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Chapter 1

ON THE COMPUTATIONAL MODELING
OF HUMAN VISION

Jacob Beck, Bosion University

1. INTRODUCTION

The computational approach io human vision had its origin in the
nineteenth-century algebraie formuias for predicting perceived hue from
the spectral energy distribution [53], perceived sizes and shapes from
retinal sizes and shapes {53}, perceived depth [rom the disparity of the
images in the left and right eyes [111], and perceived brightness from
simple luminance distributions [34, 55, 76]. Visual problems iavolving
image structure such as the perceived lightness of an anevenly illumi-
nated wall that curves in space, the recognifion of shapes and patterns,
and the perceived spatial layout of objects were not easily solved math-
ematically. Algorithms for these more complex problems have evelved
with the nse of the computer for visual modeiing. These models, how-
ever, often assume restricted and ecologically unrealistic conditions.

The remarkable flexibility and effectiveness of human vision poses a
challenge to machine vision. A moiivaiion for research on neural net-
works is the belief 1hat the power of human vision can be achieved by
using an archifecture and processes that functionally mimic those uti-
lized in biological vision. Though recognizing that the characteristics
of biclogical vision and their efficient implementation are interdepen-
dent, this chapter focuses on three characteristics of human vision that 1
believe underlie its unusual eflectiveness, rather than on how these char-
acteristics can best be implemented. Rosenfeld [100] posed the guestion:
Why is the effectiveness of machine vision so limited in comparison to
the remarkable success of biclogical vision? He conjectured that cme
reason for the success of biological vision js its application of multiple
processes to the information extracted from images. A second reason
that he suggested is the generation of multiple representations designed
for specific tasks. A third factor that I believe to be important is that
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perception is a function of muliiple information sources. I examine the
role of these factors in human vision in the perception of lightness, visual
segregation, and the perception of transparency.

2. ONE-STAGE THEORIES

Multiple processing stages and interactions are a striking characteris-
tic of higher biclogical vision. Neurophysiological studies indicate that
there are many visual areas that encode properties of visual stimuli over
varying-size arcas of the visual field [68], Psychophysical studies ve-
veal interactions between the perceptions of color, shape, space and mo-
tion [88]. Despite the neurophysiological and psychophysical evidence
that percepiion involves Inieractions among muliple processes, there
has been a consistent attempt {o simplily the problem by {ormulating
one-stage compulational theories. Helmholtz [53], Koftka [72], and Gib-
son [41] represent three differing theoretical approaches but are alike
in formalizing vision as a one-stage process. lor Hebmhollz [53], per-
cepts resull from inferential-like processes hased on the information pro-
vided by cues. Cues are the meanings attached to stimuli acquired in
the course of phylogenetic or ontogenetic development. Bayesian vision
algorithms are contemporary {ormulations of the Helmholtzian compu-
tatianal point of view [39]. Koffka [72] hypothesized that perception
is to be explained in terms of an “energy field” which takes into ac-
count the total stimulos situation and tends toward a global minimum.
Algorithms in which vision problems are mathemalically Tormulated as
minimizalion problems are representative of this computational point
of view [91]. Tor Gibson [41], as with Helmholtz, perception is a func-
tion of information, Information, however, is conveyed by what he called
higher-order variables: Spatial and temporal patterns of stimulation that
specify information alout the environment. Gibson [42] wrote: “For ev-
ery aspect or property of the phenomenal world .. .there is a vanable
of the energy flux at [the] receplors, however complex, with which the
phenomenal property would correspond ...". Percepiion involves either
imnate or learned responses to stimpulus invariants. The computational
vision problem reduces to a lookup table.

Aloimonos and Rosenfeld [4] describe progress in the computational
modeling of human vision since 1970. In the early 1970°s, machine vision
systems employed a Helmholiz-like one-stape computational approach
using “high-level” knowledge about a seene in conjunction with “low-
level” cues to account for perception. These systems guickly proved
inadeguate, Researchers then turned to a multistage approach, modeling
low-level, mid-level and high-level visual moduies. However, this too
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did not lead to the development of a successful machine vision systeni,
Aloimonos and Rosenfeld suggest that an active rather than a passive
observer must be modeled. Tor an active ohserver, many mathematically
ill-posed vision problems {e.g.. shape from shading) become well-posed
and allow for a unique solution (see Table 1 in [1]}. Though motion-
produced stimulation provides many more stimulus invariants [43), it is
doubtful whether the difficulties in modeling human vision are solely due
to not adequately laking into account available stimulus information [56].
An alternative possibility is that human vision evolved representations
and processes designed to accomplish particular tasks [3]. Vision, for
example, may create several representations of space, which may range
from pure 2D representations to pure 313 representations. Space may
further be coded for catching or picking up objects {e.g., far space, near
space, and space near limbs) as well as in terms of spatial layout [52, 83],
Multiple processes, data representations, and sonrces of information may
he the bases for the highly adaptive nature of perception and the reasons
for the difficulties in formulating mathematical or computer algorithms.

3. MULTIPLE PROCESSES: PERCEPTION
OF LIGHTNESS

The percepiion of Hightness illustrates the multiple processes involved
in the perception of even rejatively simple visual atiributes, Lightness is
the attribute of a surlace that varies from black to gray to white. Tight-
ness constancy is the tendency for the lightness of a surface to remain
constant with changes in ilumination and the juxiaposition of serfaces,
The perception of lightness depends on the effects of adaptation, con-
trast, assimilation, contours, figure-ground, grouping, depth and illumi-
nation. The poerception of lighiness is a funetion of both stimulus encrgy
(huminance) and stimulus information (figural unity, figure-ground, ifn-
mination, ete. ).

3.1 SENSORY, ORGANIZATIONAL, AND
COGNITIVE PROCESSES

Beck [13] categorized the processes relevant to lghtness perception
under the general robrics of “sensory”, “organizational”, and “inferen-
tial”. There is no accepted terminology. Roughly the same hierarchy
of processes has heen described as “low-level”, “mid-level”, and “high-
lovel® and as “sensory”, “perceptual” and “cognitive”. These terms will
be used here interchangeably.

Sensory processe
nal luminances into a neural pattern that encodes bmportant jntensity




changes. Neighboring intensities facilitate and suppress the neural ac-
tivily through excitation and inkibition. Light adaptation and simul-
taneous contrast describe psychophysically the effects of these interac-
tions. Light adaplation adjuests visual sensitivity to the overall light
level, Contrast computes a measure of refafive luminance. Since relative
luminance remains constant with overall changes in llumination, con-
trast may yield approximate lightness constancy with global changes in
Hlumination {36, 64]). Adaptation and contrast have been studied exten-
sively psychophysically, physiologically, and by compatational modeling
{31, 46, 60, 109].

The processes of adaptation and contrast that yleld lightness con-
stancy with global changes in Hlumination oppose constancy of lightness
with local changes in illumination, and changes in background or juxta-
position to other surfaces [13]. Under ordinary circumstances, howaver,
ightness constancy s not greatly impaired. Perceptual or mid-level
processes Lhat recover surface atiributes maintain lightness constancy.
Factors such as form [66], grouping [105] and depth [81] modify lightness
perception in the direction of constancy. For example, they equalize con-
trast within a contoured area and within a figare-ground organization
such as in the Benussi ring (871, the Wertheimer-Benary cross [13], and
the White effect [112].

The Benussi ring nicely ilusirates the existence of processes that
equalize contrast effects within contours. When a gray ring is placed
on a hall-black and halfwhite background, the lightness difference ve-
sulting from contrast is slight. If a border divides the ring, however, a
marked contrast difference appears. The part of the ring on the white
background appears darker than the part of the ring on the black back-
ground. The lightness difference between the two halfirings is a func-
tion of the properfies of the houndary dividing the ring. Berman and
Lethowitz [28] found thai the difference in the lHghiness of the two half-
rings increased as the width of the boundary separating the two halves
increased. Anderson, Pine and Rosenfeld {5] found that the perceived
fightness difference is affected not only by the actual separation of the
two half rings but by the apparent separation between the parts of the
ring. The appearance of separation befween parts of the figure enhancos
contrast.

The Benussi effect shows the importance of borders for the perception
of lightuess. The decreased or enhanced lightness induced at luminance
discontinuiiies spreads out to the shape ontlined by the contours. Con-
stant luminance or hue is redundant information and is nol encoded by
the visunal system [73]. By eliminating the redundancy in intensity and
hue information, ihe visual system provides an cconomical description
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of a scene. Grossherg and colleagues have developed the idea that light-
ness and hue are specified only at contours into a general computational
theory of how lightness and shape are encoded by the visual system
[19, 58, 51].

Cognitive or high-level processes refer to the effects of expectation,
meaning and inference. T'wo common examples are the eflect of illumi-
nation cues and the effect of memory color. The Gelb experiment illus-
trates the eflect of illumination cues on perceived lighiness. In Gelb’s
experiment, the beam of a projection lantern was focused on a black
disk. Observers reported seeing a dim white disk in the general iHumi-
nation of the room. When a small piece of white paper was held in front
of the disk 1o intercept the beam of the projection lantern, the percept
dramatically changed. The disk was now seen as black and the paper
as white. Both were seen as bright in strong llumination. Gell argued
that the disk changed from a weakly illuminated white to a strongly
illuminated black because the white paper visually indicated that the
disk was strongly and not weakly illuminated. There is, however, a con-
founding hetween information that the disk is under a strong special
Hlumination and the presence of a new high intensity in the Gelb ex-
periment. Changes in perceived lightness may therefore have resuited
from contrast effects rather from information about the iflumination,
Beck [12] conducted an experiment in which a shadow was used to give
the impression that a suyface was strongly illuminated. Observers saw
the illuminated portion of the black surface in the shadow condition as
darker. The facl thal a shadow gave rise Lo the perception of a darker
color cannot be explained by lightness contrast,

The perception of lightness is the resuli of the combined effects of
sensory, perceptual and cognitive processes. Low-level sensory processes
encode relative and absolute luminances. Mid-level arganizational pro-
cesses involve the effects of the geometric aspects ol a visual scene such
as figure-ground, depth, and contour and surface completion. They may
also invalve processes of disambiguation. Perceptual information is often
ambiguous and disambigoation is necessary. Rosenfeld [94] proposed an
approach he called #relaxation” for disambiguating percepts. Relaxation
eliminates possible interpretations by applying constraints to neighbor-
ing parts of an image. Disambiguation may also involve a Praegnany
principle or a tendency for the visual system to encode the simplest pos-
sibility consistent with the stimulus conditions. Attneave [6] suggested
that the visnal system fails to follow an averali principle of Pracgnany
but secks uniformity of specific properties such as length, orientation,
coplanarity and so forth. The visual system may also seek nniformity of
lightaness consistent with the stimulus information. Beck [13] proposed
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that organizational and inferential processes determine whether a change
in the neural correlates of luminance represents a change in lightness or
a change in lumination. Knill and Kersten {71] report that a luminance
gradient is seen as a difference in the lightness of the two halves of & sur-
face when the hounding contonrs of the surface lead to the perception of
the surface as planar. However, the difference in the perceived lightness
of the two halves of the surface disappears when the bounding contours
make the surface appear curved. A change in luminance is seen as a
change in lightness when the surface is seen as planar because this is
the simplest or most likely interpretation. The perception of a constant
surface lightness and a varying illumination when the surface is seen as
curved is either because of a tendency to minimize lightness changes or
because this is the most Hkely canse of the intensity change. 1t is impor-
tant to point oul that there is no obligatory or precise coupling belween
the perceptions of Hlumination and lightness, Beck [13] has showa that
in many instances the percepiions of illumination and lightness are not
coupled in a one-to-one relation, as implied by theories in which the
visual system calculates surface reflectance.

3.2 RECOVERING REFLECTANCE

The hierarchy of processes aflecting the perception of lightness keeps
surface Hghtness approximately constant with changes in global and lo-
cal Hlumination and changes in the luminances of neighboring surfaces.
But these processes do nol explicitly compute reflectance and do not nec-
essarily lead to a veridical perception of lightness. For example, as men-
tioned above, contrast computes a measure of refative luminance rather
than reflectance and may yield constancy in what Beck [13] called dark-
room seltings, The visual surface with the highest luminance is scen
as white with the lightnesses of other surfaces determined by their rela-
tive lnminances. When the reflectances of the surfaces do not cover the
complete range of reflectances from white Lo black, the correspondence
between the perception of lightness and reflectance is not in accordance
with that in daylight vision. An alternative view is that computational
algorithms for the perception of lightness are based on recovering sar-
face reflectance (53, 58, 59, 74]. The computaiional problem of lightness
constancy is formuiated in terms of how the visual system is able fo
decompose the product of illuminance X refleciance and recover the re-
flectance of a surface (e.g., the albedo hypothesis of Helmholtz {53]).
To perceive lightness, the visual system determines a lightness transfer
Tunction that discounts Hlumination, overlying iransparvent layers, and
ather viewing conditions {1].



.
3.3 ONE-STAGE THEORIES OF LIGHTNESS

As mentioned above, there have been attempts to simplily the compu-
tational problem in perception by formulating single-stage theories. Ior
the perception of lightness, the atterapt 1o do so has been based on the
basic idea that pereeived lightness correlates with the luminance ratio of
a target relative to a relerence level [54, 72, 108]. Helson [54] proposed
that perceived lightness correlates with the luminance of a surface and
a weighted average of luminances in the entire field that he called the
adaptation level. A problem is that not all luminances in a fleld on-
ter equally into determining the adaptation level. The weights are not
specified and remain parameters to be determined. How successfully the
adapiation formula is able to effectively summarize the differing effects
of contrast and adaptation remains unclear [36, 64]. However, il is clear
that it does not take into account the non-uniform illumination of a
field. The adaptation level formula for lightness holds only if a scene is
perceived io be uniformly laminated. When a surface is perceived as
shadowed, ihe percoived lightness s not determined by the Inminance
of 1ke surlace relative fo the adaptation level luminance [63)].

A single-stage theory taking into account the effects of percepiual
organization and nnequal illamination has been formulated by Gilchrist
and coworkers [44], They proposed a one-stage theory to account for the
perception of lightness and have applied it ingeniously to alarge nnmber
of hightness induction, assimilation and constancy phenomena. As pro-
posed by Koflka [72] and Wallach {108], the theory makes the perception
of the lightness of a surface a function of its luminance ratio relative to
an anchor that is perceived as white. The anchor is usually the maxi-
mum Juminance in the framework although it can also be a function of
surface area. An important novel idea of the theory is that a surlace may
belong to more than one framewaork. A second novel aspect, of the the-
ory is that arca is treated like luminance and affects the surface chosen
as the anchor. The perceived lightness of & surface is a weighted aver-
age of its lighinesses determined by the different frameworks to which
it belongs. A key problem is giving a precise definition to the concept
of “belongingness”. How the different perceptual frameworks are estab-
lished is critical for explaining the many complex interactions between
the perceplions of lightness, depth, orientation, and transparency. The
concept had previously been introduced by Koflka [72], Kardos 167] and
Flock and Nusinowitz [37]. They too used the concept to specily the
relevant luminance ratios for calcnlating perceived Hghtness. Koffka and
Kardos took the ratios of surfaces perceived to lie in the same plane
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and Flock and Nusinowitz took the ratios of surfaces perceived to be
illuminated commaonty.

Gilehrist also suggests that lightness effects can be accounted for with-
out invoking perceived illumination except as it aflects the framework
to which a surface belongs. However, illumination cues appear to affect
Hightness perception when they do not obviously change the framework
ta which asurface belongs {11, 13]. Gilchrist is aware that his model does
not adequately account for the relationship between lighiness and per-
ceived illumination. One-stage theories are also incomplete in that they
are cne-dimensional and do not account for the perception of brightress.
There Is experimental evidence that an achromatic surface color is hidi-
mensional [14, 37, 55]. An achromatic surlece color varies in lightness,
i.e., from white to gray to black, and varies in brightness, i.¢., from bright
to dim. In the experiment of Gelb [40] the introduction of the smali bit
of white paper changed the appearance of the disk not only from white
to black but also from a dim surface to a bright surface. Beck [9] found
that the apparent hwmination of the disk in the Gelb eflect is greatly
influenced by the brighiness of the area seen as white. The perceived H-
nination of a surface is strongly influenced by the intensity of the area
seen as white and by the intensity of highlights {7, & 371, Schirillo and
Shevel) [103] report that apparent Mluminaiion affocts perceived bright-
ness. Whether the brightness of a surface and the apparent intensity of
the illumination are separate phenomena or the same, as suggested by
Koffka {72}, is unclear.

4. MULTIPLE REPRESENTATIONS:
VISUAL SEGREGATION

The representation of information for rapid spontaneous visual sogre-
gation has been extensively studied {26]. Beck {15] proposed that rapid
spontaneous visual segregation is based on the compulation of stimulus
differences. These differences are computed on three diflferent stimu-
lus representations: (1) the point (pixel) intensities in a pattern, (2)
the properties of pattern elements, and {3) the preatientive grouping of
pattern elements [17].

4.1 SPATIAL FILTERING

ILosenfeld [93] proposed thatl the spontancons and immediate segre-
gation of a visnal field into regions occurs independently of higher-order
cognitive processes. Beck, Sniter and Ivry [25] hypothesized that dif-
ferences in the outputs of relatively early spatial filtering mechanisms
operating on pixel infensities provide information for region segregation.
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Such mechanisms encode differences in spatial-frequency content prior
to the specification of element shapes and their properties. Thus the per-
ceived similarity of element shapes [10] and of lightress [20] fails o pre-
dict perceived segregation. Perceived segregation is also not predicted
by the perceived similarity of the hues in chromatic texture patterns.
Opponent channel differences computed from cone contrasts predict the
perceived segregation of texture patierns that differ in hue {861

MacLeod and Rosenfeld {77] proposed a maodel of vision in which the
spectral analyzers were bar deteciing units having a spaiial extent of
two or three cycles. They suggested such bar detecting units in place of
a Tourier spectral representation of an image. A similar model of early
visual detectors involving Gabor filters was proposed by Watson {110].
The precise shape of the kernel turns out to be unimportant. IFor the
segregation of texture regions, numerous investigators have shown that
differences in two-dimensional spatial-frequency content or, equivalently,
differences in the way texiures stimulate unoriented (e.g, Difference of
Ganssian, DOG) or orlented (e.g., Gabor) filters, account for how well
texture regions perceplually segregate (e.g., [256, 27, 38, 45, 47, 78, 104,
106]3. Region segregation cannot be explained solely in terms of linear
operations, and the application of spatial-frequency analysis to texture
segregation involves at least compression and rectification nonlincarities
[45, 47].

4.2 PATTERN FEATURES

Visual segregation may he hased on pattern fealnres as well as on
spatial-frequency content. Reglon segregation, for example, is based on
feature differences when there are no differences in the spatial content
of 1wo regions [19]. Beck [13] stadied the segregation of two raadomly
interspersed elements into two groups. The segregation of a display into
two groups is an example of pure similarity grouping. 'The displays are
representative of an important type of segregation in which there are
no boundaries between regions. Beck {15] reported that segregation oc-
curred strongly on the basis of differences in simple properties of the
patiern elements such as brightness, color, size, and the orientations of
lines of figures. More complex differences such as dilferences in the ar-
rangement of lines of a figure or in the orientation of a fignre that leaves
the slopes of the comporent lines the same did not produce strong seg-
regation. Beck, Graham, and Sutter [20} showed that the segregation
of a randomly interspersed population of light and dark sguares into
two groups is not explainable by the differential stimulation of spatial-
[requency analyzers, They showed 1hatl the relevant variable for visual
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segregation based on patlern features is perceived lightness, while the rel-
evant variable for the segregation of patterns based on spatial-frequency
content is contragt. Since the two element types in a population pat-
tern are randomly distributed, filtering can only delermine that {wo
types of elements are present, withoul assuring the perception of two
coherent groups of elements, Rosenfeld [97] suggests that the perception
of two groups depends on the detection of bimodality. He describes a
pyramid-based technique that directly detects bimodality rapidly with-
oul computing a histogram.

Bimodality is a global property. The detection of global properties is
an incompletely understood aspect of the biological visual system. The
Gestall psychologists proposed a field model to explain local-global inter-
actions. Rosenfeld and colleagues [95] have introduced a class of tech-
niques for computing global properties known as pyramid algorithms.
Algorithms are implemented on a pyramid of processors in which each
higher level of the pyramid looks at the level below it. The first level
looks at its immediate neighbors, the second level looks at its immediate
neighbors at the first level, and so on. Thus, the interactions are always
local but encompass larger and larger areas of the image. The pyramid
architecture mimics the finding in biological visual systems that recep-
tive fields become larger at higher levels of the visual system. Pyramid
image representations provide the capability of rapidly detecting and
extracting global structures such as smooth curves from a background
of short curves [98] and groupings hased on similarity, proximity, good
continuation, and closure [95]. A familiar hut wnexpecied object can
be recognized in a fraction of a second using pyramids [961, A pyramid
model also accounts for the effects of size, relative precision and cceen-
tricity on the recognition of whether shapes are the same or differ [90].

4.3 PREATTENTIVE GROUPING

Visual segregation may also be based on stimulus differences result-
ing from the grouping of pattern elements, Grouping involves a diversity
of mechanisms that operate at many levels of representation [17, 113}
Rapid spontaneous segregation ocenrs from the preatientive grouping of
oriented elements like lines and bars. Beck, Prazdny, and Rosenfeld [23]
found that the segregation of upright and inveried T's depends on the
grouping of the bases of the U figures and is not explainable by dipole
statistics or dilferences in spatial-lrequency confent [16]. Beck, Rosen-
feld, and lvry [24] showed that the segregation of a line-like patiern
composed of discrete elements in a background of distractors cannot be
explained by differences in the ontputs of Gabor filters. Line segregation




is based on element grouping that is affected by stimulus features such
as edge alignment, edge length, and principal axis orientation. The re-
sults indicate that line segregation is a function of edge grouping. IMeld,
Hayes, and IHess [35] have also shown thal the perception of “curved
paths” in their experiments cannot be ascribed to filtering; instead, they
suggest that a grouping process is responsible for “path determination”.
Their “association field” hypothesis bears close similarities to the co-
operative bipole mechanism of Grossherg and Mingolla [49, 56] and to
the criteria for grouping edges according to “relatability” advanced by
Kelinan and Shipley [69]. The immediate segregation of aligned lines
and contours has also been studied in [30, 102]. A model that suggests
how the visual system groups image contrasts has been presented by
Grossberg and Mingolta [49, 50] as part of a general model of how the
visual system groups edges, textures, and shading.

5. MULTIPLE SOURCES OF
INFORMATION: PERCEPTION OF
TRANSPARENCY

Biological vision combines in a flexible way muliiple sources of in-
formation that are not always consistent. The perceptual sysiern deals
with conflicting information in three ways. First, a group of cues can
simply overrule a confiicting cue, I you reverse the left and right hmages
of a Tace in a slereogram, the nose is still seen to protrade. TPamiliar-
iy overrides the information provided by binocular disparity that the
nose 1s receding. Second, the perceptual system can alternate between
the conflicting cues. This resulis in multistability in which two percepts
alternate, as in the perception of ambiguous figures that give rise to al-
ternate percepts. ‘Third, the visnal system compromises. In looking at
a picture of a roceding road, the perspective cues indicate that the road
is paraliel io the line of sighl. Moetion parallax and disparity indicate
that the road is perpendicular to the lue of sight. One generally sees
a compromise in which the road is seen receding at an intermediale an-
gle, c.g., 15 degrees to the line of sight, The integrative nature of the
perceptual process is illustrated by the perception of transparency with
moving and stationary images.

5.1 PLAID PATTERNS

When two moving gratings are superimposed to form a plaid patiern,
the perceived motion of the plaid pattern can be coherent or incoherent.
In coherent motion, the component gratings move together as a single
object. In incoherent motion, the component gratings move indepen-
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dently. Transparency is then perceived; one grating is seen through the
other. TFor plaid patierns seen through an aperiure, the intersection of
the two gratings comprising a plaid pattern form inlersections that act
as features whose motions can be tracked. When features are salient,
[eature-tracking signals capture ithe motions of the lines to which they
belong [75]. When features are not salient, perceived global motion may
be biased foward the vector average or toward the intersection of the
constraints. In vector averaging, the plaid patiern s seen {0 move in
the direction of the vector average of the normal components of the
plaid pattern [84]. In intersection of constraints, the plaid patiern is
seen to move in the direction of the intersection i velocity gpace of the
constraint lines of the plaid components [2],

Jasinschi, Rosenfeld and Sumi {61] proposed a model that combines a
feature iracking scheme with intersection of constrainis to explain mo-
tion transparency and cokerence. The model uses a velocity histogram
that combines voles from the velocities of features such as corners and
line endings with those from the intersections of all possible constraint
lines due to the motion of image contours. The perception of motion
transparency or coherence depends on the total number of prominent
peaks in the velocity histogram and on their relative heights, For two
superimposed patterns in relative translational motion one perceives mo-
tion coherence, transparency, or mixed motion depending on whether
the velocity histogram is unimodal, bimodal, or trimedal. The model
succeeds in explaining motion transparency as well as the bistability of
motion transparency and coherence in plaid displays. Viswanathan [107]
presents an alternative model of how the visual system integrates mul-
tiple sources of information in perceiving global motion.

5.2 ACHROMATIC PATTERNS

The integration of muliiple information sources also occurs in the
perception of transparency in siationary images. Meielli {82] proposed
two consiraints to account for the perception of transparency in achro-
matic patterns. These constraints were derived [rom a physical model
of transparency using physical or psychophysical variables such as re-
flectance or lminance. In IMigure 1.1a, let A and B be opaque surlaces
and D a transparent surface, {Lowercase letters in Pigure 1.1a indicate
regions of differing intensity.) Constraint (i) is a restziction on the or-
der of the intensities: i @ > b, then d > ¢, and il @ < b, then ¢ < d.
Constraint (if) Is a restriction on the magnitudes of the intensities: the
absolute difference |a — b} must he greater than the absolute difference
le —d]. According to Metelll’s constraint (1}, transparency is seen only if
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Figure 1.1 (a} Upper-case letlers are surfaces and lower-case letiers are regions. (b)
Stimulus cdba satisfies Metelli’s order restriction for secing surface 1) as a transparent
surface overlying surfaces B and A or surface B as a transparent surface overlying
surfaces 1> and A. {¢} Sthnulus cdeb salisfies Metelli’s order restriction for seeing sur-
face B as a transparent surface overlying surfaces D and A bul violates the restriciion
for sceing surface 1 as a transparent surface overlying surfaces B and AL (d) Stimulus
cadb violates Metelli’s order restriction for seeing either surface 1 or surface 1 as a
transparent surface.
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the polarity of contrast changes is consistent across a surface boundary.
Thus, in Figure L.1a, if the bottom surface (D) is seen as iransparent,
the direction of contrast between regions « and 5 has to be consistent
with the direction of contrast between regions d and ¢. If in Figure 1.1a
A and D are opaque surfaces and B a transparent surface, then the di-
rection of contrast between regions e and d has o be consistent with
the direction of contrast between regions b and ¢. The lower-case letlers
in Figure 1.1a designating regions are used in referring to the patterns
in Figures 1.1b-d. In Figure 1.1b, cdba, the paltern of polarities of
contrasts is consistent with seeing either the top (B) or the bottom ()
surface as transparent, The order of the letters indicates increasing light-
ness values from lowest to highest. In Figure 1.1¢, edad, the polarities of
contrasts are consistent with seeing the top surface (B) as transparent
but not the bottom surface (D). In Figure 1.1d, cedb, the polarities of
contrasts are inconsistent with sceing e¢ither the bottom or top surface
as transparent.

Beck, Prazdny, and Ivry [22] distinguished between what they called
“weak” and “strong” violations of ihe order and magnitude restrictions.
In a strong violation of the order restriction, the polaritios of contrasts
are inconsistent across both contours of an x-junction {igure 1.1d). For
strong viclations, the perception of transparency does notl occur. In a
weak violation of the order restriction the polarities of contrasts are in-
consistent across one of the boundaries of an x-junction but not across
the other boundary (Figure 1.1c). For weak violations, although they
are inconsistent with physical instances of transparency, perception of
transparency still ocenrs, though it is markedly reduced. Stimulus pat-
terns cedh (IMigure 1.1d) and cdeb (Figure 1.1¢) botlh violate the Metelll
order constraint (1). Becl, Prazdny, and Ivry [22] found that no subjects
saw surface 1) as transparent in stimulns cedd (a strong violation) but
that 13 of 21 saw surface D as transparent in stimulus cdad {(a weak
violation). Masin and Fukuda {79] also fonnd that the perception of
transparency occurs for weak violations of the arder constraint. That
is, the perception of transparency is reduced, but still oconrs, when the
pelarities of contrasis are inconsistent across a surface boundary but are
consistent across the houndary between the transparent surface and the
opaque surfaces.

The perceplion of transparency with the pattern cdub lustrates the
problent of integrating conflicting information. The global configuration
in Figures 1.1a-d suggests overlapping surfaces, For some subjects, the
strong figural cues prevail over the inconsistency in local contrast and
they see surface D in Iigure 1.lc as transparent. The inconsistency in
the contrast changes across the x-junction is reinierpreted as a change
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in the lightness of the underlying opaque surface or in the density of
the transparent layer, or is ignared. Ior other subjects, the conflicting
contrast cues cause the patiern o be seen as not transparent. There
are limits to the visual system’s ability to ignore contradictions. No
observers saw pattern cadb as transparent. To do so would require seeing
an overlapping transparent filter differing in density and an underlying
opaque surface differing jn lightness. This does not appear possible,

5.3 CHROMATIC PATTERNS

The perception of transparency with chromatic colors indicates that
trapsparency perception can invelve different mechanisms. Metelli [82]
proposed that scissioning of the averlapping color is the basis of trans-
parency and is a consequence of processes that decompose an image into
causal contributors. For example, the mechanisin underlying the scis-
sioning of an orange hue inio red and yellow hues may require the firing
of cells that respond both to red and orange and yellow and orange, The
perceplion of transparency may also occur, however, for hues that are
not explainable in terms of a sclssioning mechanism. For example, ob-
servers indicated that what was seen with a figure similar to FFigure 1.1a
with area a black, area b red, area ¢ orange, and area d llue is an orange
hue through a blue transparent layer (d plus ¢) oy an orange hue through
a red transparent layer (b plus ¢) [70]. In this instance the hue of the
overlapping region is not scissioned. An explanation of the perception
of transparency is that region d or b is completed by the visual system
when they are seen al differing depths from region ¢. The hue in region
¢ does not disappear bhut may be seen veridically, When region d is seen
as overlying region ¢ one may see an orange surface through a bhae veil.
When region b is seen as overlying region ¢ one may see an orange surface
through a red veil. T'hus, another possible mechanism for the perception
ol transparency is that the hue of 1he overlapping region is partially or
totally inhibited and ihe hues of the adjacent non-overlapping regions
flow into the two regions demarcated by the overlapping region bound-
aries at the different represented depths. Beck and Ivry [21] proposed
that the perception of transparency could occur with and without scis-
sioning of the lighiness of the overlapping area. When scissioning oceurs,
the overlapping lightness is not seen and is split into the lightnesses of
the non-everlapping areas [21, 221, When the perception of transparency
occurs without scissioning, the lightness of the overlapping reglon may
nol be altered. One sees the lightness of region d through the lightness
of region ¢ or vice versa.
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6. IMPENETRABILITY

The view that cognitive processes can influence perception has been
challenged. Kanizsa [65)], for example, presents evidence that amodal
completion occurs in terms of geomelric regularities such as the good
continuation of contours, despite the absurdiiy of the completion in
terms of our past experience. He interprets his examples as showing
that “antochthonous factors of perceptual organization” can override
pasl experience. An alternaiive interprelation is that past experience
with Tormal or general properties of objects such as the continuity of
surface contonrs overrides past experience or familiarity with particular
objects {13}, The Gestall laws of grouping can be interpreted as express-
ing general properties of objects such as uniformity, compactness, and
smoothness 193], Pylyshyn [92] proposed that these regularities are em-
bodied as consiraints by the visnal system and do not reflect the eflect
of cognitive processes on perception. He argues thal cognitive inlorma-
tion per se does not affect percepiion. Meanings and expectations do
not affect perception unless they have been internalized as constraints
by visual processes.

The modeling of perception would be simplified if cognitive factors
could be ruled out. Low-level operations in human vision such as segmen-
tation and the perception of edges, lines and angles appear to be largely
independent of purposive factors [93]. Rosenfeld [99], however, suggests
that cognitive information about individual objects affects recognition.
Peterson and Gibson [89] have shown that figure-ground perception is
influenced by whether the shape of a region is a familiar or meaning-
ful object. Subjecls perceived the meaningful regions for longer periods
of time in displays in which one region was meaningful and the other
was nol. The dependence of the perception of shape on low-, mid- and
high- level processes is casily demonstrated. Skape perception depends
on the extraction of edges. In Figure 1.2a, one can see a shape when
only some edges or lines are present. Bdges in themselves, however,
are nol suflicient to define & shape. PFigure 1.2b shows that shape also
depends on figure-ground organization or on whether the contour is a
bounding edge of the face or of the vase. Figure 1.2¢ shows that a par-
ticnlar figure-ground organization is not sufficient to define a figure. In
all instances the lines make up the figure, but different shapes can be
seen depending on how the lines are grouped. Ior example, one can sec
two adjacent hourglasses, upright and inverted overlapping triangles, or
two overlapping parallelograms, Figure 1.2d shows that the perception
of a shape depends not only on how the lines are grouped but on how
they are interpreted. The figure can be seen as either a rabbit or a duck
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depending on whether the left or right parts of the drawing are seen as
the front or the back of a head. Altering the interpretation leaves the
figure-ground relations and the grouping of lines unchanged.

(c) (a)

Figure 1.2 lilusivations shewing the effects on the perception of shape of (a) subjec-
tive contours, {b) figare-ground, (¢) alternalive groupings, and {d) alternative inter-
pretations.

The phenomenon of apparent motion illustrates the difliculty of spec-
iying the conditions in which cognitive factors influence percepiion.
Beck, Elsner, and Silverstein {18] studied the perception of apparent
movement when ihe second of two successive stimull always appeared
in the same position and when it varied randomly between two posi-
tions. Yoreknowledge of the position of the second stimulus does not
facilitate the percepiion of apparent movement. The space-time rela-
tionship of Korte's third law of apparent movement was not affected by
whether the position of the second stimulus was always the same or var-
ied randomly. Manipulations of shape and apparent depth that make
the motion more likely also Tajled to affect the direction of apparent
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motion [33]. In contrast, the quality of motion was affected by expec-
tation. For example, the motion of a car was perceived to move more
smoothly than an unfamiliar motion such as the motion of an oval [62].
Dawson and Plercey [32] suggest that the meaning of a stimulus aflects
the guality of perceived motion but fails to affect the perceived dizection
of motion. Under some conditions, however, knowledge does affect the
direction of perceived motion. Shiffrar and Freyd [103] found that appar-
ent motion does not always follow the shortest path. Observers tended
to perceive the shortest path with short stimulus onset asynchronies de-
apite violations of anatomical constraints. However, observers perceived
the anatomically possible but longer paths with longer stimulus onset
asynchronies. The Influence of inferential processes under longer obser-
vation time was also found in amodal complietion, which is accounted for
by local cues when the exposure duration is short, and is influenced by
global regularities when the exposure duration is longer [85]. As with
short time separations, the perceived direction of apparent motion with
small spatial separations (less than about 0.5 degrees) depended largely
on stimulus geometry [29]. Tor larger spatial separations, however, cog-
nitive expectations may influence the percoived direction of apparent
motion. McBeath, Morikawa, and Kalser [80], for example, found with
larger spatial separations a blas to see motion in the direction that the
shapes face when the shapes were faces and geometric figures like agz-
rows, bul not when the shapes were letters. It is not casy to precisely
characterize cognitive influences on perception.

7. SUMMARY

This chapter described the multiple processes in the perception of
lightness, the muliiple representations in visual segregation, and the
local-global interactions in integrating multiple sources of information in
the perception of transparency in moving and stationary displays. The
glohal character of perception derives from the hierarchical integration of
sensory, perceplual and cognitive processes. Perception may also depend
on meaning and familiarity as well as on stimulus and configurational
factors [37]. These characteristics render human vision highly adaptive
but also difficult to model computationally.

Perception is not based on a single global field-like process as sug-
gested by Gestalt psychology. Instead, perception involves the interac-
tion of mulliple processes and representations. The perception of light-
ness is the result of multiple sensory, percepinal, and cognitive processes,
Perceptual and cognitive processes determine whether a difference in
luminance is seen as a difference in llumination, depth, or lightness,
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The visual system has also evolved multipie representations for different
purposes. Visual segregation can occur in terms of differences in spa-
tial frequency content, feature differences, or differences resulting from
the grouping of pattern elements. Grossberg [48] presents a theoretical
framework for a model in terms of interacting processing slreams. The
model is based on the conflicting constraints of biological vision. De-
composition of vision into its component processes and how the visnal
system integrales information from different processes remains largely
an unsolved problem.
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