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Abstract

We exposea recently intro ducedmethod for computing geometricstructures in a digital image,with-

out any a priori information. According to a basic principle of perception due to Helmholtz, an observed

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

us to 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 enough to build up computer vision

algorithms ? We show by experiments that this is rather an illusion : the "con°icts" betweengestalt laws

that werediscussedin a phenomenologicalframework by the gestaltists indeedarise in well chosenimages

and lead to wrong (but explainable) detections. We show how no "good" feature detector can work if

not applied simultaneously and in con°ict with all other detectors. We are led to the conclusion that no

correct imageanalysiscan be obtained if the gestalt con°icts and the subsequent masking phenomenaare

not adressed.

I. Wha t is a par tial Gest al t ?

According to Gestalt theory, \grouping" is the main processin our visual perception

(see[11], [24]). Whenever points (or previously formed visual objects) have one or sev-

eral characteristics in common,they get grouped and form a new, larger visual object, a

\Gestalt". Someof the main grouping characteristics are proximit y (clustering), colour

constancy (connectedness),\good continuation" (di®erentiabilit y of boundaries), align-

ment (presenceof straight lines or objects of a samekind aligned), parallelism (between

lines, oriented objects, etc.), similarit y of shape (between objects), common orientation

(betweenpoints or oriented objects) convexity (of boundaries,of a group) and closedness

(for a curve), constant width, ... In addition, the grouping principle is recursive. For

example, if points have beengrouped into lines, then these lines may again be grouped

according (e.g.) to parallelism and so on. A simple drawn object like a squarewhose

boundary hasbeendrawn in black with a pencil on a white sheetperceived by connected-

ness(the boundary is a black line), constant width (of the stroke), convexity and closedness

(of the black pencil stroke), parallelism (betweenopposite sides),orthogonality (between

adjacent sides),¯nally equidistance(of both pairs of opposite sides).

Thus, we must distinguish betweenwhat we shall call global 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

qualities which we shall call partial gestalts. One can summarizethe e®ortsof Computer

Vision a a way to computethe (very diversein nature) partial gestalts. To takean instance,

the snakes method [12] attempts to capture the closedsmooth curves, a combination of

the \closedness"and \good continuation" gestalts. In the sameway, have beenproposed

in Computer Vision : alignment detectors (e.g. Hough transforms), edge detectors,

angledetectors,shape recognition methods (the similarit y of shape gestalt), and texture

segmenters, that is, a generalway to group points according to common featureswhich

are, again,nothing but partial gestalts. The gestaltistshave attempted between1923and

1975 to make a list of all partial gestalts relevant to human and animal vision. They

also discovered the existenceof con°icts between partial gestalts and the abilit y of the

human vision to ¯nd the best solution to thesecon°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

awareof their possibility. For instance,an hexagonis very closeto a circle and a computer

vision \circle detector" is very likely to detect it asa circle. This makessense,but 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 agreement, but the main problems, namely the alluded two basic

phenomena,collaboration of partial gestaltsand con°icts resultinginto maskingareseldom

adressed.

In this paper, we intend to show by simple formulas followed by experimental evidence

that :

² there is a very simple computational principle which allows one to computeany partial

gestalt (Section2)

² this computational principle can be applied to a fairly wide seriesof examplesof partial

gestalts,namely alignments, clusters,boundaries,grouping by orientation or by sizeor by

grey level (another recent exampleis the gestalt \v anishing points" [1]) ;
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² the experiments yield evidencethat in natural world images,partial gestaltsoften col-

laborate. 1 Thus, in most cases,a partial gestalt detector seemsto extract correctly most

of the sceneelements, but this may well be an illusory success;

² as a ¯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 successive partial gestalt grouping principles) ;

² all partial gestalts are likely to lead to wrong sceneinterpretations becausethere may

always be a more adaptedpartial gestalt which better explains the scene.

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

gestalts (feature detectors in the languageof Computer Vision) are likely to yield wrong

conclusionsto someimages.The main focus of research in Computer Vision should then

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

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

remainder (articulazione senzaresti) [11]. We ¯nally show someexperiment suggesting

that Minimal Description Length principles may be adequate to resolve the so called

con°icts betweengestalt laws.

I I. Detecting par tial gest al ts

A. General detection principles

In this subsection,wereviewquickly anterior work whereweproposeda generalprinciple

for computing any partial gestalt. This principle wasappliedto alignments and boundaries

and will be extendedin this paper to several newexamplesof computablepartial gestalts.

Helmholtz Principle. In [3], we outlined a computational method to decidewhether

a given partial gestalt (computed by any segmentation or grouping method) is reliable or

not. We treated the detection of alignments, as one of the most basic gestalts (see[24]).

As we shall recall, our method givesabsolutethresholds, dependingonly on the imagesize,

permitting to decidewhen a peak in the Hough transform is signi¯cant or not.

A geometricallymeaningfulevent is an event that, accordingto probabilistic estimates,

shouldnot happen in an imageand thereforemakessense.This informal de¯nition imme-
1Messageto the referee: a referenceis missing here to 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 alignments 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)alignment is detected as a large

deviation. Right : samealigment added to 80 random dots. The alignment is no more meaningful

(and no more seeable).In order to be meaningful, it would needto contain 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 therefore losing any generality in the approach,

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 generalperceptionprinciple which we called Helmholtz

principle. This principle yieds computational grouping thresholds associated with each

gestalt quality. It can be stated in the following genericway. Assumethat objects O1,

O2,...,On are present in an image. Assumethat k of them, say O1,...,Ok , 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 O1, Ok ?

In order to answer this question, we make the following mental experiment : we assume

a contrario that the consideredquality has beenrandomly and uniformly distributed on

all objects, i.e. O1, ...On . Notice that this quality may be spatial (like position, orienta-

tion). Then we (mentally) assumethat the observed position of objects in the imageis a

random realization of this uniform process.We ¯nally ask the question : is the observed

repartition probableor not ?

The Helmholtz principle states that if the expectation in the image of the observed

con¯guration O1, ...,Ok is very small, then the grouping of theseobject makessense,is a

Gestalt.
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De¯nition 1 ("-meaningfulevent) [3] We say that an event of type \such con¯guration

of points hassuch property" is "-meaningful,if the expectation of the number of occurences

of this event 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 Oi hasthe consideredquality is equalto p. Then, under

the independenceassumption,the probability that at least k objects out of the observed

n have this quality is

B(p;n; k) =
nX

i = k

µ
n
k

¶
pi (1 ¡ p)n¡ i ;

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 geometric event 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 subsections,a consideredevent will be de¯ned as "-meaningful if

NT B(p;n; k) 6 ":

We call in the following the left hand member of this inequality on the the \n umber of

falsealarms" (NFA).

When " 6 1, we talk about meaningful events. This seemsto contradict the necessary

notion of a parameter-lesstheory. Now, it doesnot, sincethe "-dependencyof meaningful-

nesswill be low (it will be in fact a log"-dependency). The probability that a meaningful

event is observed by accident will be very small. In such a case,our perception is liable

to seethe event, no matter whether it is \true" or not. Our term "-meaningful is related

to the classicalp-signi¯cancein statistics ; as we shall seefurther on, we must useexpec-

tations in our estimatesand not probabilities. We refer to [3] for a completediscussionof

this de¯nition.

The generalmethod we have just outlined can be viewed as a systematizationof Stew-

art's "MINPRAN" method [23]. The method was presented as a new paradigm, but was

applied only to the 3D alignment 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 was the generationof the set of samples,
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which generatesin Stewart's method at least three user'sparametersand the secondone

was the severe restriction about the independanceof samples. We actually solved both

di±culties simultaneouslyby introducing the number of samplesasan implicit parameter

of the method (computed from the imagesizeand Shannon'sprinciples) and by replacing

in all calculationsthe "probabilit y of hallucinating a wrong event" by the "expectation of

the number of such hallucinations", namely what we call the falsealarm rate NFA.

The method we develop here has probably been proposedseveral times in Computer

Vision (e.g. in the early Lowe work [15]), but, to the best of our knowledge,not system-

atically developped.2

B. Meaningful alignments

Let us start by our ¯rst example,the detection of straight lines in an image. This was

published elsewhere,but we explain it for two reasons: ¯rst for a sake of completeness

and secondbecausethe developped formalism is 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 measurement at each pixel, and we shall, without needfor many explanations,¯x

the accuracyof a measuredgradient direction at a point equalto a factor p¼radians. This
2Let 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 nul l hypothesis against which we judge signi¯c ance. One of

the most general and obvious assumptions we can make is to assumethat a background of independently positioned

objects in three-space, which in turn implies independently positioned projections of the objects in the image. This

nul l hypothesis has much to recommend it. (...) Given the assumption of independence 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 example if 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 casualalignment of a direction with a pre¯xed onehappenswith probability

p. In practice, p = 1
16 is the best we can hope from digital images(and is even optimistic

for aliasedimages).We considerthe following event : "on a discretesegment of the image,

joining two pixel centers, and with length l counted in points at Nyquist distance,at least

k points have the samedirection as the segment with precisionp." The direction at each

point is computedas the direction of the gradient rotated by ¼
2 .

De¯nition : Consider a segment S of length l containing k aligned points. We call

number of falsealarms of S,

N F A(S) = N 4
lX

j = k

µ
l
j

¶
pj (1 ¡ p) l ¡ j :

We say that S is "-meaningful if N F (S) 6 ".

This notion of "-meaningfulsegments has to be related to the classical\ ®-signi¯cance"

in statistics, where® is simply "
N 4 . The di®erencewhich leadsusto havea slightly di®erent

terminology is following : we are not in a position to assumethat the segment detected

as "-meaningful are independent in anyway. Indeed, if (e.g.) a segment is meaningful it

may be contained in many larger segments, which alsoare "-meaningful. Thus, it will be

convenient to comparethe number of detectedsegments to the expectation of this number.

This overcomesa di±cult y raisedby Stewart [23]. This is not exactly the samesituation

as in failure detection, where the failures are somehow disjoint events. If on a straight

line we have found a very meaningful segment S, then by enlarging slightly or reducing

slightly S, westill ¯nd a meaningfulsegment. This meansthat meaningfulnesscannotbea

univoquecriterion for detection,unlesswecanpoint out the "b estmeaningful" explanation

of what is observed as meaningful. This is doneby the following de¯nition, which can be

adapted as well to meaningful boundaries[4], meaningful edges[4], meaningful modesin

a histogram [5] and clusters.

De¯nition 2: Wesay that an "-meaningfulgeometricstructure A is maximal meaningful

if

² it doesnot contain a strictly more meaningful structure : 8B ½ A, N F (B) > N F (A).

² it is not contained in a moremeaningfulstructure : 8B ¾ A, B 6= A; N F (B) > N F (A):

DRAFT



9

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 alignments, right : maximal meaningful boundaries.

C. Edgeand boundary detectors

We shall now review brie°y our secondexampleof partial gestalt, the boundaries: a

classicalexample in Computer Vision ! The scope here is 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 given in [4]. Let u be a discrete image of sizeN £ N . We considerthe level lines at

quantized levels ¸ 1; :::; ¸ k . The quantization step q is chosenin such a way that level lines

make a densecovering of the image. A level line can be computed as a Jordan curve

contained in the boundary of a level set with level ¸ ,

Â¸ = f x=u(x) 6 ¸ g and Â¸ = f x=u(x) > ¸ g:

(See[2].) Notice that along a level line, the gradient 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 consider in the following

only level lines along which the gradient is not zero. The interpolation consideredin all

experiments below is the bilinear interpolation.

Let L be a level line of the imageu. We denoteby l its length counted in independent

points. In the following, accordingto Helmholtz principle, wewill detectstructuresagainst
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the null hypothesisthat points at a geodesicdistance(along the curve) larger than 2 are

independent. More precisely, the gradient magnitudes at these points are independent

random variables). Let x1, x2,...x l denotethe l consideredpoints of L. For a point x 2 L,

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

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

where r u is computed by a standard ¯nite di®erenceschemeon a 2 £ 2 neighborhood

[3]. For ¹ > 0, we consider the event : for all 1 6 i 6 l, c(x i ) > ¹ , i.e. each point

of L has a contrast larger than ¹ . From now on, all computations are performed in

the Helmholtz framework explained in the introduction : we make all computations as

though the contrast observations at x i weremutually independent. Sincethe l points are

independent, the probability of this event is

Prob(c(x1) > ¹ ) ¢Prob(c(x2) > ¹ ) ¢::: ¢Prob(c(x l ) > ¹ ) = H (¹ ) l ; (2)

whereH (¹ ) is the probability for a point on any level line to have a contrast larger than

¹ . An important question here is the choice of H (¹ ). Shall we consider that H (¹ ) is

given by an a priori probability distribution, or is it given by the image itself (i.e. by

the histogram of gradient norm in the image ? In the caseof alignments, we took by

Helmholtz principle the orientation at each point of the imageto be a random, uniformly

distributed variable on [0; 2¼]. Here, in the caseof contrast, it does not seemsound at

all to considerthat the contrast is uniformly distributed. In fact, when we observe the

histogram of the gradient norm of a natural image,we notice that most of the points have

a \small" contrast (between0 and 3), and that only a few points are highly contrasted.

This is explainedby the fact that a natural imagecontains many °at regions(the socalled

\blue sky e®ect",[10]). In the following, we will considerthat H (¹ ) is given by the image

itself, which meansthat

H (¹ ) =
1

M
# f x =jr uj(x) > ¹ g: (3)

where M is the number of pixels of the image where r 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 observed image. Thus, we ¯rst de¯ne the number of falsealarms.
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De¯nition 3: (Number of false alarms) Let L be a level line with length l, counted in

independent points. Let ¹ be the minimal contrast of the points x1,..., x l of L. The

number of falsealarms of this event is de¯ned by

N F A(L) = N l l £ [H (¹ )] l ; (4)

whereN l l is the number of level lines in the image.

Notice that the number N l l of level lines is provided by the imageitself. We now de¯ne

"-meaningful level lines. The de¯nition is analogousto the de¯nition of "-meaningful

modesof a histogram or to the de¯nition of alignments : the number of false alarms of

the event is lessthan ".

De¯nition 4 ("-meaningfulboundary) A level line L with length l and minimal contrast

¹ is "-meaningful if

N F A(L) = 6 ": (5)

The abovede¯nition involvestwo variables: the length l of the level line, and its minimal

contrast ¹ . The number of falsealarmsof an event measuresthe \meaningfulness"of this

event : the smaller it is, the more meaningful the event is.

D. Histogram modesand groups

As we mentionned in the introduction, the main gestaltic grouping principle is this :

points or objectshaving oneor several featuresin commonarebeinggroupedbecausethey

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 general problem : assumek objects O1, ... Ok , among a longer list O1,..., On ,

have somequality Q in common. Assumethat this quality is actually measuredas a real

number. Then our decisionof whether the groupingof O1,... , Ok is relevant must bebased

on the fact that the valuesQ(O1); :::; Q(Ok) make a meaningful mode of the histogram

of P. Thus, the single quality grouping is led back to the question of an automatic,

parameterless,histogram mode detector. Of course,this mode detector dependsupon the

kind of feature under consideration. We shall consider two 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 quantize 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

f 1; 2; :::; Lg. Consider an interval [a;b] ½ [1; L] and let k(a;b) denote the number of

objects with gestalt value in [a;b]. We de¯ne p(a;b) = (b ¡ a + 1)=L as the a priori

probability that an object's quality P(O) falls in [a;b]. With the samegenericargument

as in Section1, we have

De¯nition 5: An interval [a;b] is "-meaningful if

N F ([a;b]) = N i £ B(p(a;b); M ; k(a;b)) 6 ";

where N i is the number of consideredintervals (N i ' L(L + 1)=2). An interval [a;b] is

said maximal meaningful if it is meaningfuland if it doesnot contain, or is not contained

in, a more meaningful interval (seeDe¯nition 2

It can be proved in the sameway as for alignments that maximal meaningful intervals

do not intersect. Thus, we get an operational de¯nition of meaningful modesas disjoint

subintervals of [1; L].

D.2 Sizeof objects

The precedingarguments are easilyadaptedto Helmholtz type assumptionson nonuni-

form histograms. A very genericway to group objects in an image is their similarit y of

size. This similarit y lets groupsperceptually pop out. Now, it would be a total nonsense

to assumeany uniform law on the objects sizes.There are several powerful arguments in

favour of a statistical decreasinglaw for size. Thesearguments derive from perspective

laws, or from the occlusiondead leavesmodel, or directly from statistical observations of

natural images[8]. Our Helmholtz qualitativ e hypothesisis then : the prior distribution

of the sizeof objects is decreasing .

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

N F A([a;b]) = N i ¢max
p2D

B(p(a;b); M ; k(a;b)) 6 ";
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where D is the set of decreasingprobability distributions on f 1; 2; :::; Lg, and p(a;b) =
P b

i= a pi .

In the sameway as in the °at histogram assumption,onecan de¯ne maximal meaningful

intervals and prove that maximal meaningful intervals 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-righ t : 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 wil l be ¯xed in the ¯nal version of the presentpaper.

E. Object alignments

The gestalt we now consider is not the sameas the alignment gestalt consideredat

the begining of Section2, where the aligned points had their own orientation. Here, we

considerthe caseof objects whosebarycenters are aligned. Assumethat we observe M

objects of a certain kind in an image. Our null hypothesisfor the application of Helmholtz
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principle will be that the M barycenters (x i ; yi ) are i.i.d. uniformly on a domain ­. A

meaningful alignment of points must be a meaningful peak in the Hough Transform (see

[13], [22] for a very similar approach). Now, the accuracymatter must be adressed.Points

will be supposedto be alignedif they all fall into a strip thin enough,in su±cient 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) denote the number of points (among the M ) which are in S. The following

de¯nition permits to computeall strips wherea meaningful alignment is observed.

De¯nition 7: A strip S is "-meaningful if

N F (S) = Ns ¢B(p(S); M ; k(S)) 6 ";

where Ns is the number of consideredstrips. (One has Ns ' 2¼(R=a)2, where R 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 sizeof the image and

this yields a parameterlessdetection method.

F. Meaningful groups,or clusters

F.1 Model

The cluster exampleis the seminalone in Gestalt theory whereit is called \pro ximit y"

gestalt ([11]). Assumethat we seea set of dots on a white sheetand thosedots happen to

be grouped in oneor several clusters,separatedby desertregions. In order to characterize

each cluster as an event with very low probability, we shall make all computations with

the a contrario or background model that the dots have beenuniformly distributed over

the white sheet. This amounts to consider the dots as distributed over the sheet by a

binomial process. We then call A the simply connectedregion, with area ¾(the area of

the sheetis normalizedto 1), containing a given observed cluster of dots. Assumethat we

observe k points in A and M ¡ k outside. Then the "cluster probability" of observingat

least k points amongthe M inside A is given by

B(¾; M ; k) =
MX

i = k

µ
M
i

¶
¾i (1 ¡ ¾)M ¡ i :
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It is easily checked by large deviations estimatesthat if k=M exceedsA, this probability

can becomevery small. Now, the event is not a generic event in that we have ¯xed

a posteriori the domain A. The real a priori event we can de¯ne is \there is a simply

connecteddomain A, with area¾, containing at least k points". Sincethe number of such

domainsA is a priori huge, we seethat the expectation of such an event is by no means

small. In the following, we shall considera smaller set of domainsD with cardinality ND .

De¯nition 8: We say that a group of dots is "-meaningful if ND B(¾; M ; k) 6 ".

In order to de¯ne D in a realistic way, we have to samplethe set of simply connected

domains by encoding their boundariesas \lo w 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 lm starting from a

point and supported by the grid is bounded from above by 2l . The overall number of

low resolution curves with length lm is bounded by N 2
m2l , where Nm = 4

3
p

3 m2 is the

(approximate) number of meshpoints lying on the sheet. Thus, we can considerseveral

resolutionsm1 < m2 < : : : < mq, for examplein logarithmic scale,with m1 larger than the

pixel sizeand mq lower than the imagesize,so that q is actually a small number. Our set

of domainswill be the set of all Jordan curvesat all given resolutions,with discretelength

measuredin the corresponding meshlessthan a ¯xed length L. Thus, the overall number

of possible low resolution curves is bounded by N 2q2L , where N = Nm1 . Notice that

all numbers here are relatively small sincethe phenomenologyexcludesvery intrincated

cluster to be perceived. Thus, L is always taken to be smaller than, say, 30. We therefore

de¯ne a meaningful cluster as a set of points contained in a low resolution curve de¯ned

as above, and such that N 2q2L B(¾; M ; k) 6 ".

It can also happen that a cluster is not overcrowded, but only fairly isolated from the

other dots. In such a case,we can ¯nd a low resolution curve surrounding the cluster and

such that somedilate of the curve doesnot contain any point. Accordingly, we canmodify

the probability of the event : \the simply connecteddomain A has area ¾, contains at

least k points and is surroundedby an empty thick curve C with area¾0". In such a case
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the de¯nition of meaningfulnessfor an isolated cluster becomes

N 2qr2L
MX

i = k

µ
M
i

¶
¾i (1 ¡ ¾¡ ¾0)M ¡ i 6 ";

wherer is the number of allowed valuesfor ¾0.

F.2 Algorithm

Sincethis part has not beenpublished elsewhere,and sincethe cluster detection algo-

rithm is not obviously fast, we shall give someimplementation details. Let Pi , i = 1::M

be the points observed. We assumethat M is reasonablysmall, say M 6 1000. We write

d(Pi ; Pj ) for the usual EuclideandistancebetweenPi and Pj .

1. Computation of the connectedness tree

Stage a. Sort the valuesd(Pi ; Pj ); 1 6 i < j 6 M to obtain the nondecreasingsequence

d1 = d(Pi 1 ; Pj 1 ); d2 = d(Pi 2 ; Pj 2 ); :::dM 0 = d(Pi M 0; Pj M 0)

with M 0 = M (M ¡ 1)=2. The complexity of this stageis O(N 2 logN ) in the worst case

(sort).

Stage b. Compute recursively the connectednesstree :

- at the begining,each point Pi is a tree (with a unique element).

- at step k, we look for the root A (resp. B) of the unique tree having Pi k (resp. Pj k )

amongits leaves. If A 6= B, we fuseA and B as the children of a new node, and store the

value dk at this node.

- iterate this processuntil all points have beenagregatedin a singletree.

The complexity of this stage is about O(N 2 logN ) in the average,sinceat step k we

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

2. Computation of the meaningfulness of each cluster

In the connectednesstree, each subtreeassociated 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 A4 associated to a cluster A.

±=2 centered on the points encountered in the subtree. We needto compute the mean-

ingfulnessof each cluster, for example by Meaningfulness(A)= ¡ log10 NFA(A), where

N F A(A) is the number of falsealarms associated to A, itself given by

N F A(A) = N 2qr2l
MX

i = k

µ
M
i

¶
¾i (1 ¡ ¾¡ ¾0)M ¡ i ; (6)

wherek is the number of points de¯ning A, l the discretelength of the (thick) low resolution

curve enclosingA, ¾0 its area,and ¾the areaof A.

Now the point is to estimate l, ¾ and ¾0. For each cluster A, we can compute ½, the

distanceof A to the ±=2-dilate of the remaining points. It is given by ½= ±0¡ ±, where±0

is the value associated to the parent of A (±0 = + 1 if A is the root of the connectedness

tree). If ½6= 0, we then compute, for ® 2]0; 1[ ¯xed,

A1 = D½(A); A2 = A1 ¡ E½(A1); A3 = E½(1¡ ®)=2(A2); A4 = D½(1¡ 2®)=2(A3);

whereEr and D r represent respectively the erosionand dilation operatorsassociated to a

disk with radius r (seeFig. I I-F.2). We recall that A = D±=2([ i f Pi g), wherethe Pi 's are

the points encountered in the subtreede¯ned by the node A.

The domain A3 is a \thic k low resolution curve" of width ®½, de¯ned by the dilate of

a low resolution curve C0 lying on the hexagonalmesh. As we do not know where C0

should precisely lie in A3, only the A4 domain will count as \empty domain", and not

D (1¡ ®)½=2(A3). Whe then de¯ne

l = C ¢E +

·
area(A 3)

®2½2

¸
; s = area(A 4); ¾= area(A2);
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whereE + represents the upper integerpart, and C is a constant such that for any contin-

uouscurve with length l0, there existsa discretecurve with length lessthan Cl0 supported

by the unit step hexagonalmesh . We conjecture that 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 detectedregion which contains no dots. The cluster is meaningful

when it contains enoughpoints and is surrounded by a thick enoughempty region.

The areasmentioned can be computedusinga bitmapped imagewith a convenient size.

This computation is done for somequantized values of ®, provided that the associated

discretelength l satis¯es l 6 L. In theory, we cannot chooseexactly ½but we should take

the nearestsmallervalue amongthe resolutionsmi . 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 each 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. parent)

B of A, one has N F A(B) > N F A(A) (resp. N F A(B) > N F A(A)). As usual, we have

the property that two maximal meaningful clusters are either equal or have no common

point.

DRAFT



19

I I I. The limits of ever y par tial gest al t 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 agreement with our perception. In this section,we shall show by commenting brie°y

several experiments that \tout n'est pas rose" : there is a good deal of visual illusion in

any apparently satisfactory result provided by a partial gestalt detector. We explained

in the ¯rst sectionthat partial gestaltsoften collaborate. Thus, in many cases,what has

beendetectedby one partial gestalt will be corroborated by another one. For instance,

boundariesand alignments in the experiment 2 are in good agreement. But what can

be said about the experiment 6 ? In this cheetah image, we have applied an alignment

detector. It works wonderfully on grassbut we also seesomealignment appearing some-

what unexpected in the fur. Thesealignments do exist : it happensthat somelines are

tangent to several of the convex dark spots on the fur. This generatesa meaningfulexcess

of aligned points on this line, the convex setsbeing smooth enoughand having therefore

on their boundary a long enoughsegment tangent to the line. Clearly, the right explana-

tion for these"alignments" is the presenceof a large number of convex spots. Thus, the

presencein a imageof a large number of smooth piecesof curvesentails the possibility of

meaningfulalignments which are in no way the right descriptionof what is beingseen.We

seethat the convexity (or good continuation) gestalt should be searched simultaneously

to the alignment gestalt. The detection of alignments which only are tangent lines to

several smooth curves, should be inhibited when those smooth curves are detectedby a

\good continuation" principle. This can be stated in another way : no gestalt is just a

positive quality : we seeasalignment what indeedis aligned,but only under the condition

that the alignment does not derive from several smooth curves... Let us mention that

the good continuation principle hasbeenextensively adressedin Computer Vision, ¯rst in

[18], more recently in [21] and still more recently in [9].

The sameargument appliesto our next experimental example,in Figure 7. In that case,

a densecluster of points in present. Thus, it createsa meaningfulamount of dots in many

strips and the result is the detection of obviously wrong alignments. Again, the detection

of a cluster must inhibit such alignment detections. We retrieve what the gestaltistscalled

DRAFT



20

Fig. 6. Smooth convex setsor alignments ?

"con°icts of gestalts".
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Fig. 7. One cluster, or several alignments ?

This samekind of gestalt con°ict arisesin Experiment 8. In this ¯gure, a detectorof arcs

of circles has beenapplied (the detection de¯nition is exactly the sameas our de¯nition

of alignments). The main outcomeof the experiment is this : sincethe MegaWave ¯gure

contains many smooth boundariesandseveral straight lines,lots of meaningfulcircular arcs

are found. It may be discussedwhether thosecircular arcsarepresent or not in the ¯gure :

clearly, any smooth curve is locally tangent to somecircle. In the sameway, two segments

with an obtuseangleare tangent to several circular arcs. Now, the best explanationof the

¯gure is not : \circular arcs", but \smooth curves", i.e. the \good continuation" gestalt.

Thus, hereagain, we seethat onepartial 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 several partial gestalts(or feature detectors). Only a global synthesisof 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 imagecontains many smooth curvesand obtuseanglesto which meaningful circular arcsare

tangent. This illustrates the necessity of the interaction of partial gestalts: the bestexplanation for the

observed structures is "good continuation" in the gestaltic sense,i.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 theseexperimental counterexamples,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 explained in the ¯rst section with the

exampleof a square. Indeed, most natural or synthetic objects are simultaneously con-

spicuous,smooth and have straight or convex parts, etc. Thus, in many cases,each partial

gestalt detector will lead to the samegroup de¯nition. Figure 9 illustrates the collabora-

tion of gestaltphenomenon,which wasnot, in our opinion, given the right attention by the

gestaltists. In the mentioned ¯gure, we seeseveral blobs of (very roughly) the samesize,

orientation and grey level. Using the histogram mode grouping as explainedabove, this

very samegroup of blobs is correctly grouped (up to one outlier) as the unique maximal

mode of the following histograms: orientation (of all blobs), size(area), and even mean

grey level (inside each blob). Thus, the samegroup exists in agreement with three very

di®erent gestalts! Each partial detectorseemsto 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 somearguments in
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Fig. 9. Collaboration of gestalts : the objects tend to be grouped similarly by several di®erent 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 background region and the three tiny blobs. Middle :

histogram of orientations of the meaningful blobs (computed asthe principal axis of each blob). There

is a singlemaximal meaningful mode (interval). This mode is the interval 85-95. It contains 28 objects

out of 32. The outliers are the white background region and three tiny spots. Right : histogram of

the mean grey levels inside each block. There is a single maximal mode containing 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) can be computedby the Helmholtz principle followed by

a maximality argument. Second,the byzantine discussionsof gestaltists about "con°icts

of gestalts", so vividly explained in the books of Kanizsa, might well be solved by a few

information theoreticalprinciples. As a good exampleof it, let usmention how the dilemna

alignment-versus-parallelismcanbesolvedby an easyminimal descriptionlength principle

(MDL) [20], [5]. Figure 10 shows the problem and its simple solution. On the middle, we

seeall detected alignments in the Brown image on the left. Clearly, those alignmnents

make sensebut many of them are slanted. The main reasonis this : all straight edgesare
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in fact blurry and thereforeconstitute a rectangular region whereall points have roughly

the samedirection. Thus, since alignment detection is made up to someaccuracy, the

straight alignments are mixed up with slanted alignments. Theseslanted alignments are

easily removed by the application of a MDL principle : we retain for each point only the

most meaningful alignment to which it belongs. We then compute again the remaining

maximal meaningful alignments and the result (right) shows that the con°ict between

parallelism and alignment 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 mention a good attempt of this kind in [14], wherethe author proposed

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

Fig. 10. Parallelism against alignment. Left, original Brown image. Middle : maximal meaningful

alignments. Here, sincemany parallel alignments are present, secondary, parasite slanted alignments

are also found. Right : Minimal description length of alignments, which eliminates the spurious

alignments. This last method outlines a solution to con°icts betweenpartial gestalts.
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