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A multidimensional scaling approach to explore the behavior
of a texture perception algorithm
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Abstract. This paper presents a methodology for behavioran algorithm that implements a general computational model
characterization of an algorithm in terms of the parametricof preattentive texture segmentation [12]. The paper has been
description of input images. To develop the work we haveorganized in the following steps.

selected an algorithm which implements a model of texture  Firstly we introduce the texture perception problem and
perception and provides a texture representation. The aphe algorithm we have studied in this work. Secondly we
proach is based on the definition of an input parametric texgive a brief introduction to the multidimensional scaling
ture space, where parameters are related to texton attributesiethod. Then we propose a methodology to construct a be-
Multidimensional scaling provides a dimensional reductionhavior space in terms of the input parameters. Finally we
of space of representation. It allows interpretation of the betest the results on some natural images.

havior of the algorithm in a low-dimensional space where

points represent textures and distances represent dissimilari-

ties between textures, preserving the metric of the algorithn? Texture

representation in a monotonic sense. The resulting behavior

space establishes the basis to construct a quantitative causgXtUre is an important visual cue due to the repetition of
model of an algorithm. image patterns. It is widely used in several applications, such

as classification of materials, scene segmentation and atten-

Key words: Multidimensional scaling — Algorithm behavior tional mechanisms. _
— Texture perception — Texture representation Much wo_rk has focused on the texture perception prob-

lem. Interesting reviews have been presented [5, 7, 21, 27].
Psychophysical experiments and neurobiological evidence
have provided the basis for the definition of texture per-
ception models [1, 6, 9, 14]. These results have led to com-
putational multichannel approaches that are based on the re-
sponses of linear mechanisms. This type of approach implies
_ o . .. alarge amount of image data distributed in a high number
Recent work in artificial intelligence [3] focuses on empiri- ot channels. This means it is difficult to understand how the
cal methods for characterization of the features of programsy,odel will behave on specific images. In this work we ex-

environments, tasks and behaviors. The study of specif_i?,erimem on this type of approach to develop a methodology
programs using empirical methods can help us find theigq explore the behavior of algorithms.

general features. An empirical generalization strategy has
been defined in five steps: (1) build a program that exhibits
an interesting behavior; (2) identify specific features of the2.1 An improved algorithm
program, the tasks and the environments that influence the
target behavior; (3) develop and test a causal model on howhe work presented by Malik and Perona [12] has been con-
these features influence the target behavior; (4) generalizeidered one of the most important computational models of
the features so that other programs, tasks and environmenktsiman preattentive texture perception. In order to explore
are encompassed by the causal model; (5) test whether tthe model's behavior, we firstly propose an efficient algo-
general model predicts accurately the behavior of this largerithm to compute it. We have divided the model into four
set of programs, tasks and environments. stages.

In this paper we focus on the second step of this strategyfirst stage.An image-filtering step with a set of linear fil-
on a classical problem of computer vision. We have choserters. F; represents the filter of thechannel, whose response

is given by

1 Introduction

* e-mail: maria@cvc.uab.es
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The selected filters are the DOOG family, which are 3 Multidimensional scaling
formed by differences of offset gaussian functions as:
Multidimensional scaling (MDS) methods have been devel-
1 (T 4(V YOy 5 oped to analyze and visualize data in such a way that con-
2m0 L0y € : ' (2) figurations of points in a space of dimensiencan be seen
in a space of dimensioh (¥ < m), preserving the interpoint
The expressions for the filters are given in Table 1.distancesina monotonic sense [8, 13, 28]. Although, we will
DOG1 and DOG2 are radially symmetric filters modelling Work on euclidean distances we have based our approach on
nonoriented simple cells, and DOOG?2 is a directional evennonmetric MDS, since dissimilarity between representations
symmetric filter to model bar-sensitive simple cells. The fil- could be defined with any other measure.
ter depends on a size parameterTaking 12 possible sizes Starting with ann x n matrix, A = (6;5), whereé;; rep-
for each filter and considering six different orientations onresents a dissimilarity measure between pgin@sndp; ina
filters DOOG2, 96 responses are obtained. m-dimensional space, the objective is to find a configuration
In this first step the filtering is followed by a half-wave Of z1,...,z, points in ak-dimensional space having; as
rectification that duplicates the number of responses interpoint distances betweer; and z;. The values ofd;;

must be monotonically related #;, that is
6ij < bgp — dij <dgp V(,5) €{L,..,n} x{1,..,n 8
R+($,y) = max{R(x, y),O} J qp J qap ( ) { } { } ( )

R (z,y) = maz{—R(z, y),0} ®) _ inen an ini'FiaI arbitrary configuration of_points ih*

with interpoint distanced;;, the problem consists of apply-
ing an iterative method that minimizes the following expres-
sion:

G(an Y0,0¢, Uy) =

Thus, the result of this first stage is given by the follow-
ing set of 192 responses:
(dy — i
. S = Zl,]( J - J) (9)
Rai = (I % Fy)*(, ) i &

Ropsr = (I Fy) ™ (z,y) VEk €{0,...,95} (4) The minimum is taken over values df;’s that verify the

. o monotonic relation wittd, ;. Thus,S gives information about

Second stageA non-linear inhibition in two steps. We have oy good the computed configuration is; it is called “stress”
ameliorated these two steps by introducing fast morphologiung was first defined by Kruskal [10]. In this sense, we will
cal operations [15] to compute them. Local maximum Oper-cqonsider the minimum stress value as a measure of badness-
ations have been implemented by a morphological dilatiornys.fjt hence,S = 0 represents an exact fit on the rank order
with an isotropic structuring element [23, 24]. _ of the recovered configuration. Finding the most adequate

The first inhibition removes spurious responses. That isyg|ye fork has been defined as the dimensionality problem.
responses in non-optimally tuned channels are suppressefihere is an interesting approach to this problem in [11].
This is done by subtracting the following function from each First approaches to the construction of configurations

channel; based on dissimilarities were presented by Shepard [16, 17].
i _ In [18], he proposes to use MDS as a way to discover
T;(xo, yo) = mjax{(ajz‘Rj(m ) & B, ®) " the structure of what he calls the psychological space. It is
o . formed by the consequential regions which behaves as nat-
Values for/;; anda;; depend on the inhibition that is 5| kinds or classes. In this way a new object is easily rec-
selected. In our experiments we have used model A (seggnized or classified by being introduced in this structured
Tables 1 and 2 in [12])];; represents the radius of the sychological space. The psychological space is constructed
isotropic structuring element. from a set of dissimilarity data obtained from psychophysi-
The second inhibition expands strong responses to theig| experiments. Our work has been motivated by this type
own neighborhood. The postinhibition response is given byq¢ approach since we are trying to explore the underlying
1 structure of high-dimensional representation spaces provided
PIR;(x0, o) = (1 . [Ri(z,y) — Ti(x,y)]") @® Bs, (6) by certain algorithms.

wherek = 1/(1 — «;;) also depends on model A arf is o )
the radius of the neighborhood. 4 Defining the behavior space

Third stage.A gradient detection on each channel is com- . . . )
puted In a previous section we introduced a texture perception

algorithm from which we extract a high-dimensional texture
Gradi(x,y) = V(PIR; * G,/)(z,y) (7) representation

Fourth stageA combination stage where the distributed rep- r(t) = (va, ..., v192) (10)
resentation in channels is lost and all gradients are joined ifjyhere

a unique response. In this model this step is computed by a PIRi(z,y)
maximum operation over all gradient of the previous step,v; = o
obtaining the textural gradient of the image. (2,9)€{0,...,N}2

N2 (11)
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Table 1. Expressions corresponding to the filtdbl8DG1, DOG2 and DOOG2.

Filter o Factor Offset
DOG1(e) = aG(0,0,0;,0;) o; 1009 a:b
+  bG(0,0, 09, 00) 0.71:1:114 1:-1
DOG2(c) = aG(0,0,0;,0;) 0; 1000 a:b:ic
+  bG(0,0,0,0) 062:1:16 -1:2:-1
+ CG(07 Oy 00, UO)
DOOG2(o,r) = aG(0,ya,0z,0y) oy =0 a:b:ic Yo = —Ye =0
+  bG(0,yp,02,0y) Og =T 0 -1:2:-1 yp =0
+ CG(Oa yc,Uz:Uy) (T = 3)
aApOG1 - ADOG2 - ADOOG2
3:415:2

wheret is an image of sizéV x N presenting one texture. represents an image texture, which is formed by the repe-
Dimension of vector depends on the number of channels tition of one type of texton, and whose attributes are given
in the algorithm. by s, [, 8 and c. These attributes represent the position of

The defined representation permits consideration of @maget in the parametric spaggExamples of images in
texture as a point in a representation space of 192 dimerthis parameteric space can be seen in Figs. 5a, 6a and 7a).
sions, in which discriminable textures must be separated by Variation on a given axis represents a variation of the cor-

a distance in the space. From this point of view, the study ofresponding attribute on the image texton. As we have stated
the discriminability of the algorithm can be seen as the studybefore, the images that we are generating present a constant
of the spatial proximities between textures in this represendensity of textons and a fixed background gray level.
tation space. With this purpose, we define a dissimilarity  Heretofore, we have defined a parametric texture space
measurey, such that which will provide interesting sets of images. The algorithm
permits representation of the input image in a representation
space. To explore this representation space we will carry out
bij = Z(r(ti)k = (k) (12) apset of expeF;iments ach())rding to the f%llowing steps: y

k=0
wheret; andt; are two different texture images amé;),
r(t;) are their corresponding points in the representation
space and have been computed by the algorithm.

As we have argued before, the purpose of this work 2.
is to identify specific features that influence the algorithm
behavior and how they do it. In order to do this, we will . ;
define a parametric texture space. It will allow us to work on  t€X{Ure representations and construct:then matrix of
sets of images whose features can be isolated and controlled, dissimilarities. .
in order to be able to prepare valid experiments to interpret?- Select thek dimension for the recovered space.
the program behavior. 5. App_ly a nonmetrlc_MDS algorlth_m to thaln the config-

We have assumed that a texture image is a repetition of Uration of then points in thek dimensional space, we
blobs and bars with similar properties. Actually, this assump- Wil show it by a k-dimensional plot. This process pro-
tion has also been made in the work of Vorhees and Poggio V1des a stress measure as the badness-of-fit of the new
[25], where bars and blobs are first detected and then their ~configuration.
attributes are measured. Contrast, size and orientation are This MDS-based approach will allow construction of the

the most frequently used attributes. In fact, we are treatin%ehavior space of the algorithm, which preserves the same

blol|)_|s and btars as texicitrrl]s [gt].d i work thetic Underlying structure of the representation space. In Fig. 1 we
ence, to carry out tne study we will work on SyntneliC .5, see g scheme of this methodology.

images formed by aligned blobs or bar§Ve have intro-
duced a constant density on all images that agrees with the

inhibition rad|us_, of _the program. This does not affect the4_1 Variations on one parameter
program behavior since it does not depend on texton loca-

tion but on textons density. We will first apply this approach to explore, separately, how
The foregoing considerations permit definition of a tex- PRy PP plore, sep Y,

ture as a point in a parametric space of four dimensionsthe program behaves with variations on each parameter at

Each axis is associated to a texton attribute as size, Iengtr’ihe mput_ space. Variations on size and length axis on the_
orientation and contrast, where parametric texture space have been recovered by monotonic

variations on a one-dimensional space (badness-of-fit=0.001,
t= Z.(.plapZ7p37p4) = Z(Sv l7 97 C) (13) 3 X i
In our experiments parameters have been taken from the following
1 The average of the inhibition response has been computed to avoid thepace: [110] x [1,10] x [0°,180°] x [—128 128]. In fact we are tak-
effects of noisy spurious responses. ing a subspace of it, since we only consider points accomplishirg!,

2 Generated from the expression of a two-dimensional Gaussian functiongtherwise we could have two different points representing the same image
size of blobs and bars is given by the standard deviations of the function.texture.

192

1. Select a set ofi images in the texture parametric space.
Selection must be made to characterize any given aspect
of the representation space.

Apply the algorithm to obtain the representatien,of
each image.

3. Calculate the set of all interpoint dissimilarities between
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Para.tr;‘ét-érq(pq) = b(t)=(f1,f2,....fk) : fi=g(p1,p2....,pq)

Fig. 1. Diagram of the steps in the proposed methodology. In our approach the parametric input space corresponds to a texturedpaue jarameters

have been defined as size, length, orientation and contrast of the image texton. The algorithm implements a computational model of texture perception,
which implies a representation space with= 192. The reduction of the MDS method provides a behavior space defined in terms of the input parameters,
where dimensions verif§ < m

0.0008, respectively), as is shown in Fig. 2. At this moment,wheresgn function represents the sign of the argument and

it implies two dimensions in the behavior space f5, f6 sSeems to be monotonic functions.
At this point we can give a first approximation of the
(f1(s), f2(D)) (14)  structure of the behavior space, in termsspf, 6 andc pa-

rameters. In this case we go from a 19two-dimensional rep-

where f and f, represent maonotonic funct|ons: . . resentation to an approximation on a six-dimensional space,
On the other hand, variations along the orientation axis, "¢\ ich as

imply a non-monotonic one-dimensional plot with an impor-
tant stress measure (badness-of-fit=0.26). But it decreasé$t) = (f1, ..., fx) =~ (f1, f2, f3, [4, [5, f6) a7)
significantly for a two-dimensional space, presenting the . . .
conﬁgurat?on of Fig. 3 (bac_ingss-of-fit:0.000Z). This circular ‘}Vh(}rel}wgfédnziﬁgiﬁg Eﬂﬁc(;ioorr:icéfdtlhmee?;zgnwﬂangxflées-
configuration appears indistinctly for whatever size, length’/2’ /5 /6 g exp
and contrast. sions

From this result we can state that the algorithm present$(t) ~ (f1(s), f2(1), f3(cos @), f4(sin ),
maximum distances whenever orientation differs by 80d )
that there is no coordinate origin for the orientation axis. »sgn(e) - fo(e), fe(lel) (18)
The algorithm does not represent directions but axes. That
is, bars’ orientation is represented by their inertia axis. Thes .
observations lead us to hypothesize that the algorithm repezil -2 Interactions between parameters

resentation behaves in a two-di i i is: ' . . .
imensional space like this In order to refine the previous hypothesis, we will try to

(f3(cos D), fa(sin X)) (15)  explore how dimensions interact between them. We can do
it by constructing sets of images where variation occurs in

for variations in orientation, wherg; and f; determine the  more than one parameter.

radius of the circular configuration. At present, we are not Parameters one and two vary in a monotonic sense. We

able to hypothesize about the shape of these functions. can see this effect in Fig. 5, where the triangle configuration
Likewise, contrast variations through a zero cross impliesin the parametric space is preserved by the algorithm rep-

a non-monotonic variation of the algorithm representation onresentation in a monotonic sense. There is a deviation due

a one-dimensional space (badness-of-fit=0.2), whereas fdo imaget., but we can not derive any clear interaction be-

a two-dimensional space the badness-of-fit is 0.00004. Wéween these two axes. Other triangle configurations, that has

can see this in Fig. 4. The important reduction of the stresdeen experimented in this subspace, present certain devia-

value from one to two dimensions shows that there is ation for some images, as in this case, but do not allow one

significant fact that is not represented in a one-dimensionalo infer any specific relation.

space. Hence, the inflexion introduced by the zero-cross in A contrast variation with respect to size can be seen in

the parametric space has to be considered in the representaig. 6a. From the recovered configuration in Fig. 6b, we can

tion space. deduce that distances between textures of the same contrast
From these results, we can observe that there exists imcrease when contrast increases, that is

symmetric behavior between dark and bright textons, and, _

an increasing difference between them as the absolute valug = 91(5: ) (19)

of contrast increases. Therefore, we can hypothesize thayhere ¢; is a monotonic function ok and c¢. While dis-

the algorithm represents textures with different contrast signances between textures of different contrast depend only on

according to the following two-dimensional space: contrast difference, whatever the other parameters are

(sgn(c) - fs(lel), fo(lcl)) (16) 4 The hypothetical true dimensionality which underlies the data
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Fig. 2. MDS plot configuration of a set of images,, ..
Fig. 3. MDS plot configuration of a set of images,, ..
Fig. 4. MDS plot configuration of a set of images,,

., t7, where each one presents size variations
., tg, where each one present orientation variations fréna0180
..., tg, where each one presents contrast variations with a zero cross bewaetts

Jfe = gs(|cl) (20)  fa=g(s,1,|c|)sin(D) (25)

such thatgs is a monotonic function depending only o). which means that the radius depends on monotonic varia-

Equally, the same conclusions can be reached fromions of size, length and absolute value of contrast. It has
square configuration with images with negative contrast. Theheen expressed with the saméunction, since the shape of
squares are equally deviated from the input configurationthe circular configuration presents no distorsion in either of
confirming expressions for 19 and 20. its two dimensions.

This interpretation has also been done from experiments  Other experiments can be found in [22] which confirm
where variations on size have been substituted by lengtithe expressions of the behavior space that we have con-
variations [22], obtaining structed.
2= gall, ©) Thus _far, we have obtained th_e following expression for

the six-dimensional space, in which we have expressed the
whereg, is a monotonic function.

behavior of the algorithm, that is, the behavior space in this
Interaction between orientation and the rest of the paway:

rameters has also been checked. In Fig. 7a we have selec:‘gfi

a set of images varying in contrast and orientation, and irf{) = (9105, ), 92(l, €), (s, 1, ¢) c0S(D),

Fig. 7b we see the consequential configuration for the algo- ,9(8, 1, |c]) sin(29), sign(c) - gs(|c]), ge(Ic]))
rithm representation, where we can approximately say that

on the recovered space dimension 1 corresponds to contrast ] ) )

variation and dimensions 2 and 3 correspond to orientatiorf-3 Underlying dimension

in the sense that we have expressed withnd f, functions. The | ion th il dis ab h
We can see that images varying in orientation and with the e last question that we will attempt to respond Is about the

same contrast are positioned in a circle configuration ovelrue dimensionality_ for the constructed space. Classical tech-
iques to solve this problem have been based on a Monte

the same plane. We can also observe that for a given orientgz I h 119 201 A imulati .
tion the algorithm representations are on the same plane an ario approac [19, 20]. - computer simulation using ran-
om data with known configurations was used as the basis

maintaining the configuration that we have seen in Fig. 4 for A )
construct sets of dissimilarities, which were scaled by a

a contrast sign change. Finally we can state that the radiul® ; ) i :
of the circle configuration depends on contrast values. nonmetric MDS algorithm. Some errors were introduced in

these sets of data. The stress values of these simulated data

(21)

(26)

f3=9(|c|) cos(P) (22) can be used as a guide to recover the unknown dimension-
. ality.
fa=g(|c]) sin() (23) We have computed the stress values for a set of 36 im-

Following this last inference we have tried to prove if 29€S from our experiments. In Fig. 9 we show the obtained
the radius depends only on contrast, or if it also depend§tress values versus the stress .valugs of the S|mula'ted data
on the rest of parameters. Graphics in Fig. 8 give support tdn the Monte Carlo approach, given in [19]. From this we
this hypothesis, since, as we can observe, the radius varié@" deduce that our data present an underlying dimension of
for different lengths of bars (Fig. 8a), and for different size 4.

(Fig. 8b). From this observation we can deduce the following
expressions

f3 = g(S, lv |C|) cos(29)

Taking this into account, we will give a last hypothesis
about the behavior space of the algorithm. We can eliminate
previous redundant dimensions and give the following final

(24)  approach:
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Fig. 5. a Points in the texture parametric space in a triangle configuration. Imiages andt. are at the vertex of an equilateral trianglg;, is the
midpoint betweert; andt; andt,;.. is the triangle centroid. Variations are taken on size and length parameters (assumitigrgiig).b 2D MDS solution
of the dissimilarities computed from the algorithm representation of poings(badness-of-fit=0.003)

Fig. 6. a Square configuration of points in the parametric space. Variations of size and cont?&3tMDS solution of the algorithm dissimilarities on
points ofa (badness-of-fit=0.00061)

b(t) ~ (g(s,1, c)cos(D), g(s, 1, |c]) sin(H), 5 Experiments on natural images
s sign(c) - gs(|c]), ge(|c])) (27)

To give support to the behavior space defined in the previous
section, we have tested it on some natural images. We have
taken a set of images from the Brodatz album [2] that can be

since parameters in the two first dimensions were also conperceived as points in the defined parametric texture model.
sidered in the others. This new space maintains all the con- We have applied the process on the set of images in
straints that we have been introducing during the study. AtFig. 10a, presenting a predominant direction on bars and
any rate, the relevant conclusion is that we have an importanith different bar contrast. The 2D MDS configuration of

reduction and we know how the input parameters interactthe resulting representations present the form that we have
independently of knowing the true dimensionality. predicted in the behavior space (see Fig. 10b). Dissimilarities
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g
E t1--120 t2--120 t3--120 t4--120 t5--120 16--120 t7--120 t8--120
orientation

a
Fig. 7. aGrid of 8x4 points in the parametric space. Variations of orien-
tation (orientation step=23 and contrast through a zero crobs3D MDS
solution of the algorithm dissimilarities on pointsafbadness-of-fit=0.038)

b

Table 2. Stress values for scaled data to different dimensions expressed f\ﬁ/ay as we had predicted for textures of the parametric space
k. Dissimilarity for our data has been computed over a set of 36 pointsg%ee Fig llb)

in the representation space. Selected points corresponds to a subset of t
images used in this work. The simulated data from a Monte Carlo approach
have been obtained from the work of Spence and Graef [19]

Stress Monte-Carlo simulation 6 Conclusions
k  (our data) e=000 e=00625 In this work we present a methodology to explore the behav-
; g'i’;ggg g'ggz 8"2“3‘; ior of algorithms. We have based our approach on new ten-
3 010843 0097 0125 dencies in artificial intelligence which use empirical methods
4 005063  0.000 0.060 to establish causal models of programs. The approach relies
5 0.02685 0.000 0.055 on the extraction of general features of environments, tasks
6  0.02000 - - and behaviors.

We have particularly worked on the texture perception
problem. Defining a simplified parametric texture space we
have obtained a way to synthesize images by controlling

due to orientation are configured on a circle, whose radiugertain interesting parameters. Any image has been formed
depends on the bar contrast value. by the repetition of a blob with specific parameters of size,
In a similar way we have tested the size parameter bylength, orientation and contrast. We are not concerned about
reducing image resolution. We have constructed a squarthe specific location of textons, we only consider attribute
configuration of textures varying in contrast and resolution,densities as in Julesz’s texton theory. This parametric space
simulating variations on contrast and size of texture blobsalso agrees with Marr’'s image model based on bars and
(see Fig.11a). The 2D MDS configuration of the resultingblobs and their attributes, which has been computationally
representations preserve the square configuration in the sandefined in the work of Voorhees and Poggio [26].
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Fig. 8. a2D MDS solution of the algorithm dissimilarities on two sets of

1 points {t1y, ..., t84} and {t1s,...,t8g}, wheretk; represents the texture
with orientationd;, and length: (badness-of-fit=0.016pp 3D MDS solu-

tion of the algorithm dissimilarites on two sets of poigtdy, ..., t82} and

1 {tls,...,t8s5}, wheretk; represents the texture with orientatidp and
lengthj (badness-of-fit=0.002). (In both cases consecutive orientations are
separated by 23

0 Fig. 9. Graphical representation of the stress values in Table 2 versus values
from the Monte Carlo approach on four-dimensional data with two different
0 1 2 3 4 5 6 7 error levels

The selected image model defines the algorithm environ-  Finally, we conclude that the construction of the behavior
ment. We propose to test the algorithm in its environmentspace of any given texture representation is a relevant step
by isolating specific features of it, in the same way thatin solving automatic classification problems. In this sense
psychologists do in psychophysical experiments. we can see this behavior space as a representation space

Assuming that the algorithm returns a high-dimensionalwith a known underlying structure which will allow us to
representation of the input image, we have based our apeonstruct systems based on this representation, i.e. systems
proach on the use of the multidimensional scaling methodable to describe any new texture by their proximity to some
It has been applied from a dissimilarity matrix constructedgiven set of prototypes in this space, as it has been done
by distances between representations of different imageswith the shape recognition problem in [4].

An exhaustive study on variations of specific parameters An immediate continuation to this approach is to test
of the input images has permitted formulation of a four- it on images presenting more than one kind of textons. In
dimensional behavior space for this algorithm on this sim-this case, the approach would permit representation of any
plied image model. Considering that the bars and blobdexture in terms of texture prototypes of the defined model.
model has been defined as a general image model, the re- It would be very interesting to test the approach on differ-
sults on this parametric space should be able to be extendezht neural networks in which the high dimensionality prob-
to any image. lem of certain intermediate steps sometimes makes predic-

This behavior space can be understood as a qualitativéon of their behavior difficult. In this case, we should extract
causal model, which is the basis for development of thethe information of an intermediate stage in the network and
guantitative causal model of the algorithm. It also providesuse it as a representation space.

a representation of the algorithm in such a way that it facil-  The construction of the behavior space of a computa-
itates the comparison between different algorithms. tional model based on the human visual system opens a
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Fig. 10a,b. A set of textures with a predominant bar orientation. Textures
‘;’ -1.54 {s-0,...,s-158 present a photometric transformation on the range of 0 to
) 255 gray levels. Texturegslc-0,...,slc-158 present a photometric transfor-
& -2.01 mation on the range of 128 to 255. At the bottom we present the 2D MDS
.g o5 configuration of these two sets of images (stress= 0.05)
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Fig. 11. almage transformations on resolution and background contrast. The resolution variation is positioned along the axis where size=length. Contrast
variations on background is on the contrast aki®D MDS configuration of the algorithm representations of images (stress=0.004)



new line to systematically test whether it behaves as hua7.

mans do. This point of view implies construction of the per-

ceptual space of human vision from a set of psychophysid®8:

experiments on stimuli constructed from the same paramet:
ric model. These experiments will allow construction of a
dissimilarity matrix. A computational model of vision will

be valid if the behavior space presents the same structure.

of the perceptual space constructed from the same set of
images.

21.
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