at

leastk points and is surroundedby an empty thick curve C with area%#'. In sud a case
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the de nition of meaningfulnesdor an isolated cluster becomes

X HMﬂ _ .
N2gr2- i ¥l Y4 M6 "
i=k

wherer is the number of allowed valuesfor 34.

F.2 Algorithm

Sincethis part has not beenpublished elsewhereand sincethe cluster detection algo-
rithm is not obviously fast, we shall give someimplemertation details. Let P;, i = 1::M
be the points obsened. We assumethat M is reasonablysmall, sy M 6 1000. We write

d(P;; P;) for the usual EuclideandistancebetweenP; and P; .

1. Computation of the connectedness tree

Stage a. Sortthe valuesd(P;;P;);16 i < j 6 M to obtain the nondecreasingequence
di = d(Pi,; Pj,);d2 = d(Pi,; Py,); iidwo = d(Pi, : Py, 0)

with M%= M (M | 1)=2. The complexity of this stageis O(N?logN) in the worst case
(sort).

Stage b. Compute recursiwely the connectednessree :

- at the begining, eat point P; is a tree (with a unique elemer).

- at step k, we look for the root A (resp. B) of the unique tree having P;, (resp. P;,)
amongits leaves. If A 6 B, we fuseA and B asthe children of a new node, and store the
value di at this node.

- iterate this processuntil all points have beenagregatedin a singletree.

The complexity of this stageis about O(N?logN) in the average,sinceat step k we

needO(log k) operationsto look for the root of the tree having a given P; amongits leaves.

2. Computation of the meaningfulness of each cluster

In the connectedness$ree, eat subtreeasseiated to a root node A with value + corre-

spondsto a +-cluster (alsonamedA) madeof the connectedunion of the diskswith radius
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Fig. 4. The setsA3 and A, assaiated to a cluster A.

+=2 certered on the points encourtered in the subtree. We needto compute the mean-

ingfulnessof ead cluster, for example by Meaningfulness(A)= j log,, NFA(A), where
NFA(A) is the number of falsealarms assaiated to A, itself given by
X Hy, T :
NFA(A) = N2qgr2 i (1 ¥ AV (6)

i=k
wherek is the number of points de ning A, | the discretelength of the (thick) low resolution

curve enclosingA, 34 its area, and %the areaof A.

Now the point is to estimate |, 3%and %£. For ead cluster A, we can compute ¥; the
distanceof A to the +=2-dilate of the remaining points. It is given by %= +°; + where+°
is the value asseiated to the parert of A (¥°= +1 if A is the root of the connectedness
tree). If 126 0, we then compute, for ® 2]0; 1[ xed,

A;=DyA);, Ax=A1j EyA1); Asz= Ey @=2(A2); As= Dy, 20)=2(A3);

whereE, and D, represen respectively the erosionand dilation operatorsassaiated to a
disk with radiusr (seeFig. I1-F.2). Werecall that A = D.-([ if P;g), wherethe P;'s are
the points encourered in the subtreede ned by the node A.

The domain A3 is a \thic k low resolution curve" of width ®/% de ned by the dilate of
a low resolution curve C° lying on the hexagonalmesh. As we do not know where C°
should preciselylie in Az, only the A, domain will court as\empty domain”, and not
D @»=2(As). Whe then de ne

areaAs)”

| = C¢E W’

s= aregA,); %= area(Ap);
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whereE* represetts the upper integer part, and C is a constart suc that for any cortin-
uouscurve with length |y, there existsa discretecurve with length lessthan Cly supported
by the unit step hexagonalmesh. We conjecturethat C 6 3=2, and use this value in

practice.

Fig. 5. Clusters of dots (left) and their automatic detection (right) : the thick (low resolution) curves
indicate roughly the skeleton of the detected region which contains no dots. The cluster is meaningful
when it contains enoughpoints and is surrounded by a thick enoughempty region.

The areasmertioned can be computedusing a bitmappedimagewith a corveniert size.
This computation is done for some quartized values of ®, provided that the asseiated
discretelength | satis esl 6 L. In theory, we cannot chooseexactly %2but we should take
the nearestsmaller value amongthe resolutionsm;. In practice, this doesdot a®ectmuch

the computations, sincethe number of resolutionschosenhasvery little e®ecton the NFA.

3. Maximal clusters.

Once we have computed the meaningfulnessof ead cluster, we can look for maximal
meaningful clusters by selectinglocal maxima of the meaningfulnesswith respect to in-
clusion. Precisely we shall say that a cluster A is maximal if for any child (resp. parert)
B of A, onehasNFA(B) > NFA(A) (resp. NFA(B) > NFA(A)). As usual, we have
the property that two maximal meaningful clusters are either equal or have no common

point.
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[1l. The limits of every partial gestalt detector

The precedingsection argued in favour of a very simple principle, Helmholtz princi-
ple, applicable to the automatic and parameterlessdetection of any partial gestalt, in
full agreemen with our perception. In this section, we shall shav by commerting brie°y
seeral experimerts that \tout n'est pasrose”: there is a good deal of visual illusion in
any apparenly satisfactory result provided by a partial gestalt detector. We explained
in the rst sectionthat partial gestaltsoften collaborate. Thus, in many caseswhat has
beendetected by one partial gestalt will be corroborated by another one. For instance,
boundariesand alignmerts in the experimert 2 are in good agreemehn But what can
be said about the experimert 6 ? In this cheetahimage, we have applied an alignmert
detector. It works wonderfully on grassbut we also seesomealignmert appearing some-
what unexpectedin the fur. Thesealignmerts do exist : it happensthat somelines are
tangert to se\eral of the corvex dark spots on the fur. This generatesa meaningfulexcess
of aligned points on this line, the convex setsbeing smaoth enoughand having therefore
on their boundary a long enoughsegmen tangert to the line. Clearly, the right explana-
tion for these"alignments" is the presenceof a large number of corvex spots. Thus, the
presencdan a imageof a large number of smooth piecesof curvesentails the possibility of
meaningfulalignmerts which arein no way the right description of what is beingseen.We
seethat the corvexity (or good cortinuation) gestalt should be seartied simultaneously
to the alignmert gestalt. The detection of alignmerts which only are tangert lines to
seweral smooth curves, should be inhibited when those smaoth curves are detectedby a
\good cortinuation” principle. This can be stated in another way : no gestalt is just a
positive quality : we seeasalignmert what indeedis aligned, but only under the condition
that the alignmert does not derive from seweral smaooth curves... Let us mertion that
the good cortinuation principle hasbeenextensiwely adressedn Computer Vision, rst in
[18], more recerily in [21] and still more recerily in [9].

The sameargumert appliesto our next experimertal example,in Figure 7. In that case,
a densecluster of points in presen. Thus, it createsa meaningfulamourt of dotsin many
strips and the result is the detection of obviously wrong alignmerts. Again, the detection

of a cluster must inhibit sud alignmert detections. We retrieve what the gestaltistscalled
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Fig. 6. Smooth convex setsor alignments ?

"con’icts of gestalts".
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Fig. 7. One cluster, or se\eral alignments ?

This samekind of gestaltcon®ict arisesin Experimert 8. In this gure, adetectorof arcs
of circleshas beenapplied (the detection de nition is exactly the sameas our de nition
of alignmerts). The main outcome of the experimert is this : sincethe MegaWave gure
cortains many smaooth boundariesand se\eral straight lines, lots of meaningfulcircular arcs
arefound. It may be discussedvhetherthosecircular arcsare presert or not in the gure :
clearly, any smaoth curveis locally tangert to somecircle. In the sameway, two segmets
with an obtuseanglearetangert to se\eral circular arcs. Now, the bestexplanation of the
“gure is not : \circular arcs", but \smooth curves", i.e. the \good cortinuation" gestalt.

Thus, here again, we seethat one partial gestalt must hide another. We also understand
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that we cannot hope any reliable explanation of any gure by summing up the results of
oneor se\eral partial gestalts(or feature detectors). Only a global syrthesisof all partial

gestaltscan give the correct result.

Fig. 8. Left : original \MegaWave" image. Right : an circular arc detector is applied to the image.
Now, this image contains many smooth curvesand obtuse anglesto which meaningful circular arcsare
tangent. This illustrates the necessiy of the interaction of partial gestalts: the bestexplanation for the
obsened structures is "good cortinuation” in the gestaltic sense,.e. the presenceof a smooth curve.
Of course, this presenceentails the presenceof piecesof circles which are not the "nal explanation.

At this point, and in view of theseexperimertal courterexamples,it may well be asked
why partial gestalt detectorsoften work "so well". This is actually due to the redundancy
of gestalt qualities in most natural images,as we explainedin the rst sectionwith the
exampleof a square. Indeed, most natural or synthetic objects are simultaneously con-
spicuous,smooth and have straight or corvex parts, etc. Thus, in many casesgad partial
gestalt detector will lead to the samegroup de nition. Figure 9 illustrates the collalora-
tion of gestaltphenomenonwhich wasnot, in our opinion, giventhe right attention by the
gestaltists. In the mertioned gure, we seese\eral blobs of (very roughly) the samesize,
orientation and grey level. Using the histogram mode grouping as explained above, this
very samegroup of blobs s correctly grouped (up to one outlier) asthe unique maximal
mode of the following histograms: orientation (of all blobs), size (area), and even mean
grey level (inside ead blob). Thus, the samegroup exists in agreemeh with three very
di®eren gestalts! Each partial detector seemdo be enoughto perform the job... Now, we
have seenthis is an illusion which can be broken when partial gestaltsdo not collaborate.

We shall end this discussionby expressingsomehope, and giving someargumerts in
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Fig. 9. Collaboration of gestalts : the objects tend to be grouped similarly by sewral di®erert partial
gestalts. Left : histogram of areasof the meaningful blobs. There is a unique maximal mode (256-
416). The outliers are the double blob, the white badkground region and the three tiny blobs. Middle :
histogram of orientations of the meaningful blobs (computed asthe principal axis of eat blob). There
is a singlemaximal meaningful mode (interval). This modeis the interval 85-95. It contains 28 objects
out of 32. The outliers are the white badkground region and three tiny spots. Right : histogram of
the mean grey levels inside eat block. There is a single maximal mode cortaining 30 objects out of

32, in the grey level interval 74-130. The outliers are the background white region and the darkest

spot.

favour of this hope. First of all, gestaltists pointed out the relatively small number of
relevant gestalt qualities for biological vision. Now, we have shown in this paper that
many of them (and probably all) canbe computedby the Helmholtz principle followed by
a maximality argumert. Second,the byzartine discussionsof gestaltists about "con®icts
of gestalts”, sovividly explainedin the books of Kanizsa, might well be solved by a few
information theoretical principles. As a good exampleof it, let usmertion how the dilemna
alignmert-versus-parallelisntanbe solved by an easyminimal descriptionlength principle
(MDL) [20], [5]. Figure 10 shows the problem and its simple solution. On the middle, we
seeall detectedalignmerts in the Brown image on the left. Clearly, those alignmnerts

make sensebut many of them are slarted. The main reasonis this : all straight edgesare

DRAFT



23

in fact blurry and therefore constitute a rectangular region whereall points have roughly
the samedirection. Thus, since alignmert detection is made up to someaccuracy the
straight alignmerts are mixed up with slanted alignmerts. Theseslarted alignmerts are
easily removed by the application of a MDL principle : we retain for ead point only the
most meaningful alignmert to which it belongs. We then compute again the remaining
maximal meaningful alignmerts and the result (right) shavs that the con®ict between
parallelism and alignmert has beensolved. Clearly, information theoretical rules of this
kind may be applied in a generalframework and put order in the proliferation of "partial

gestalts". Let us mertion a good attempt of this kind in [14], wherethe author proposed

a MDL reformulation of segmetation variational methods ([19])

Fig. 10. Parallelism against alignment. Left, original Brown image. Middle : maximal meaningful
alignmerts. Here, sincemany parallel alignmerts are presen, secondary parasite slanted alignments
are also found. Right : Minimal description length of alignments, which eliminates the spurious

alignmerts. This last method outlines a solution to con®icts betweenpartial gestalts.
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