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The Role of Color in Symmetry Detection
— from Local to Global

Chia-Ching Wu
Abstract

Symmetry is a higher-order form that requires a complicated computation in the
visual system. In a nature scene, symmetric-objects or stimuli may come with any
combination of color. Hence, human visual system needs to integrate both color and
form information to detect chromatic symmetry. In this study, we conducted five

experiments to investigate the role of.eolor in-symmetry detection. We distinguished

—
b

two stages, that is, matching,.and poo"'l‘ip.gr]' stage, of the symmetry encoder and
examined the color selectivity of these twg stages of symmetry encoder. Our results
showed that these two stages are collor-selective. This:suggests that there are a band of
color-selective symmetry channels in our. visual system. We further manipulated the
number of the colors in the images to investigate how human visual system integrates
the response of these symmetry channels to detect chromatic symmetry. Our results
showed that the increment of the number of the colors facilitated the symmetry
detection performance, regardless the observers had prior knowledge of the symmetry
axis orientation or not. Finally, we examined the symmetry detection in two images
sharing the same axis or not, to see whether the segmentation of two images with
different colors helps symmetry detection. The results however showed better

symmetry detection performance when two symmetric patterns shared the same axis



than those did not. All these results can be accounted for by a computational model
that incorporated linear symmetry encoding mechanisms, nonlinear transducer
response, noise manipulation and a multiple channel based decision making process.
The model fitting results suggests that the increment of the number of the color
reduces the inhibition of the symmetry channels, and in turn facilitates the symmetry
detection performance when the images contain more than one color. In addition, the
inhibition between channels responding to the two symmetric patterns sharing the
same axis is smaller than that between channels responding to two patterns in
different axes, in turn facilitates the symmetry detection performance when the two

images shared the same symmetry axis.

Keywords: symmetry:detection, higher-order €olor vision, color and

form integration, psychfg'physics, noise masking.
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Chapter 1 Introduction

Mirror symmetry (henceforth, symmetry) is one of the principal organizational
factors in the perceptual grouping of discrete objects (Koffa, 1935; Kdohler, 1929;
Wertheimer, 1938) that can facilitate figure ground segmentation, object recognition
and shape representation (e.g., Blum, 1973; Burbeck & Pizer, 1995; Driver, Baylis, &
Rafal, 1992; Kovacs, Feher, & Julesz, 1998; Leeuwenberg & Buffart, 1984; Marr,
1982). Since human visual system can detect symmetry as quickly as in less than 100
ms, symmetry detection is regarded as an intrinsic, fundamental process of the human
visual system (e.g., Barlow & Reeves, 1979; Carmody, Nodine, & Locher, 1977
Hogben, Julesz, & Ross, 1976; Julesz, 1971; Loeher & Naodine, 1989; Wagemans,
Van Gool, & d"Ydewalle, 1991; Wagemans, Van Gool, Swinnen, & Van Horebeek,
1993). Several simple spatial features-i.:;iﬁ'"'the Image are important to symmetry
perception, such as contrast, spatial frequé}lcy, edge, andthe orientation of symmetry
axis. However, few researches inv:estigated the-role-of color in symmetry detection
(Huang & Pashler, 2002; Morales & Pashler, 1999; Troscianko, 1987). Actually, since
color vision and spatial vision are considered as two different disciplines in vision
research, there are few studies on space-color interactions in the higher-order visual
process in general.

Symmetry is a higher-order image feature that requires a complicated
information processing and computation in the visual system (Chen & Tyler, 2010;
Tyler & Hardage, 1996). If a symmetric image contains more than one color, human
visual system has to integrate both spatial and chromatic information to form

chromatic symmetry perception. Hence, investigating the role of the color in



symmetry perception helps us to understand both the mechanisms for higher-order
color vision and the mechanisms for complex forms. In this thesis, we used a noise
masking paradigm and a computational model to achieve these goals:

(1) To examine how the symmetry channel integrates color information.

(2) To characterize the properties of the color-selective symmetry channel.

(3) To investigate how multiple color-selective symmetry channels interact with

each other.

1.1. Higher-Order Color Processing

The extraction of color information in thesvisual system starts with the spectrum
selective response of three different types of ‘retinal” photoreceptors, i.e., long- (L),
middle- (M), short- (S) wavelength/Selective cones on. the-retina (e.g., Bowmaker &
Dartnall, 1980; Jacobs & Neitz, 1993;'f_§ehnapf, Kraft, & Baylor, 1987; Smith &
Pokorny, 1975; van Kries;1905; Vs &‘:'Walraven, 1971), Each cone type absorbs
different spectrums of light. ‘Their:spectrum selective responses are then sent to the
striate visual cortex (V1) through-“the *retinogeniculate pathways. The spectral
sensitivities of the retinogeniculate cells are largely consistent with three independent
color opponent channels measured with psychophysic methods (for a review, see
Knoblauch & Shevell, 2004). The V1 neurons receive inputs from the
retinogeniculate pathways and have their fibers project to the extrastriate cortex (V2,
V3, and V4) and the inferotemporal (IT) cortex through the ventral pathway (for a
review, see Gegenfurther & Kiper, 2004). More than 50% cells in these areas
selectively respond to color (Dow & Gouras, 1973; Gegenfurtner, Kiper, &
Fenstemaker, 1996; Gegenfurtner, Kiper, & Levitt, 1997; Gouras, 1974; Johnson,

Hawken, & Shapley, 2001; Komatsu & ldeura, 1993; Komatsu, ldeura, Kaji, &
2



Yamane, 1992; Schein & Desimone, 1990; Thorell, De Valois, & Albrecht, 1984;
Yates, 1974; Zeki, 1973).

The ventral pathway also processes information about the identity of a visual
object, such as the form or shape. Thus, it is possible that the processing of color and
that of form are contingent in the visual system. It has been shown that almost all cells
in V1 are orientation selective while about 50% cells in V1 are color-selective (Dow
& Gouras, 1973; Gouras, 1974; Johnson et al., 2001; Thorell et al., 1984; Yates,
1974). While there are non-color selective neurons respond only to lines or edges in
an image regardless their color, many V1 cells can simultaneously encode both the
chromatic and spatial characteristics, such as orientation, of a stimulus (Johnson et al.,
2001; Leventhal, Thompson, :Liu, Zheu,~& Ault;+1995). A number of studies
identified different organizations of receptive_filediof them, such as the double-
opponent cells in which the spatial-opp_pﬁgncy and the colar-opponency coincide
exactly, to investigate the color proces;imgin such a spatial information selective
mechanism (Livingstone & Hubel, 1984; I\;Iichael, 1978a; 1978b, 1978c, 1979; Ts’o
& Gilbert, 1988). The psychophysical studies-also éhowed the visual system encodes
both chromatic and spatial information with'a property similar to that of V1 neurons
(Chen, Foley, & Brainard, 2000; Switkes, Bradley, & De Valois, 1988; Webster, De
Valois, & Switkes, 1990).

Further downstream, the encoding of color tuning in the higher order visual
cortex is not clear. It is shown that neurons in V2 and V4 have distinct color
selectivity. However, they may tune to any color on the isoluminance plane rather
than just the four cardinal directions (Levitt, Kiper, & Movshon, 1994). To probe the
higher order color vision mechanisms, one approach is to study the color processing

in complex forms. For instance, some studies used Glass pattern, which contains

3



randomly distributed dot pairs whose orientations are determined by certain geometric
transforms (Glass, 1969; Glass & Perez, 1973), to investigate the color mechanism in
the global form processing (Cardinal & Kiper, 2003; Mandeli & Kiper, 2005;
Rentzeperis & Kiper, 2010; Wilson & Switkes, 2005). The Glass Pattern detection
mechanism contains two stages: a local stage and a global stage. The local stage is
considered an early visual processing. It uses linear filters to extract information about
pair orientation information. The global stage is a higher-order visual processing. It
pools the local orientation information across pairs to exact the global structure
(Cardinal & Kiper, 2003; Chen, 2009; Mandeli & Kiper, 2005; Smith, Bair, &
Movshon, 2002; Wilson & Switkes, 2005; Wilson, Switkes, & Valois, 2004; Wilson
& Wilkinson, 1998). While the.previous-research agreed that the local stage is color-
selective (Mandeli & Kiper; 20057 Wilson & Switkes, 2005), the color selectivity of
the global stage is controversial. Wilson-fgt{lq Swikes (2005) suggested that the global
stage is mediated by a non color-selectivg‘ﬁnéchanism while Cardinal and Kiper (2003)
suggested that Glass patterns:are detected—by a multitude of mechanisms that sum
their inputs linearly. How the global form mechanism integrates the local information
to yield a global form percept is unclear. In this thesis, we investigated the role of the
color in symmetry detection in order to understand the higher-order color and pattern
vision. The benefit of using symmetric patterns is that the symmetry computation,
unlike in Glass patterns where the local grouping plays an important role, always
requires long-range interactions and thus provides a better picture of long-range color

processing.



1.2. Mechanism of Symmetry Detection

Symmetry is a higher-order image feature. A visual stimulus is symmetric if
some part of this stimulus is a reflection of another part about an axis, called
symmetry axis. To determine whether an image is symmetric, the observer has to
compare whether two points of the image are identical, and, if yes, whether the
middle points of these matches forms an axis. Such operation requires a higher-order
visual mechanism to take the information from early stage into computation.

Currently, in the literature, two types of theories have been proposed to explain
how the visual system achieves this task. The first, the relational structure theory,
suggests that the visual system may. simply :analyze the spatial relationship among
individual image elements and |determine an 1mage:-to be symmetric if the relative
position of a sufficient preportion of image elements supports it. That is, symmetry
detection would be basedssolely on the‘éiiyr@v-ral-to-noise ratio or “weight of evidence”
in the image (Csathd, van der Vloed, éi-van der ‘Helm,' 2004; van der Helm &
Leeuwenberg, 1996, 1999). The sécond, the spatfial filtering theory, assumes that a
band of linear filters, whose sensitivity =profiles .contain multiple excitatory and
inhibitory regions, extract symmetry information from an image. (Dakin & Hess,
1997; Dakin & Watt, 1994; Gurnsey, Herbert, & Kenemy, 1998; Osorio, 1996;
Rainville & Kingdom, 1999, 2000, 2002; Scognamillo, Rhodes, Morrone, & Burr,
2003; Tjan & Liu, 2005). These filters may be oriented (Dakin & Watt, 1994;
Rainville & Kingdom, 2000) or have different phase sensitivity (Rainville &
Kingdom, 1999, 2000, 2002; Scognamillo et al., 2003). These filters operate on the
input images. If an input image is symmetric, the filtered image would contain
features at or across the symmetry axis that can be picked up by a second-order filter

that has an orientation similar to that of the symmetry axis (Gurnsey et al., 1998;
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Scognamillo et al., 2003) or by a simple mathematical operator operating orthogonal
to the symmetry axis (Dakin & Hess, 1997; Dakin & Watt, 1994; Rainville &
Kingdom, 1999, 2000, 2002).

Both theories propose a two-stage processing for symmetrical perception. For the
relational structure theory, the symmetry detection mechanism has to decide which
image elements have the spatial properties that are consistent with a symmetric pair
(signal) and which are not (noise). Then a higher-order mechanism collects these local
pairs to compute the overall signal-to-noise ratio. The spatial filtering theory also
needs a higher-order filter to monitor the output of lower order linear filters, which
extracts symmetry information from an image.. For these two theories to work,
however, one has to make an :assumptien-about the-location and orientation of the
symmetry axis, on which .all the"operations on the“image. depend. However, mirror
symmetry can occur at any orientation‘-,i_ljgwg nature scene. While these two theories
perform well to explain_the'data from.-e'_§(periments with.a known symmetry axis
orientation, their generalization is limited as they! do notraddress the situation where
the symmetry axis orientation.is-unkngwn to;the observers. To solve this problem,
Chen and Tyler (2010) manipulated the ‘cueing of the axis orientation and the axis
salience and measured the target detection threshold at various noise density levels
under these conditions. Their results showed facilitation effect of both cueing of axis
orientation and high axis salience. However, the amount of cueing effect and the
nonlinear axis salience effect cannot be explained by the above two theories. Hence,
they incorporated the property of two-stage encoding process, adding a nonlinear
process that was neither addressed by the relational structure nor by the filter
approach, to explain the effect of uncertainty about axis orientation in the framework

of the Signal Detection Theory (Green & Swets, 1966).
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Their model contains two stages: a perception stage and a decision stage (Figure
1.1). In the perception stage, there are a band of orientation-selective symmetry
encoders that are sensitive to symmetry in an image. Each encoder is sensitive to the
mirror symmetry about one axis. The contribution of each encoder is limited by both
the internal noise inherited in the system (Na in Figure 1.1) and the external noise
provided by the noise patterns (Ne in Figure 1.1). The nonlinear response of the
perception stage is sent to the decision stage. The detection performance relies on the
maximum response of all monitored channels. The observers detect symmetry when
the difference of responses between two intervals reaches unity. If the observers have

prior knowledge of the axis orientation, the decision stage only needs to monitor a

e
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relevant channel, whose symmetry seleétivity[}hatghgs that of the symmetric image.
However, if there is uncer‘tainty of the axis :;Lix\entation-"’ihe decision stage needs to
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Figure 1.1. Diagram of the model. See text for details.
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This model has an extra nonlinear process than the spatial filtering theory and
relational structure theory as these two theories are incapable of explaining Chen and
Tyler (2010) data. This model is therefore more powerful than other two approaches.
This model provides us a good theoretical basis for exploring the possible
mechanisms underlying color processing in symmetry perception. In this thesis, we
extend Chen-Tyler model (2010), taking the chromatic information into consideration,

to investigate the mechanism of chromatic symmetry detection.

1.3.  Chromatic Symmetry Detection

The symmetric objects or images#n the-natural scene often contain more than
one color. To form a chromatic_symmetry percept, human visual system has to
integrate both spatial and“chrematie¢”information. Previous' research showed that the

observers can discriminate the yellow ‘s'f)'l/;ﬁqmetrical pattern from random pattern on
isoluminant green background (Trosciankg,.1987). It'suggested that color can support
symmetry. The symmetry. détection_mechanism must be capable of processing color
information. However, how" visual® system-fintegrates both spatial and color
information is unclear. In this thesis, we expand Chen-Tyler model (2010) to cover
both spatial and color information in symmetry detection.

Figure 1.2 illustrates our model for chromatic symmetry detection. There are a
band of symmetry channels sensitive to the symmetry of the image in this model.
Each channel has its symmetry encoder, which is sensitive to the mirror symmetry of
a certain color about one axis. The main difference between this model and Chen-
Tyler model (2010) is that there are many symmetry encoders each with a different

color selectivity. Notice that each symmetry channel tunes to only one color. This is

only plotted here only to convey the idea of multiple channels.
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To recognize chromatlc sym eteg-!hé: jmmetry encoders need to encode

chromatic symmetry information first, t&ls decide which color pairs are the
signal while other are not. Oompu]allonally, ea& sym%;etry encoder can be divided
into two steps. In the first ste-p.,; métchlng, tf;e symmetry encoder has to extract
corresponding color features in an |mage and then, pooling, the symmetry encoder
has to analyze those color pairs to determine whether their equal-distance points form
a symmetry axis. In this stage, the pairs of the same color with the equal-distance
points about a symmetry axis are regarded as the signal of that orientation axis while
other dots are noise. The registered signal excites the symmetry channel selective to
that axis and the color of the signal. The visual system needs to integrate the

information from these color-selective symmetry channels to form a chromatic

percept.



1.4. Overview of this Thesis

This chromatic symmetry detection model provides us a framework to
investigate the color processing in the symmetry detection. We examined the
properties of the matching and pooling stages in this thesis, and then investigated how
visual system integrates these channels to detect chromatic symmetry. We used a two-
alternative forced choice (2AFC) noise masking paradigm to characterize the response
properties of the symmetry channels to probe this issue. In Chapter 2, we will
introduce the noise masking paradigm used in this thesis. Chapter 3 introduces the
details of our chromatic symmetry detection model when it is applied to a 2AFC noise
masking paradigm. In Chapter 5'to 9, we will—report five experiments, each of which

: .

investigated the role of color in| dlfferent levels of symmetry processing. The general

methods used in all the experlments be m.'tf'“lsluced in. Chapter 4.
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Figure 1.3. The components of chromatic symmetry detection model Chapter 5 to 9

involves. See text for details.



Figure 1.3 illustrates the different components of the model to be investigated by
different chapters. Chapter 5 and 6 concern the color selectivity of symmetry encoders
(box A and B in Figure 1.3). In the Chapter 5, we manipulated the colors of the signal
pairs in the symmetric patterns as the same or different and compared their detection
thresholds, to investigate the color-selective property of the matching stage of the
symmetry encoders (box A in Figure 1.3). Chapter 6 concerns the color selectivity of
the pooling stage of the symmetry encoders. We measured the target detection
thresholds at noises of various colors to examine the existence of the independent
symmetry encoders (box B in Figure 1.3). In Chapter 7 to 9, we measured the target
detection thresholds at various noise densities to get the target threshold vs. noise
density (TvD) functions .in- different..econditions, te reveal the characteristics of
different channels and their;interaction. Chapter 7 cencerns the integration of color-
selective symmetry channels selective “’5'—‘2? same orientation (box C in Figure 1.3).
We manipulated the number of the (:.-;)I:ors in' the Images containing a vertical
symmetric pattern to probe:this lissue. Chapter 8 concerns how visual system
integrates the symmetry channels selective todifferent colors and orientations to
detect symmetry when there is uncertainty of axis orientation (box D in Figure 1.3).
We manipulated the number of the colors in the images containing either a left- or
right-diagonal symmetric pattern and compared their TvD functions to achieve this
goal. In Chapter 9, we compared the characteristics of the integration between two
symmetry channels selective to the same axis (box C in Figure 1.3) with two
symmetry channels each with different orientation selectivity (box E in Figure 1.3).
We superimposed two symmetric patterns that share the same symmetry axis or have
different orientation selectivity on each other and measured their TvD functions to

achieve this goal. This can help us to understand through what mechanism our visual
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system forms one coherent symmetry percept rather than two. Chapter 10 is a general
discussion about the above studies. We will discuss the implication, the contribution

and the limitation of our studies in this chapter.
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Chapter 2 2AFC Noise Masking Paradigm

We used a 2AFC noise masking paradigm to measure the target density threshold
in all the experiments throughout this project. In a trial of the 2AFC noise masking
paradigm, the observer was presented with two intervals, one of which contained a
symmetric target (the exception is the experiment in Chapter 9, in which there were
two targets superimposed on each other, see method section of Chapter 9 for details)
while another one contained a random-dot noise control. Both target and noise control
were superimposed on the different amounts of random noise mask. The observer’s
task was to judge which interval contained a target.

The noise masking. paradigm allows us to measure the detection threshold of
different symmetry types at various noise levels and ‘thus provide information that
reveals the internal response properties oﬁluman observers (for a review, see Lu &
Dosher, 2008). According’to Slgnal Detectlon Theory (Green & Swets, 1966), the
observer’s decisions are based on-the probability-distributions of internal response to
the noise and to the signal plus the.noise. (Figure 2.1a). In a 2AFC task, these two
distributions are provided by the responses to the two test intervals in a trial. That is,
in each trial, the observer compares the magnitudes of the two internal responses and
decides which one of the two intervals generates a greater internal response and thus
contains the target. Mathematically, this comparison can be achieved by observing
whether the response difference to the two intervals to be greater than zero. Thus, our
main concern can be placed on the distribution of the difference between the internal

responses to the two intervals (Figure 2.1b).
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Figure 2.1. The internal representation in a two-alternative forced-choice (2AFC)
noise masking task. (a) The stimuli in the interval that contains the target and noise and
that contains the noise generate different internal response distributions. An observer
compares the magnitudes of two response distributions to make a decision about which
interval contains a target. (b) The internal response of comparison is the distribution of

the differences between the internal responses to the two intervals.

The variability of the internal response distributions comes from two sources, the
external noise manipulated by the experimenter and the intrinsic noise of the system.
If the external noise is relatively low, the variability of the distribution is dominated
by the internal noise. Thus, the performance is not affected by the change in the
external noise. A relatively constant amount of signal is required for the observer to
detect the target (the dashed horizontal line in Figure 2.2). However, when the
external noise is much greater than the internal noise, the variability of the response

distribution is determined by the external noise. Increasing the amount of signal is
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thus necessary for the observer to detect the symmetry target as external noise
increases (the dashed oblique line in Figure 2.2). At the transition point of these two
regimes, the amounts of the internal and the external noises are equal (Neq in Figure

2.2).

e e e e e ——

y
Neg

The amount of signal

The amount of external noise

Figure 2.2. An illustration of the amount of signal required to detect target at different
amounts of external noise. When the amount of external noise is relatively small, the
increase of the external noise does not influence the amount of signal required. When the
amount of external noise is much larger than that of internal noise, the amount of signal
required increases with the increment of the external noise. The transition point (Neg) of

these two regimes reveals the magnitude of the internal noise of the system.

Hence, by manipulating the amounts of the external noise, we can measure the
target detection threshold at different amounts of noise, and in turn the target
threshold vs. noise density (TvD) function. The transition point on the TvD function
reveals the magnitude of the internal noise of the system. The slope of the TvD
function reflects the nonlinear property of the response mechanism. This allows us to
estimate the internal response properties of human observers more accurately, to

15



investigate the response properties of symmetry channels. To investigate how human
visual system integrates the responses of color-selective symmetry channels in
symmetry detection, we manipulated the number of the colors in the stimuli in the
2AFC noise mask task and got their TvD functions. The properties of the TvD
functions allow us to investigate the interaction of the channels in different conditions.
The next chapter introduces our chromatic symmetry detection model and how we
used it to account for the properties of the TvD functions in the 2AFC noise masking

paradigm.
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Chapter 3 Chromatic Symmetry Detection Model

In this chapter, we introduce our chromatic symmetry detection model and
describe how we apply it to the 2AFC noise masking task used in the experiments.
Note that in each trial of the task, the stimuli consisted of either a symmetric target or
a non-symmetric random-dot control superimposed on a random-dot mask. All stimuli
in a trial contained the same number of the colors with equal probability, in which the
number of the color (n) was from 1 to 4.

As Figure 1.2 shown, the chromatic symmetry detection model contains two
stages: a perception stage and a decision stage. The perception stage concerns the
noise-limited sensitivity of a visual' mechanismto the stimuli limited by both internal

and external noise, while the decision stage ¢oncerns the“effect of uncertainty on the

—
- W.VV

decision criterion. |

The first step of the/ perception staée is a lband of ‘color-orientation selective
symmetry encoders that are sensi:tive to symmetry-.in" an image. Each encoder is
sensitive to the mirror symmetry about-one axis with a certain color. As mentioned in
Chapter 1, each encoder contains two steps, matching and pooling. The matching
stage extracts the corresponding color features in an image while the pooling stage
analyzes those color pairs to determine whether their equal-distance points form a
symmetry axis. In other words, these symmetry encoders are long-range pairs of local
multiplicative color detectors that register a signal whenever there is their target color
at two locations in the field equidistant from a symmetry axis. The outputs of all such

pairs of detectors relative to a given symmetry axis are linearly summed to form the

symmetry signal relative to that location. Only when a number of them line up with
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respect to a particular symmetry axis, the symmetry encoders regard the chromatic
pattern as symmetry.

In the 2AFC noise masking task, the image in the interval that contains target
plus mask can be considered to consist of two components: the symmetric target and
the noise mask, while the image in the interval that contains noise control plus mask
can be considered to consist of just one component with a density that is the sum of
the control and the mask.

For a sparse n-color random-dot pattern, the excitation of the j-th color-selective

symmetry encoder to the i-th image component, Ej;, is

E.’.ZSe,_.ED. (1)

| | —

i

- T
where Se;j; is the sensitivity of.the|j-th symmetry encoder to iI-th image component,
while 1/n*D;, is the dot density: of the pattern of the j-th encoder’ target color in i-th
image component. The total excitation“of J-th*encader, E;j, is the sum of excitations

produced by all image components,

E, =D E; . )

J
The response of the perception stage is the excitation of the j-th symmetry encoder, E;,

raised by a power p, and then divided by a divisive inhibition term I; plus an additive

constant z,
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R = 3)

where |; is the summation of a non-linear combination of the inhibition from all image

components to mechanism j. This divisive inhibition term I; can be represented as

o1 ) (. n-1_Y
I :zil:(SIj,i.tc 'HDij +(S|j,i.nc 'TDi) } 4)

where Siji« and Sijinc are a positivervalue serving as the inhibition term from the
image components consisting _.of the target-color. and of the non-target color
respectively.

The contribution of each channel ‘tg:the visual performance is limited by both

e

internal noise of that channel and the ektgrnal noise‘provided by the noise patterns.
The variability of the internalnoise, od, is:';l constant for-all symmetry channels. The
variability of external noise, o, is proportional.to the square of the density of random
noise mask, that is, ce> = v * Dy’ in which v is a scalar constant and the index b

denotes the noise mask. Pooled together, in each channel the standard deviation of the

response distribution is

o, =(-Df+o)”. (5)
The output of the perception stage is then sent to the decision stage. The decision
stage monitors more channels than those that are relevant to the visual tasks (Pelli,

1985). The performance of the system is limited not only by the noise in the relevant
19



channels but also by that in the irrelevant channels. In our experiment, the task of the
observer was to detect the symmetry component in an image. Hence, a relevant
channel is the one whose color-orientation selectivity matches that of the image. The
observer detects a symmetric pattern if the maximum response of all monitored
channels to an image is greater than the response of a random-dot pattern by an
amount that exceeds the level of noise in the system (Green & Swets, 1966).

When there are m channels, in which n channels are relevant while m-n channels
are irrelevant, to be monitored, the maximum response of these channels can be
described by a distribution whose mean approximates a fourth-power summation over
these m channels (Graham, Robson, & Nachmias, 1978; Quick, 1974; Pelli, 1985),
though the Gaussian distribution theory-of<lLyler and ‘Chen (2000) shows that the
fourth power exponent is valid only for the_restricted conditions of a particular
attention model and a linear signal transdgggr. Hence, for the target plus mask images
where there are n channels responding thé symmetry image component, the mean of

the response R’ can be expressed'as |

n

/4
1 _ 4 m 4
R b+t ™ j=1 RJl(b+t) + Zj:n+1 Ri,(bJrC))l ! (6)

where the subscript b and t denote the noise control pattern and the symmetry
component in the images respectively. Instead, the mean of the response R’ for the

noise control plus noise mask images is

Riic = (ern:l R?,(mc) )1/4’ ()
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in which the subscript b+c indicates that the image contains both the noise mask and a
control pattern with the same number of dots as the corresponding symmetry target.
The decision variable, d’, is the difference of the response to the image with the
symmetry component and the response to the random-dot control image divided by

the standard deviation of the max distribution, o,. That is,
d':(R'bH_RIbJrc)/o-p (8)

The threshold is defined when d” reaches unity. Note that the standard deviation of the
max distribution of multiple independently and identically distributed samples is k
times the standard deviation of-the original distribution; in'which the variable k can be

estimated by the method €hen"and Tyler (1999), proposed:: Thus, o, = o for 1-color

=

condition while o, = k*o,for/n-colar co‘r.i;_ﬁ'l;'ﬂions.

The above is the description bf ourj:chromatic symmetry detection model that
applies to a 2AFC noise masking fask. In Chapter 5.and.6, we examined the color-
selective property of the symmetry “‘encoders-in_the model. In Chapter 7 to 9, we
manipulated the number of the colors in the images and measured the symmetry
detection threshold to get the TvD functions, to investigate the integration of these

symmetry channels in different conditions. The details of the model implementation

are described in each chapter.
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Chapter 4 General Method

In this thesis, our aim is to understand how visual system integrates both color
and spatial information to form symmetry perception. To understand how symmetry
mechanism processes the color information of the images coming from different color
channels, we selected the colors in the stimuli on the MB-DKL color space, in which
the chromatic content of color is defined by three cardinal axes based on the response
properties of three post-receptoral mechanisms (Derrington, Krauskopf, & Lennie,
1984; Krauskopf, Williams, & Heeley, 1982; MacLeod & Boynton, 1979). This
chapter introduces the way we constructed the color space to define the color content

of the stimuli and the general methoed among all'the.experiments.

—
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4.1. Equipment

All experiments in this study used thé—same equipment. The visual stimuli were
presented on a 24-inch calibrated LCD_monitor,controlled by a Macintosh computer
via a Radeon 7200 graphic board which:provided 10-bit digital-to-analog converter
depth. The LCD monitor was calibrated with a PhotoResearch PR655 radiometer for
both luminance and chromaticity. The viewing distance was set in a way that each

pixel extended 2 ° visual angles. The refresh rate of the monitor was 60Hz.

4.2. Specification of the Chromatic Content of the Stimuli

In all of the experiments, the display had a mean luminance of 76.81 cd/m? and
mean chromaticity at (0.33, 0.33) in CIE 1931-xy coordinates. All the colors of the

display were along a straight line in cone excitation space. The color can be
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represented by a cone contrast vector (Brainard, 1996) at each point in space. Since
the stimuli were composed of 8-th power Gaussian spots, we described their contrast
by giving the three cone contrast at the center of the spots. The L-cone contrast, C,,
was defined as AL/L, where Lowas the L-cone excitation produced by the background
and AL =L - L was the L-cone excitation deviation at the central point of the spots. If
there was a decrement in cone excitation at the central point, the cone contrast was
negative. The M-cone and S-cone contrasts, Cy and Cs, were defined similarly and
each color was given by the column vector C = [C., Cwm, Cs]". Cone excitations and
contrasts were calculated using the Stockman-Sharpe estimates of the cone spectral
sensitivities (Stockman & Sharpe, 2000).  For ‘calculations, each sensitivity was
normalized to a maximum.of one and'spectra-were expressed in units of watts/(sr — m?
- nm). The LMS cone excitation‘vector of backgroundiwas [6.056 5.235 2.701]".

We specified all the colors in tef_rjn%.rof their contrast and chromoluminance
direction. Chromoluminace direction wa;‘given by the normalized vector, C /|| C ||,
where the notation || C || denoted'the length of the vectorC. The contrast of each color
was defined as ¢ = (C.? + Gy +'Cs%)%?/(3)":This measure was proportional to the
square-root of cone contrast energy and varies between 0 and 1. Contrast was
expressed in dB re 1 which equaled 20 logio c. The contrast of each color in all the
experiments was set at its three fold threshold for each observer, based on a subjective
sensitivity experiment (see Appendix for details).

Except for some colors in the experiment of Chapter 6, all the colors of the
stimuli were in the cardinal directions of the color space (Derrington et al., 1984;
Krauskoph et al., 1982; MacLeod & Baynton, 1979). As shown in Figure 4.1, the
black and white were in the luminance direction (-90° — +90°), of which the L, M, S

cone contrasts is [0.577, 0.577, 0.577]. The red, green, blue, and yellow were in the
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Red/Green (0°-180°) and Blue/Yellow (90°-270°) isoluminant directions whose cone
contrasts were [0.416, -0.909, 0] and [0, 0, 1] respectively. The nominal isoluminant
directions were orthogonal to the CIE2007 luminous efficiency function V, (CIE,
2007), which corresponded to the normalized column vector [0.853, 0.522, 0]" in the

cone contrast space.

Luminance
+90°

90 Blue/Yellow

Red/Green

-90°

Figure 4.1. Cone contrast color space. The grid corresponds to the isoluminant plane,
which includes the Red/Green (0° — 180°) and Blue/Yellow (90° — 270°) cardinal

mechanisms axes. The vertical axis is the achromatic axis (-90° — +90°).

For the convenience of discussion, we used descriptive color names rather than
cone contrasts for the modulation directions to describe the colors in our stimuli.
Table 4.1 lists the descriptive color names of the colors we used, their coordinates in

the DKL color space and in the cone contrast space.
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Table 4.1

The coordinates of the color space and chromoluminance cone contrast space of the

color.
Name Coordinates in DKL space Coordinates in the cone contrast space
(Cu Cw, Gs)

White (W) (0°,90°) [0.577,0.577, 0.577]

Black (K) (0°, -90°) [-0.577,-0.577, -0.577]

Red (R) (0°, 0°) [0.416, -0.909, 0.000]

Blue (B) (90°, 0°) [0.000, 0.000, 1.000]

Green (G) (180°, 0°) [-0.416, 0.909, 0.000]

Yellow (Y) (270°, 0°) [0.000, 0.000, -1.000]

4.3. Stimuli

All stimuli were chromoluminance‘i‘n]ages composed of the dots distributed in an
invisible grid, excluding some.checks at;-:tflfffé'center region and near axis (see method
section in each chapter). The width of each:'check was 7 pixels, corresponding to 0.21°
visual angle. The display had‘ a 9:9° visul angle-extent in the experiments of Chapter
5 to 7 while a 12.1° visual angle extent in the experiments of Chapter 8 and 9. Each
dot was defined by a 8-th power Gaussian function, or K(x, y) = BG + BG.* C
exp(x®/26® + y®/26®) where x and y were the distances in degrees from the fixation
point, o = 0.11° was the space constant; BG was a 3 by 1 vector that specified the
cone excitation coordinates of the background; C was the 3 by 1 cone contrast that
specified the color modulation respectively, and the symbol .* denoted element by
element multiplication of two vectors.

The stimuli on each trial consisted of three components: the symmetric target,

the non-symmetric random-dot control, and the random-dot mask. Both the control
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and the mask were composed of random dots. In a symmetric target, half of the
displays was a reflection of the other half about an axis whose orientation was either

vertical or one of the two diagonals. That is, a pixel at position (x,y) of the symmetric

image | has the property I(X’, y’) = I(-X’, y’) where X’ = x*cos0 + y*sin6 and y’

y*cosO - x*sin®. The symbol 6 denoted the orientations of the symmetry axis with 6
0° for the vertical and 45° and 135° for the two diagonal symmetry axes. The density

of target, control and mask were described in the method section of each chapter.

'
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Chapter 5 Color-Selective Matching Stage

In our chromatic symmetry detection model, we assume that the first step of
symmetry detection, the matching stage, is color-selective. In this stage, each color-
selective symmetry encoder compares the corresponding features in an image. It
extracts the corresponding features of its target color and sends the pairs to the next
stage for further operation (box A in Figure 1.3). In other words, only the feature of
the same color can be paired. In this chapter, we examined the above assumption.

Specifically, we examined three possible ways that color information may affect
the symmetry encoding at this'stage. First, the Symmetry encoder may only pair image
features of the same color (Figure 5.1a). Such enceder would have a color tuning
property similar to that of V4 cells reported by Lennie (1999) who reported that every
V4 cell has its own color selectivity. Seé-t;)iﬁd, in addition to the same color pairs, the
symmetry encoder may. be able to‘pair‘-:'opponent colors, 'such as red and green
together (Figure 5.1b). This notio:n issconsistent .with the notion proposed by De
Valois and de Valois (1993) that the visual cortex contains pairs of neurons whose
color selectivity is from rectified responses of the same color opponent channel. Third,
it is also possible that the symmetry encoder just receives inputs from a wide range of
earlier mechanisms and thus has no color selectivity itself. That is, the symmetry
encoder may pair the corresponding image features regardless their colors (Figure

5.1c).
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Figure 5.1. Three possible ways the symmetry encoder acts in the matching stage.
(@) The symmetry encoder only pairs the image features of the same color. (b) The
symmetry encoder can pair the image features of the opponent colors. (¢) The
symmetry encoder is not color-selective. It pairs the corresponding image features

regardless their colors.

In the luminance domainy_several studiés measured. the symmetry detection
performance when the corresponding image-, featureS were opposite luminance
polarity, called anti-symmetry (Figure 5.‘.;725;_(Brooks & van der Zwan, 2002; Mancini,
Sally & Gurnsey, 2005; Saarinen & Levi-,";D__OOO; Tyler & Hardage, 1996; Wenderoth,
1996; Zhang & Gerbino, 1992). Tht'aré IS nQ cons:istency in the results from the studies
with achromatic patterns. Some.showed-difficulty iﬁ detecting anti-symmetry (Brooks
& van der Zwan, 2002; Mancini et al. 2005; Wenderoth, 1996; Zhang & Gerbino,
1992) while others did not (Mancini et al. 2005; Saarinen & Levi, 2000; Tyler &
Hardage, 1996). Mancini et al. (2005) used stimuli composed of large image elements
in different luminance (Figure 5.2). They manipulated the proportion of the matched
image elements and measured the coherence threshold of symmetry detection (e.g.,
the proportion of the matches required for an image to be discriminated from a
random pattern). They showed no difference in the coherence threshold between
detecting symmetric and anti-symmetric patterns. Similar result was also reported in

other studies with achromatic stimuli composed of large image elements (Saarinen &
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Levi, 2000; Tyler & Hardage, 1996). On the other hand, some studies reported that it
was more difficult in detecting anti-symmetry than detecting symmetry in images
composed of small image elements, in either coherence threshold measurement
(Mancini et al. 2005) or correct rate and response time (Brooks & van der Zwan, 2002;

Wenderoth, 1996; Zhang & Gerbino, 1992).

Figure 5.2. The stimulus composed of achromatic large image elements. Panel a and

b were symmetry and anti-symmetry respectively. (From Mancini et al., 2005)
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It seems that the symﬁigtry-"fqg.tetﬂmrﬁ]aai:f is not the same for the images

e e
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composed of small and large i}ﬁdge._«ellémagr‘;tf. The étudies using images composed of
large image elements showed that detecting anti-symmetry was as easy as detecting
symmetry (Mancini et al. 2005; Saarinen & Levi, 2000; Tyler & Hardage, 1996). It
suggested that the matching process is not necessarily restricted to the image elements
with the same luminance. However, the studies using images composed of small
image elements showed that the detection performance for a symmetric pattern was
better than an anti-symmetric one (Brooks & van der Zwan, 2002; Mancini et al. 2005;
Wenderoth, 1996; and Zhang & Gerbino, 1992). It suggested that matching process is

restricted to image elements with identical luminance.
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There are only a handful of studies concerning the color selectivity of the
matching stage of symmetry detection. Pashler and his colleges investigated the role
of color in symmetry detection (Huang & Pashler, 2002; Morales & Pashler, 1999).
They presented their observers patterns composed of colored squares. The
arrangement of squares were either completely symmetric about the vertical axis or
contained one or two pairs that were mismatched in color. Their observers needed to
indicate whether the pattern was color-symmetrical (Morales & Pashler, 1999).
Figure 5.3a shows an example of their stimuli. Similar procedure was applied when
the patterns were anti-symmetric (i.e., the corresponding regions across the symmetry
axis have opposite color, Figure 5.3b)7(Huéngi’& P_ashler, 2002). Their data showed
that it was more difficult for their o.bf-ls‘é-.rzvers%’():.:q?tgg‘:ﬁt-an'ti-,symmetry than symmetry.

| . .

The response time (2569“rp'§;.; waé;#r%ach Ionge?ina"f\he err_,‘(')__r‘rate (0.19) was larger for

the anti-symmetry condition than the symmet .ﬁ|c%)ndition (RT = 1187 ms, error rate =
o F I...-"" | - =
0.05). ‘TR o B

Figure 5.3. The stimuli Pashler and his colleges used. Panel a is a 2-color

symmetric display. Panel b is an anti-symmetric display. Both are the examples of

symmetry. (From Morales & Pashler, 1999 and Huang & Pashler, 2002.)

The studies using achromatic images showed that symmetry detection
performance was not the same for the images composed of small and large image

elements. However, even the images were composed of large image elements, the
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symmetry detection performance was still different when the images were composed
of achromatic elements and chromatic elements. Detecting achromatic anti-symmetry
was as easy as detecting achromatic symmetry (Mancini et al. 2005; Saarinen & Levi,
2000; Tyler & Hardage, 1996) while detecting chromatic anti-symmetry was more
difficult than detecting chromatic symmetry (Morales & Pashler, 1999; Huang &
Pashler, 2002). It seems that the symmetry detection for chromatic and achromatic
images differs. However, the stimuli used by Pashler and his colleges may have some
pitfalls so that it is difficult to compare their result with the achromatic one. First,
their stimuli were not isoluminant and were not designed to isolate individual color
channels from the others. It is not clear which channel is responsible for their results.
All three post-receptoral channels might-involve in the analysis of their stimuli.
Second, their image elements were not adjusted to the equal sensitivity level for the
human visual system. Some! colors mign‘t%.be more salient than others. Hence, the
difficulty in anti-symmetry might be du;f_b thelrelative salience of a particular color
or color pair. Their results thus'give us little insight ifito the matching stage of the
chromatic symmetry processing.

In addition, the discrepancy in theliterature may be understood in our framework.
In the luminance domain, the major discrepancy occurs between the studies with
large-and small image elements. For the same display area, the larger the elements are,
the fewer the number of the elements is, and vice versa. That is, the difference in
element size also means a difference in density. Hence, if we present their results as a
TvD function, the coherence thresholds for the symmetric images composed of small
and large elements would be represented as two points at different noise densities.
Hence, the coherence thresholds for symmetry and anti-symmetry are the same for the

images composed of large elements also means that they are the same at low noise
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densities while the difference in the symmetric and anti-symmetric images composed
of small elements also means that they are different at high noise densities. In other
words, the discrepancy in the literature means that the TvD functions for symmetric
and anti-symmetric patterns have different slopes. Thus, it is possible to account for
the diversity of the data in the literature with the same model but with different
parameter values.

In sum, current results from the literature do not have a conclusive answer to the
property of the matching stage of symmetry processing. In this chapter, we examined
the color selectivity of the matching stage of symmetry processing. For a comparison,
we also examined the color selectivity in luminance dimension. We deliberately
manipulated our stimuli for this purpese-—~kirst, we selected the color along the
cardinal axis in the color space;“in"Which the chromatic-content of color is expressed
in a space defined by three cardinal/axes: ﬂgased on the response properties of three
post-receptoral mechanisms (Derringto;-,'ﬁ et al, 1984, Krauskopf, et al., 1982;
MacLeod & Boynton, 1979);-t0 tag the three |post-receporal color mechanisms in
symmetry detection. Second, we-set the contrast ofr each color to match the contrast
threshold of each observer to that color, and thus controlled the salience of each color.
Third, we measured the target detection thresholds at different amounts of external
noise. This allowed us to examine whether the number of elements in the images can
account for the difference between the images composed of small and large elements
mentioned above. We used the stimuli composed of sparse small dots. This allowed
us a wide range of noise for manipulation.

We compared the detection performance for two kinds of anti-symmetric
patterns, one had two dots in a symmetric pair to be in opponent colors (i.e., opponent

anti-symmetry condition) while the other had the two dots in colors of different
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cardinal directions (i.e., non-opponent anti-symmetry condition), with that for the
symmetric patterns. If the symmetry encoder can only match the image features of the
same color, the threshold for both opponent and non-opponent anti-symmetry
conditions would be greater than that in the symmetry condition and thus would
produce an upward shift of the TvD function relative to that for the corresponding
symmetry conditions. However, if the symmetry encoder can match dots of opponent
colors, the TvD functions for the opponent anti-symmetry condition and the symmetry
condition would be the same, while the TvD functions for the non-opponent anti-
symmetry condition would raised from the symmetry condition. If the symmetry
encoder has no color selectivity,all the TvD functions should be the same. By
observing the TvD functions for.different-conditions, we can infer the color selectivity

of the matching stage of the:symmetry processing.

—
- W.VV

5.1. Method

Participant. Three observers:participated In-this experiment: CCW, CPY, and
HYC. HYC was naive to the purpose-of this experiment.

Stimuli. There were eight conditions in this experiment including four
isoluminance and four luminance conditions. The four isoluminance conditions were
RG, RB, Anti-RG and Anti-RB and the four luminance conditions were WK, WR,
Anti-KW, and Anti-WR, where R, G, B, W, and K refer to red, green, blue, white and
black respectively (see Table 4.1 in Chapter 4 for definition of the color). The RG, RB,
WK, and WR were symmetry conditions, in which the color in each symmetric dot-
pair was the same. The Anti-RG and Anti-KW were opponent anti-symmetry
conditions while the Anti-RB and Anti-WR were non-opponent anti-symmetry

conditions. In these four anti-symmetry conditions, the colors of each symmetric pair
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were opposite. For example, the images in the RG condition were composed of the
red-red pairs and green-green pairs, while those in the Anti-RG condition comprised
of the red-green and the green-red pairs.

In each trial, the stimuli consisted of a vertical symmetric-dot target (Symmetry
or anti-symmetry, depends on the condition) or a non-symmetrical random-dot noise
control superimposed on a random-dot mask. Figure 5.4 shows the example of the
stimuli. The panel a and b in Figure 5.4 are the example of the stimuli in the
symmetry and anti-symmetry conditions respectively. The purpose of the random-dot
control was to balance the local statistics in the image. The colors of dots in the noise
mask were the same as the symmetric target and the noise control while were
randomly assigned. The densitigs of the-noise.mask were 0.2, 1, and 10%. To prevent
the observers from using only the'focal information near-axis to make a judgment, the
region within 1.4° visual angle width cont_aﬂi'qed no dot.

Procedure. A temporal 2AFC pa;-r-a_“dirgm was used. to measure the density
threshold of the symmetric tatget.detection. In each trial;the symmetrical dots display
was randomly presented in-one “of the:two intervais while the control random dots
display was presented in another interval. The duration was 233 ms and the inter-
stimulus interval (ISI) was 600 ms. An audio tone indicated the beginning of each
interval. The observers’ task was to judge which stimulus interval contained a
symmetric pattern. They were informed that the orientation of axis was vertical. An
audio feedback for the response was provided. The PSI threshold-seeking algorithm
(Kontsevich & Tyler, 1999) was used to measure the threshold at 75% correct level.
There were 40 trials for each threshold measurement. Each datum point reported was
an average of four to eight repeated measurements. The symmetry conditions and the

anti-symmetry conditions were run separately. The order of the four symmetry
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conditions was randomized. So were the four anti-symmetry conditions.

Figure 5.4. The example of the stimulus in this experiment. Panel a is the stimuli in
the symmetry conditions, in which a symmetric target was superimposed on the noise
mask. Panel b is the stimuli in the anti-symmetry conditions, in which an anti-

symmetric target was superimposed on the noise mask.

5.2. Results

Figure 5.5 shows the TvD functions for faur isoldinance conditions. The left
column is the TvD functions for the opponent anti-symmetry condition (i.e., Anti-RG,
red symbols) and its corresponding symmetry condition (i.e., RG, blue symbols). The
right column represents the TvD functions for the non-opponent anti-symmetry
condition (i.e., Anti-RB, pink symbols) and its corresponding symmetry condition
(i.e., RB, green symbols). Each column represents the data of each observer. For these
four isoluminance conditions, the target density threshold increased with the noise
density. The slope of the functions for all conditions and observers was from 0.88 to
1.15 in log-log coordinates. Averaged across observers, the slopes of the TvD
function for the opponent anti-symmetry (M = 1.04, SE = 0.07) and the non-opponent

anti-symmetry condition (M = 1.07, SE = 0.03) were not different from their
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corresponding symmetry conditions (M = 1.10 and 1.07, SE = 0.008 and 0.02
respectively, all t(2) < 0.66, all p > .58). Hence, the TvD functions for anti-symmetry

and symmetry conditions were parallel.
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Figure 5.5. The target threshold vs. mask density (TvD) functions for four
isoluminance conditions. Each panel represents the data from one observer. The left
column represents the TvD functions for the RG (red symbols) and the Anti-RG (blue
symbols) conditions. The right column represents the TvD functions for the RB (pink

symbols) and the Anti-RB (green symbols) conditions.
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Figure 5.6 shows the TvD functions for four luminance conditions. The left
column is the TvD functions for the opponent anti-symmetry condition (i.e., Anti-WK,
red symbols) and its corresponding symmetry condition (i.e., WK, blue symbols). The
right column represents the TvD functions for the non-opponent anti-symmetry
condition (i.e., Anti-WR, pink symbols) and its corresponding symmetry condition
(i.e., WR, green symbols). Each column represents the data of each observer. The
slope of the functions for all conditions and observers was from 0.87 to 1.24 in log-
log coordinates. Similarly, the TvD functions for the anti-symmetry and the symmetry
conditions were parallel. Averaged across observers, the slopes of the TvD functions
for the opponent anti-symmetry (M = 1.06, SE = 0.06) and the non-opponent anti-
symmetry condition (M= 100, SE-=-0.06) were not different from their
corresponding symmetry .conditions_(M = 1.09 and<1.03, SE = 0.06 and 0.03
respectively, all t(2) <1.64, all p > 24). _fw

Averaged across. observers; our résfulﬁ also 'showed that the target density
thresholds for four anti-symmetry;cbnditio—ns were /higher than their corresponding
symmetry conditions (all t(2) >.5:99, p:< .014),:The'pink, green, red and blue symbols
in Figure 5.7 represent the increment of the density thresholds produced by Anti-WK,
Anti-WR, Anti-RG, and Anti-RB conditions compared with their corresponding
symmetry conditions respectively, averaged across observers. For all anti-symmetry
conditions, the magnitude of the threshold elevation was from 0.15 to 0.33 log unit (or
a 1.4 to 2.1 fold change). The threshold increments in the luminance conditions were
higher than in the isoluminance conditions, regardless of opponent (t(2) = 2.83, p =
.05) or non-opponent pairs (t(2) = 10.76, p = .004). Moreover, there was no difference
in the density threshold elevation between the opponent and the non-opponent anti-

symmetry conditions, in both isoluminance (t(2) = 0.58, p = .62) and luminance
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conditions (t(2) = 1.39, p = .30). These results suggest that the symmetry encoder has

difficulty in matching dots with different colors, regardless whether they are opponent

colors or not. The difficulty is larger when there is a luminance component involved.
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Figure 5.6. The target threshold vs. mask density (TvD) functions for four luminance

conditions. Each panel represents the data from one observer. The left column represents

the TvD functions for the WK (red symbols) and the Anti-WK (blue symbols)

conditions. The right column represents the TvD functions for the WR (pink symbols)

and the Anti-WR (green symbols) conditions.
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Figure 5.7. The average threshold elevation at different noise densities in four anti-
symmetry conditions compared with their corresponding symmetry conditions. The open
symbols represent the threshold elevation in luminance conditions (pink up-triangles and
green down-triangles for the Anti-WK and the Anti-WR respectively). The filled
symbols represent the threshold elevation in isoluminance conditions (red circles and

blue squares for the Anti-RG and the Anti-RB respectively).

5.3. Discussion

Our result showed that the ‘matching stage of symmetry encoder is color-
selective. The symmetry encoder can easily match the dots of the same color but not
those of different colors even these different colors are from the same color opponent
channel. Furthermore, it is more difficult for the symmetry encoder to match two dots
with luminance difference than those with chromaticity difference.

Such color selectivity suggests that the symmetry encoders have a property
similar to that of V4 cells, which has its own color selectivity (Lennie, 1999) but not
V1 cells, whose color selectivity is from rectified responses of the same color

opponent channels (De Valois & de Valois, 1993). This property suggests that the
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symmetry perception is mediated by a neural mechanism beyond V1. This is
consistent with neuroimaging evidence, which showed the symmetric visual stimuli
produced an increment of fMRI activity in higher-tier human visual cortex, such as
V3A, V4, V7, and the lateral occipital complex (LOC) (Sasaki, Vanduffel, knutsen,
Tyler, & Tootell; 2005; Tyler, Baseler, Kontsevich, Likova, Wade, & Wandell, 2005).

Our data also showed a selectivity in luminance. This is consistent with the
previous studies using the images composed of small elements (Brooks & van der
Zwan, 2002; Mancini et al. 2005; Wenderoth, 1996; Zhang & Gerbino, 1992). In
addition, our data showed an overall upward shift of the TvD functions for the anti-
symmetry conditions, compared swith “those  for._ their corresponding symmetry
conditions. This suggests that.the ‘incensistence between the achromatic images
composed of the large and:smallelements discussed,above is not due to the image
density. Otherwise, the slopes of the‘-EI¥P functions for the anti-symmetry and
symmetry conditions should differ. We Slj§pect that this inconsistence might be due to
some other reasons. For example, the comparison lof local-information is easier in the
images composed of large elements than thosescomposed of small elements, etc.

After equating sensitivity for the“iseluminance and luminance stimuli, our data
showed that matching two colors with different chromaticity was easier than matching
those with different luminance. This might reflect different mechanisms of
chromaticity and luminance information processing in the earlier stage. Processing of
the luminance-increase is in the ON channel and that of the luminance-decrease
information is in the OFF channel (Schiller, 1992). These two processes remain
independent in the retina and LGN, with some evidence suggesting that the channels
may be functionally segregated as far as the visual cortex (Harris & Parker, 1995).

The difficulty in matching two colors with different luminance suggests that
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information processed between different channels is difficult to be combined during
symmetry processing, as Van der Zwan, Badcock and Parkin (1999) and Dakin and
Herbert (1998) suggested. However, as discussed above, the property of the matching
stage of symmetry encoders is similar to that of V4 cells that may tune to any color
(Lennie, 1999). Hence, the difficulty in matching two chromaticity suggests that
information processed between different color channels is difficult to be combined
during symmetry processing. However, this difficulty may be smaller than that of
luminance channels. This difference suggests that the different properties of earlier
color processing are still preserved in the early stage of symmetry processing.
Whether this difference preserves.in the later stages.of symmetry detection process is
a question. In the next chapter,-we keep-concerning-this issue when investigate the

color-selectivity of the pooling stage following the matching.
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Chapter 6 Color-Selective Pooling Stage

In Chapter 5, we showed that the matching stage is color-selective, as our
chromatic symmetry detection model shown. The symmetry encoder is easier to pair
the features of the same color (e.g., red-red) than those of different colors (e.g., red-
green). In this chapter, we further examined the color selectivity of the next stage,
pooling.

Similar to the matching stage, we considered three possible ways the symmetry
encoder pools the matched pairs to determine the axis of a symmetric pattern. The
first one, the symmetry encoder only' counts ‘the pairs of the same color for the
computation of the symmetry axis{(Figure 6.1a). The-pairs whose midpoints form an
axis are regarded as signal‘while others‘are noise. In this case, the color selectivity is
preserved at the pooling ‘stage. The seégﬁd' one, the symmetry encoder counts the
pairs as signal as long as'their calars arfa-from the same- color opponent channels
(Figure 6.1b). For instance, a‘symrr;etry encoder-may:regard both the red-red and the
green-green pairs as signal but net the red-red and the blue-blue pairs. The third one,
the symmetry encoder is not color-selective. All the pairs are taken into account
regardless of their chromaticity (Figure 6.1c). These three pooling mechanisms
represent different color selectivity of symmetry channels. The first two suggest that
there are more than one color selective channels in symmetry processing while the

third one suggests that there is only one color-blind symmetry channel.
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Figure 6.1. Three possible ways the symmetry encoder acts in the pooling stage. (a)
The symmetry encoder only counts the pairs of the same color for the computation of
the symmetry axis. (b) The symmetry encoder counts the pairs as signal as long as their
colors are from the same color opponent channels. (c) The symmetry encoder is not
color-selective. All the pairs are taken into account to determine the symmetry axis

regardless of their colors.
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To the best of our knowledge, thereis npf published research systematically

T
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examines the color selectivit"y“of tiwe pooeling_stage .in symmetry processing. In this
chapter, we investigated the color seléctivity of the pooling stage of the symmetry
encoder, that is, which color pairs can be pooled to determine the symmetry axis.
Here we used noise masking paradigm to probe this issue. We measured the target
density threshold with the presence of noise masks of various colors. If the response
of the underlying mechanism is influenced by the noise mask, the mask would
interfere with the target mechanism and thus produce a masking effect, measured as
threshold increment, on target detection. Otherwise, the presence of the mask would
have no effect on target detection (Giulianini & Eskew, 1998; Gegenfurtner & Kiper,
1992; Hansen & Gegenfurther, 2006). Hence, if the symmetry encoder pools only the

pairs of the same color, only the mask of the same color would produce a masking
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effect. If the symmetry encoder can pool the pairs of the opponent colors, a symmetry
target of a color would be masked by masks both of its own color and its opponent
color. If the pooling stage is not color-selective, all the noise masks would show
masking effect.

This chapter examines the color selectivity of the pooling stage of symmetry
processing. Since Chapter 5 showed the difference in pairing image features with
different chromaticity and luminance, we also examined the color-selective properties
of the pooling stage in both chromaticity and luminance dimensions. We measured
the target detection threshold of the red, blue and white target superimposed on the

noise mask of different colors to achieve this goal.

6.1. Method

Participant. Three observers atteh&‘éd-’this experiment: CCW, CPY and HYC.
HYC was naive to the purpose of the expe;iment.

Stimuli. In each trial, the stimuli consisted of & vertical symmetric-dot target or a
random-dot noise control superimposed on+<a random-dot noise mask. The color of the
target and the noise control was red and blue in the isoluminance conditions while
was white in the luminance conditions (see Table 4.1 in Chapter 4 for the definition of
the color). The colors of the noise mask were 0°, 22.5°, 45°, 67.5°, 90°, and 180°
deviated from the target along the isoluminant plane in the isoluminance conditions
and along the plane spanned by the red-green cardinal axis and the luminance axis in
the luminance condition. The density of the noise mask was fixed at 0.01. To prevent
observers from using only the information near axis to make a judgment, no dot was

in the region within 1.4° visual angle width. Figure 6.2 shows the examples of our

stimuli.
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Figure 6.2. The example of the stimuli: (a) the red target superimposed on the noise
mask of its own color (0° deviation) and (b) the red target superimposed on the noise

mask of green color (180° deviation). The mask density was 1%.

Procedure. The 2AFC procedure was the same as the experiment represented in
Chapter 5. The observers® task was to ﬁfdge which stimulus interval contained the
target. They were informed ‘that the orientation of axis was vertical. The two
chromaticity conditions and one Iuhinance condition. were run separately. The order

of noise color in both conditions was randomized.

6.2. Results

Our results showed a clear color-selective property of the pooling stage. The
highest target density threshold was measured when the noise mask and the target
were of the same color in both isoluminance and luminance conditions. Figure 6.3
shows the target density threshold in the isoluminance conditions. The red and blue
circles represent the density threshold for the red and blue target respectively in the

presence of the various noise masks. The pink and cyan open triangles represent the
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red and blue target density threshold respectively when there is no mask. Each panel

represents the data from one observer.
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Figure 6.3. The results of isoluminance conditions. Each panel represents data from

one observer. The red and blue symbols denote the target density thresholds for red and

blue target superimposed on the noise mask of various colors respectively. The pink and

cyan symbols denote the red and blue target density threshold when there was no mask,

serving as a baseline.

49



For all observers, the mask of the same color (0° deviation from the target in the
isoluminance plane) increased the target detection threshold 1 to 1.37 log unit, which
was 10 to 23 fold change. The masking effect decreased as the difference between the
target and the mask color increased. The mask of orthogonal color (90° deviation
from the target in the isoluminance plane) and opponent color (180° deviation)
showed little, if any, masking effect. They increased the target detection threshold
about 0 to 0.3 log unit, equivalent to 1 to 2 fold change. This effect was small when
compared with the effect of the same color. Hence, our results favored the first
hypothesis. That is, the symmetry mechanism pools the pairs of the same color to
determine the axis. The visual system‘has a band of independent color-selective
symmetry channels at each orientation axis:

Our data also showed;that"the color tuning ofieach, color-selective symmetry
encoder was not the same. The color tunifn'%.of the red symmetry encoder was broader
than that of the blue ane. The red symrr;-tfet:ry encoder responded to a range of colors
with different sensitivities (22:5°t0/67.5° deviation),whilé the blue symmetry encoder
only responded to a narrower range of-colors; The mask of the colors deviated more
than 22.5°from the target color produced no masking effect to the target detection.
This might be due to the difference in sensitivity between the red-green and the blue-
yellow channels

The results of the luminance conditions were similar to those of the isoluminance
conditions. Figure 6.4 shows the data for the luminance conditions. The black and
gray symbols represent the target density thresholds in the presence and absence of

noise mask respectively. Each panel represents the data from one observer.
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Figure 6.4. The results of luminance conditions. Each panel represents data from
one observer. The black symbols denote the target density thresholds for white target
superimposed on the noise mask of various colors. The gray symbol denotes the target

density threshold when where was no mask, serving as a baseline.

Similar to the isoluminance conditions, the masking effect was largest when the

color of the mask was the same as the target. For all observers, the mask of the same
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luminance increased the target detection threshold 0.97 to 1.2 log unit (equivalent to 9
to 16 fold change). The masking effect decreased as the difference between the target
and the mask luminance increased. The mask of isoluminance color (90° deviation
from the target on the plane spanned by the red-green cardinal axis and the luminance
axis) and opposite luminance polarity (180° deviation) showed little, if any, masking
effect. They increased the target detection threshold about 0.03 to 0.24 log unit (1.08
to 1.75 fold change), much smaller than that produced by the mask of the same
luminance. Our results also showed that the white symmetry encoder only responded
to a narrower range of colors, narrower than that of the red one. The mask of larger
than 45° deviation from the target color produced no masking effect to the target

detection.

6.3. Discussion —

e

In this experiment, we-used the noisé?masking paradigm to investigate the color-
selective property of the poaling siage oftsymmetry_processing. Our results showed
that the noise mask of the same color with the target produced the largest masking
effect on the target detection. The masking effect decreased as the difference in the
color between the target and the mask increased. This suggests that the color-selective
property is preserved in the pooling stage. The symmetry encoder counts only the
pairs of the same color for the computation of the symmetry axis. Hence, the presence
of dots in a different color would not interfere with symmetry detection. Hence, there
are a band of color-selective symmetry encoders at each orientation.

Notice that, our result shows that the symmetry processing is color selective at

the encoding stage. It is by no means implying that the symmetry channel is color

selective. It is possible that a later mechanism integrates information across different
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color selective encoders. However, if this is the case, the integration should occur
after a nonlinear operation has been applied to the color specific symmetry channels.
Otherwise, such mechanism cannot distinguish information from different colors and
thus inherently color blind. Our result does not support such color blind mechanism.

Some might argue that the masking effect we observed may be unrelated to the
color-selective pooling stage but due to the color selective matching stage. The noise
mask of the same color as the target can be paired with the dots in the target while that
of the different colors cannot. Hence, the dots in the noise mask interfered with the
symmetric target detection by matching rather than pooling. However, if this is the
case, we should expect that the noise mask that has a different color from the target
should also show a masking effect, because-the symmetry encoders would take all the
pairs in the noise mask into'consideration to determine, the axis of a symmetric pattern.
Our results however did not support this-jglg.irm. EXcept for the luminance condition of
the observer CPY (t(1) = 37.75; p = 008) thel mask of.the orthogonal color and
opponent color showed no. masking effect (all t(1) < 5.24;p > .06).

Another argument is that.the masking effect is unrelated to the color-selective
pooling stage but due to selective attention. For example, the observers may just pay
their attention to the target color and ignore whatever other colors in the display.
Hence, the dots of the other colors are not encoded in the matching stage and are left
out in the pooling stage. Hence, the pooling stage is not necessarily color-selective as
we claim but color-blind. To exclude this possibility, we carried out a control
experiment. We excluded the effect of selective attention to reexamine the color-
selectivity of the pooling stage. In this control experiment, we presented two
symmetric patterns of different axes superimposed on each other in one interval and a

random dot pattern in another interval. The colors of the two symmetric patterns were
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the same (i.e., both red or both green, Image A in Figure 6.5a) or different (i.e., one
red and one green, Image B in Figure 6.5b). The random dot pattern contained the
same number of red and/or green dots as the interval containing the targets. The
observer’s task was to detect which interval contained any symmetric pattern. In this
experiment, the observers needed to pay attention to all colors in the display to get

max information.

a.lmage A b.Image B

Figure 6.5. The target stimuli of control experiment. Each target image was composed
of two symmetric patterns of same or different colors. (a) Image A was a red right-
diagonal symmetric pattern superimposed on a red left-diagonal symmetric pattern. (b)
Image B was a red left-diagonal symmetric pattern superimposed on a green right-

diagonal symmetric pattern.

In this case, the color-selective and color-blind pooling stage hypotheses make
different predictions about the symmetry detection performance in these two images.
The color-blind hypothesis predicts the same performance in the two images while
color-selective one does not. If the pooling stage of symmetry encoder is color-blind,

there are only two orientation-selective symmetry encoders, one sensitive to the left-
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diagonal and another one, the right-diagonal. For these two symmetry encoders, half
of the dots in Image A are signal and another half are noise. So is Image B. Hence, the
color-blind hypothesis predicts no difference in symmetry detection performance
between these two images. However, if the pooling stage of symmetry encoder is
color-selective, there are four symmetry encoders involved in this task: red left-
diagonal, red right-diagonal, green left-diagonal, and green right-diagonal ones. The
presence of Image A would produce an excitation in the red left-diagonal and red
right-diagonal symmetry encoders. In Image A, half of red dots are symmetric about
the left diagonal axis while the other half, the right diagonal axis. Thus, for the red
left-diagonal symmetry encoder, the red ‘dots that are symmetric about the left
diagonal axis are considered as.signal.while-those dets that are symmetric about the
right diagonal have no structure to the left diagonal“axis and thus are considered as
noise. Hence, for the red Ieﬂ-diagonal-f§¥mmetry encoder, half of the dots in the
Image A are signal while another half ddts aré noise. The same consideration also
applies to the red right-diagonal sy.m‘metry encoder,,On’the other hand, the presence
of Image B would produce an ‘excitation insthe red.left-diagonal and green right-
diagonal symmetry encoders. For the red left-diagonal symmetry encoder, the red dots
that are symmetric about the left diagonal axis are considered as signal. The green
dots that are symmetric about the right diagonal have no structure to the left diagonal
axis. However, since the symmetry encoder is color-selective, these green dots would
not be considered as noise by the red left-diagonal symmetry encoder. Hence, for the
red left-diagonal symmetry encoder, half of the dots in the Image B are signal while
the other half is ignored. The same argument also applies to the green right-diagonal
symmetry encoder. On the other hand, for the green left-diagonal symmetry encoder,

there is no signal dots in the image in which the green dots that are symmetric about
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the right diagonal axis but are structureless for the left diagonal axis. Hence, for this
encoder, half of the dots in the pattern are noise while none is signal. Similar
argument can be applied to the red right-diagonal symmetry encoder. Hence, the
signal to noise ratios for these two images differ in these color-selective symmetry
encoders and in turn the symmetry detection performance. Our results showed such
difference in detection performance. The averaged data from three observers showed
that the target density threshold for the Image A (M = -1.36, SE = 0.12) is much
higher than that for the Image B (M = -2.42, SE = 0.22), t(4) = 4.25, p = .007. This
supports the color-selective hypothesis. There should be a band of color-selective
symmetry encoders in our visual-system. This implies the existence of a band of
color-selective symmetry channels.

The next step is to charagterize_how our_visual, system. integrates these color-
orientation selective symmetry channels-fg%_perceive chromatic symmetry. Recall that
our visual system needs to integrate the.-ré:sponses of orientation-selective symmetry
channels to detect symmetry:when there is only: one ‘color. in the images (Chen &
Tyler, 2010). The more orientation-selective :symmetry channels the visual system
monitors, the worse the symmetry detection performance. If the images contain more
than one color, our visual system needs to integrate a band of color-orientation
selective symmetry channels to perceive chromatic symmetry. Does the integration of
the responses of color-selective symmetry channels differ from that of orientation-
selective ones? If yes, what is the difference? If no, whether the increment of the
number of the colors in an image increases the uncertainty of symmetry detection,
leading to worse performance, just like the uncertainty effect of the orientation axis?
Or color facilitates the symmetry detection by other mechanisms? In Chapter 7 to 9,

we investigate this issue by the noise masking paradigm mentioned above.
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Chapter 7 Integration of the Color-Selective

Symmetry Channels

In Chapter 5 and 6, we studied the color-selective property of the symmetry
encoder. The result suggests that the symmetry channels are color selective. Hence, to
perceive a symmetric object with more than one color in a nature scene, the visual
system needs to integrate the responses of these color-selective symmetry channels.
This chapter concerns how the human visual system integrates the response of color-
selective symmetry channels selective to the same. orientation to form a chromatic
symmetry percept.

Chen and Tyler (2010);proposed a theory on how,the visual system integrates the
information from several orientation~§e§lgctive symmetry . channels. The more
orientation-selective symmetry channels.-;)ije has to 'moniter, the larger uncertainty is
in the system. The incrément ' of uncertainty /dégrades symmetry detection
performance. In the context of.this study, If an-image.contains more colors, it would
produce a response in more channels in the visual system. Since an observer can
detect a target when the response in any of the channels reaches a critical value or
threshold, it would be easier for an observer to detect a 2-color and a 4-color pattern
than a 1-color pattern if the component of each color in the 2-color and 4-color pattern
has the same number of dots as the 1-color pattern. However, for the images of the
same density, the number of dots in each component of the 2-color pattern was only
half of that in the 1-color pattern while the number of dots in each component of the
4-color pattern was only 1/4 of that in the 1-color pattern. According to the

probability summation theory (Quick, 1974), the threshold for the 2-color pattern
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should be 1.68 (i.e., 1/(0.5* + 0.5%)%%) times that of the 1-color pattern and the
threshold for the 4-color pattern, 2.83 (i.e., 1/(0.25% + 0.25% + 0.25* + 0.25)%?). Hence,
the more colors an image contains, the more difficult it is for a human observer to
detect the symmetric pattern in the image.

Previous studies showed little consent on this issue. Using chromatic stimuli,
Morales and Pashler (1999) and Huang and Pashler (2002) showed that the increment
of the number of the colors degraded the symmetry detection performance. They
showed their observers images that either were completely symmetric in color about
the vertical midline, or contained one pair of squares that were mismatched in color.
There were either two or four possible colors in each display. The observers’ task was
to indicate whether the pattern was symmetrie.in color: They showed that the response
time for detecting 4-color display (1961 ms) was longer than that for detecting 2-color
display (1187 ms). However, others shom_;gg no| difference in both response time and
correct rate between 1- and: 2-color aé-hffomatic symmetric patterns composed of
sparse small dots (Brooks.&. van der Zwan, |2002; Wenderoth, 1996; Zhang &
Gerbino, 1992). The increment-of the number of the colors did not impair the
performance of symmetry detection. The results from the achromatic stimuli were
inconsistent with that from the chromatic stimuli. However, as discussed in Chapter 5,
the stimuli used by Pashler and his colleges were not isoluminant and were not
designed to isolate individual color channels. All three post-receptoral channels might
involve in the analysis of their stimuli. In addition, they deliberately chose the colors
such that every pair of colors in the 4-color displays was more easily discriminated
than the pair in the 2-color displays. For example, the colors in their 2-color displays
were crimson and scarlet while whose in the 4-color displays were green, yellow, blue,

and red. However, this manipulation might lead to larger luminance difference
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between the pairs in the 2-color displays than in the 4-color displays and larger
chromatic difference between the pairs in the 4-color displays than in the 2-color
displays. Hence, the better detecting performance in the 2-color displays may be due
to the larger luminance contribution or the less chromaticity contribution in the 2-
color displays than in the 4-color displays. In other words, their results cannot
distinguish whether the better performance of detecting symmetry in the 2-color
displays than in the 4-color displays was due to the less chromatic symmetry channels
involved or large contribution of luminance symmetry channels than chromatic
symmetry channels. It is difficult to compare the symmetry detection performance
between chromaticity and luminance dimensions from the previous research.

In this chapter, we selected.the colors-in-the cardinal directions of the color space
to isolate different symmetry channels and manipulated-the number of the colors in
vertical symmetric images, from one‘-jt_g%.four, to investigate how visual system
integrates the information from:these c.-;)10r-selective symmetry channels to detect
chromatic symmetry. We uséd the hoise masking /paradigm to measure the target
density thresholds at various. noise=densities- and .to' characterize the response
properties of the symmetry channels. We also used both isoluminance and luminance
stimuli to investigate whether the chromatic and luminance symmetry mechanisms
differ. If the chromatic and luminance symmetry mechanisms differ, we should

observe different performance for these two types of stimuli.

7.1. Method

Participant. Three participants attended this experiment: CCW, CPY, and HYC.

HYC was naive to the purpose of this experiment.
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Stimuli and Procedure. There were nine conditions in this experiment including
five isoluminance and four luminance conditions. The five isoluminance conditions
were R, B, RG, RB, and RGBY and the four luminance conditions were W, WK, WR,
and WKRG, where R, G, B, Y, W, and K refer to red, green, blue, yellow, white and
black respectively (see Table 4.1 in Chapter 4 for the definition of the color). The R,
B, and W were 1-color condition. The stimuli contained only one color. In another six
conditions, the stimuli contained two (2-color condition, i.e., RG, RB, WK, and WR)
or four colors (4-color condition, i.e., RGBY and WKRG) with equal density. The
target in each condition was a vertical symmetric-dot pattern containing 1, 2, or 4
colors. The mask was a random-det noise ‘pattern containing the same color as the
target. The stimuli consisted of.a target.er-a-random-édot noise control, whose color is
the same as the target, superimposed on a mask (Figure, 7.1). The purpose of the
random-dot control was to balance the -I;gg_al statistics in the image. The density of
noise masks was from 0 to 1%. The regi'c.)r'] within 1:4° visual angle from the vertical
axis contained no dot to preventithe observers fram/using only the local information
near axis to make a judgment. “The:2AFC procedure was the same as that in the
previous chapters. The order of five isoluminance and four luminance conditions was

randomized.

Figure 7.1. The example of the stimuli. Panel a, b, and ¢ represent the target of 1, 2, and

4 colors superimposed on the noise mask of the same colors as the target respectively.
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7.2. Results

Figure 7.2 shows the TvD functions for the five isoluminance conditions
respectively. Each panel represents the TvD functions from one observer. The red,
blue, green, purple, and pink symbols represent the data points of the R, B, RG, RB,
and RGBY conditions respectively. The smooth curves are fits of the model discussed
below. For all conditions, the target density threshold increased with noise density. At
median to high noise densities, the slope of the increment function reached an average
of about 1.15 in log-log coordinates for all conditions and observers. There was no
difference in the slope among the 1-, 2-, and 4-color conditions, averaged across three
observers (There was no difference.in the slope between two 1-color conditions.
Hence, we pooled them together for analysis."Se. were the two 2-color conditions).
However, at low noise densities, the“slope /0f'the TvD_functions varied with the
number of the colors (Also, we pooled'f_thf'ie:two 1-color cenditions together and the
two 2-color conditions together to analy;e for| the 'same-;reason). Averaged across
observers, the slopes of the. TvD functions/for the 2- and 4<color conditions (0.83 and
0.75 respectively) were smaller than-that for the 1-color conditions (1.06, all t(2) >
3.15, p < .05, see Figure 7.3).

Figure 7.4 shows the facilitation effect of the number of the colors in the
isoluminance conditions. The green, purple, and orange symbols in Figure 7.4 denote
the threshold difference between the three multi-color conditions (RG, RB, and
RGBY) and the average of the two 1-color conditions (The thresholds showed no
difference between these two conditions for each observer. Hence, we pooled these
two conditions together for analysis.) averaged across three observers respectively. As
the figure shown, the threshold reduction in the multi-color conditions increased with

the increment of the noise densities at low noise densities. At median to high noise
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densities, the threshold reduction was relatively constant. The magnitude of the
threshold reduction across three multi-color conditions was from 0.06 to 0.31 log unit

(or 1.15 to 2 fold change) at median to high noise densities.
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Figure 7.2. Target threshold vs. mask density (TvD) functions for the isoluminance
conditions. Each panel represents the data from one observer. The red, blue, green,
purple, and pink symbols represent the data points of the R, B, RG, RB, and RGBY

conditions respectively. The smooth curves are fits of the model (see text for details).
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Figure 7.3. The average slopes of the target threshold vs. mask density (TvD) functions
for the 1- (red bar), 2- (blue bar) and 4-color isoluminance conditions (green bar) at low
noise densities respectively. The error bar represents the stand error. There is significant
difference in the slope of the TvD function between the 1- and 2-color conditions and

between the 1- and 4-color conditions.
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Figure 7.4. The average threshold change produced by the two 2-color (RG and RB,
green and blue symbols) and the one 4-color (RGBY, orange symbols) isoluminance

conditions at different noise densities. The error bar was the standard error.
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Figure 7.5 shows the TvD functions for the four luminance conditions. Each
panel represents the TvD functions from one observer. The red, green, purple and
pink symbols in Figure 7.5 denote the data points of W, WK, WR, and WKRG
conditions respectively. The smooth curves are fits of the model discussed below.
Again, the target density threshold increased with noise density for all conditions. The
slope of the TvD functions for the 1-, 2-, and 4-color luminance conditions showed
similar pattern as the isoluminance conditions. There was no difference in the slope of
the increment function at median to high noise densities among these conditions. At
low to median noise densities, the slope of the TvD functions varied with the number
of the colors. As shown in Figure 7.6, the slopes:of the TvD functions for the 2- and
4-color luminance conditions (0:78 and-0:59.respectively) were smaller than that for
the 1-color luminance condition (0.98, all t(2)>5.62;"p, < .016), averaged across
observers. In addition, averaged across‘d_pégrvers, the slope of the TvD function for
the 4-color luminance condition was .-s‘:rnéller (0:59) .than that for the 4-color
isoluminance condition, (0.75); t(2);:‘5.33, p <.017.

Also, the increment of the’number of;the luminance colors in the images
facilitated symmetry detection, especially‘at median to high noise densities. The gray,
pink and brown symbols in Figure 7.7 denote the threshold difference between the
three multi-color conditions (WK, WR, and WKRG) and the average of the two 1-
color conditions averaged across three observers respectively. As the figure shown,
the magnitude of the threshold reduction at median to high noise densities was from
0.12 to 0.40 log unit, equivalent to 1.3 to 2.5 fold change. The magnitude of the
threshold reduction in the 4-color luminance condition was larger than that in the two
2-color conditions (all t(11) > 3.02, p < .06). This 4-color facilitation effect was even

larger than that in the isoluminance condition (t(11) = 1.88, p = .04).
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Figure 7.5. Target threshold vs. mask density (TvD) functions for the luminance
conditions. Each panel represents the data from one observer. The red, green, purple,
and pink symbols represent the data points of the W, WK, WR, and WKRG conditions

respectively. The smooth curves are fits of the model (see text for details).
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Figure 7.7. The average threshold change produced by the two 2-color (WK and WR,
gray and pink symbols) and the one 4-color (WKRG, brown symbols) condition at
different noise densities. The error bar was the standard error.
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7.3. Discussion

Our results showed that the increment of the number of the colors in the images
facilitated the symmetry detection in the images. This result was against the
prediction of the probability summation theory (Quick, 1974), which suggests that
threshold increases with the increment in the number of the channels monitored.
Hence, our result cannot be explained by the probability summation theory theory
alone. Here we applied the chromatic symmetry detection model introduced in
Chapter 3 to account for this facilitation effect.

Model implementation. In practice, we set the density of the symmetric
component in a random-dot neise pattern as:the square of the whole density of the
pattern. Hence, the Eq. (2) of the model (see Chapter 3) in the interval that contains

target plus mask can be presented as

1 1 =
Ej,b+tzset'ﬁ'(Dt+Dbz) L i 9)

while in the interval that contains noise control plus mask is

E'\..=Se -

j,b+c

%-(Dt +D, . (10)

where D; and Dy, are the target and noise density, respectively, Se; is the sensitivity of
the symmetry channel to the symmetric pattern, and n is the number of the colors in
the image. Hence, the value of n in the 1-, 2-, and 4-color conditions is set to be 1, 2,

and 4 respectively.
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In addition, we used a typical value of 2 for the power for the divisive inhibition
input g in Eq. (4) (Foley, 1994; Foley & Chen, 1999; Hegger, 1992). Hence, the
response of the individual channel in Eqg. (3) in the two intervals thus can be

expressed by

R Elj,b+tp
Jib+t 2 n— 2 2 n—1 2
(Sim- Dtj +(Slmc -Dtj +(Sib.m- Dbj +(Slbnc e Dbj +2
n
(11)
and
R. — E'j,b+cp (12)
jib+c 1 2 N1 2
Si, -—-D, |7#l Sl -—— D, | +2
( b.tc n bj ( b.nc n bj

¥

respectively, where Sit e, Sitnc, Sib_tc; Sip.tes z and p are the‘parameters in the model.

In this experiment, the task of: the observer‘ IS to. detect vertical symmetry in the
chromatic image in each trial. The relevant'charmel.is the one whose color-orientation
selectivity matches any vertical chromatic symmetric pattern in the image. Since the
observers have full knowledge of the axis orientation of the symmetric pattern in the
image so that there is no uncertainty about axis orientation, all color-selective vertical
symmetry channels involved are relevant to this visual task. Hence, the number of the
monitored channels is equal to that of relevant channel, that is, m = n in Eq. (6), where
n is the number of the colors in the image. Hence, the mean of the response R’ of the

Eq. (6) and (7) can be expressed as
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Ry = (er\:l Ribﬂ )U4 (13)

and

Rye= (20 REye ) (14)

respectively.
In practice, we replaced the v*Dy? in Eq. (5) with (v*Dy)?. Hence, Eq(5) can be

expressed as

o, =((v-D, )} +o2 7. ‘ (15)

| | —

.
———

Recall that the noise pattern ‘contained thi:‘_ same, number.of ‘dots as the target-plus-
mask pattern. Also, the ‘standard de\}iation of the max distribution of two and four
independently and identically distributed samples is 0.82 and 0.71 times the standard
deviation of the original distribution respectively (Chen & Tyler, 1999). The decision

variable in Eq. (8) thus becomes

d'= (R'b+t_Rlb+c) (16)
YOy

where 7 =1, 0.82, and 0.71 for the 1-, 2- and 4-color conditions respectively.

Eqg. (9) to (16) define the whole computation and all the parameters in the model.

In practice, we fixed Se; to be 1000 and the effect of the internal noise, c.%, to be 1 in
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all conditions to reduce the mathematical redundancy in the model. Se; was set the
same in all conditions since we set the contrast of each color at its three-fold
symmetry detection threshold. o,” was fixed to be 1 in all conditions for no difference
in the TvD functions among three 1-color conditions. We empirically found that
fixing all other parameters except Siy i and z” provided a good fit to the data.

Model Fits. The model fits are shown as smooth curves in Figure 7.2 and Figure
7.5. The model explains 98% - 99% of the all variability in the thresholds across
observers (51 free parameters). The root mean square error (RMSE) is between 0.07
to 0.09 log unit across observers, on par with the average standard error of
measurement. Table 7.1 shows the fitted model parameters.

As Table 7.1 shown, thexinhibitien from_the symmetric patterns is relatively
small compared with that-from"the noise. The.greatesticontribution for the divisive
inhibition of a color-selective symmetryf_'c'{l;@nnel is from the noise of its target color
(Sip,). Each symbol in Figure 7.8 represé‘r’jts the value of-Siy i In each condition. The
light-red and dark-gray dottedlines répresent the average of Siyy in the 1-, 2-, and 4-
color isoluminance and luminance'conditions respectively. As illustrated in Figure 7.8,
this inhibition term decreases with the increment of the number of the colors in the
images. As the external noise level increases, the denominator of the response
function (Eq. (11) and (12)) is gradually dominated by the inhibition from the external
noise. Hence, the reduction of this noise-dependent inhibition term produces the
pronounced threshold reduction at median to high noise levels than at low noise levels
when the images contain more than one color, as observed in Figure 7.4 and Figure
7.7. In addition, this inhibition term from the noise of the isoluminance color is much
greater than that of luminance color in the 4-color conditions. This accounts for the

better performance in detecting symmetric pattern at median to high noise densities in
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the 4-color images in the luminance conditions than in the isoluminance conditions.

Table 7.1.

Fitted model parameters.

CCwW CPY HYC
Se* 1000 1000 1000
Sig1c 6.81 99.62 5.93
Sig.nc 20 308 0.2
Sib.tc
Isoluminance conditions
l-color R 1422 4475 1246
B 1461 5165 1420
2-color RG 1170 1653 1154
RB 1488 1978 1165
4-color RGBY 858 692 1134
Luminance conditions
l-color W 1586 3796 1004
2-color WK 1124 1626 952
WR 1202" 2053 1095
4-color KWRG 0.01 0.01 785
Sib.nc | 488" 206 7.6
z 1-color 1w 3.11 1.96
2-color 0.63 0.66 0.80
4-color 0.25 0.02 0.35
v 0.001 217 17
p 1.8 2.62 1.85
Other fixed parameters used in the model fits
o, * 1 1 1
q* 2 2 2
n* 1-color 1 1 1
2-color 2 2 2
4-color 4 4 4
v* 1-color 1 1 1
2-color 0.83 0.83 0.83
4-color 0.71 0.71 0.71

*fixed value, not a free parameter
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Figure 7.8. The amount of the parameter Sipy in five isoluminance and four luminance
conditions. The red, blue, green, purple, and orange symbols represent the value of
Sipg in the R, B, RG, RB, and RGBY condition respectively. The gray, black, pink,
and brown symbols represent the value of Sipy in the W, WK, WR, and WKRG
condition respectively. The light-red and dark-gray dotted lines represent the average

of Siyy in the 1-, 2-, and 4-color isoluminance and luminance conditions respectively.
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Our results also showed that the additive constant z' decreases with the number
of the colors in the images (Figure 7.9), regardless of the isoluminance or the
luminance condition. The reduction is about 20 - 40% and 1 - 18% in the 2- and 4-
color conditions respectively. At low noise levels, the inhibition term from the
external noise is negligible when compared with the additive constant z’. The
denominator of the response function (Eq. (11) and (12)) is mainly dominated by the
constant z'. Hence, the decrease of constant z' reduced the threshold at low noise
levels in the 2- and 4-color conditions. This additive constant is suggested to change
with adaption (Foley & Chen, 1997). It is possible that the more signals for each
symmetry channel in the 1-color conditions than that in the multi-color conditions

lead to more adaptation levels of the symmetry channel.
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Figure 7.9. The amount of the parameter z' in the 1-, 2-, and 4-color conditions for each
observer. The red, blue, and green symbols represent the value of the parameter z* for
observer CCW, CPY, and HYC respectively. The amount of the parameter z' for each

observer decreases with the increment of the number of the colors in the images.
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In sum, our results show that for an observer who has prior knowledge of the
orientation of the symmetry axis in a chromatic image, the inhibition from the
symmetric patterns is relatively small compared with that from the noise. However,
when the images contain more colors, the less interference the noise produces to the
symmetry channel. This may be due to that the effect of noise is to interfere with
symmetry perception by introducing a percept other than symmetry. As the number of
color in an image increases, the number of the dots in each color decreases. In this
case, the number of the matching candidates for each noise dot decreases and in turn
the interference with the symmetry channels decreases. Figure 7.10 illustrates the

possible pairs a red noise dot x’_faqrjbﬁﬂ-’rﬁ%y_ﬁnd 4-color images. As the figure

¥
.:-1-

shown, the pairs a noise ngc"'Fo;?j are‘ “in theql!‘émlor (panel b) than in the 1-

r
lﬁ:mproves the detection

ish .--ﬂ;.gf._ﬂ_a:rﬁ.'-

o

Figure 7.10. The number of the possible candidates each noise dot can pair with
decreases when the number of the colors increases. The yellow dashed ovals in Panel a
and b represent the possible pairs a red noise dot x* can form in the 1- and 4-color
images respectively. The red noise dot x’ can pair with all the dots in the image in the

panel a while can only pair with two dots in the panel b.
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Chapter 8 Color Facilitation in Symmetry Detection

under Uncertainty of Axis Orientation

In Chapter 7, we demonstrated that the increment of the number of the colors in
the images facilitated symmetry detection by decreasing inhibition from the noise.
Notice that, this result was obtained when the observers had a prior knowledge of the
axis orientation. In the daily life, however, symmetric objects may appear at any
location in the visual field with any axis orientation. In this case, human visual system
has to compare the responses_of different ‘color-orientation selective symmetry
channels to detect symmetry. T our best-knewledge;:no research concerns this issue
up to now. Whether and how coler in this case helps us todetect symmetry is unclear.

In this chapter, we manipulated the-gt{'iifntation of the symmetry axis to be either
left-diagonal or right-diagonal ‘and the.:‘humber of the.colors in the images, to
investigate the effect of the number of the colors’onsymmetry detection and its
mechanism when there is uncertainty-of axis:orientation. Also, we compared this
effect in both isoluminance and luminance images, to examine the difference between

chromatic and luminance symmetry detection mechanism.

8.1. Method

Participant. Three observers attended this experiment: CCW, CPY, and RYT.
RYT was naive to the purpose of the experiment.

Stimuli. There were five conditions including three isoluminance and two
luminance conditions. The three isoluminance conditions were R, RG, and RGBY

while the two luminance conditions were W and WK, where R, G, B, Y, W, and K
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refer to red, green, blue, yellow, white and black respectively (see Table 4.1 in
Chapter 4 for the definition of the color). The R and W were 1-color condition. The
stimuli contained only one color. In another three conditions, the stimuli contained
two (2-color condition, i.e., RG and WK) or four colors (4-color condition, i.e.,
RGBY) with equal density. The stimuli consisted of a symmetric-dot target or a
random-dot noise control superimposed on a random-dot noise mask in each trial. The
axis orientation of symmetric target was either 45° or 135° from horizontal. The target,
noise control and noise mask contained 1, 2, or 4 colors with equal density depended
on the condition. All the target, the noise control and the noise mask were of the same
color. The density of noise mask was from 0 to 10%. The center region of 1.4° * 1.4°
visual angle and the grids on and near the-twe.diagonal axes (0.7°) did not contain any
dot to prevent observers fromusing only the_information near the axis to make a

judgment. L— :

Procedure. The 2AFC procedure Wa$ the S$ame as that in the previous chapters.
The observers’ task was: to judge which stimulus/intetval contained a symmetric
pattern. The observers were informed:that the axis orientation of target was either 45°
or 135° from horizontal. The order of'the three isoluminance conditions and the two

luminance conditions was randomized.

8.2. Results

Figure 8.1 shows the TvD functions for three isoluminance conditions. Each
panel represents the TvD functions from one observer. The red, green and blue
symbols in the figure denote the TvD functions for the 1- (R), 2- (RG), and 4-color
(RGBY) isoluminance conditions respectively. The smooth curves are fits of the

model discussed below.
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Figure 8.1. Target threshold vs. mask density (TvD) functions for three isoluminance
conditions. Each panel represents the data from one observer. The red, green and blue
symbols represent the data points of the 1- (R), 2- (RG), and 4-color (RGBY)

conditions respectively. The smooth curves are fits of the model (see text for details).
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For the three conditions, the target density threshold increased with the noise
density. The slope of the TvD functions ranged from 0.78 to 1.09 in log-log
coordinates across all conditions and observers. Averaged across observers, the slopes
of the TvD functions for the 1-, 2-, and 4-color isoluminance conditions were 0.88,
0.91, and 1.03 respectively. The slope of the TvD function for the 4-color condition
was greater than that for the 1- and 2-color conditions (all t(2) > 4.43, p < .02, no
difference in the slope between the 1- and the 2-color conditions). This indicates that
the magnitude of the threshold reduction in the 4-color condition was larger at low to
median noise densities than at high noise densities.

Figure 8.2 shows the facilitation effect of the number of the colors in the three
isoluminance conditions. The :green_and-purple symbols. in the figure denote the
threshold difference between the 2-color (RG) andthe 1-color (R) conditions and
between the 4-color (RGBY) and the lépgg.lror (R) conditions respectively, averaged
across three observers. The magnitude (;ﬂtﬁe threshold reduction was from 0.06 to
0.28 log unit (1.14 to 1.9 fold:change) in tr;e 2-calor condition and was from 0.12 to
0.41 log unit (1.3 to 2.6 fold change):in the 4-coelor condition, greater from zero (all
t(6) > 4.28, p < .0026). The magnitude of the threshold reduction was larger in the 4-

color condition than in the 2-color condition (t(6) = 3.2, p =.009).
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Figure 8.3 shows the JvD flﬁr!'ctions for the twe-fuminance conditions. Each
panel represents the TvD functions from one obsef‘\}ér. The gray and brown symbols
in Figure 8.3 represent the TvD functions for the 1- and 2-color luminance conditions
respectively. The smooth curves are fits of the model discussed below. The effect of
the increment of the number of the colors in the luminance conditions was similar to
that in the isoluminance conditions. The slope of the TvD functions for the 1- and 2-
color luminance conditions were 1.01 and 1.03 respectively. No difference between
the slopes of these two conditions (t(2) = 0.4, p = .72). Averaged across observers, the
magnitude of the threshold difference between the 2-color (WK) condition and the 1-

color (W) condition was from 0.09 to 0.3 log unit (1.2 to 2 fold change, see Figure

8.4), similar to that of the isoluminance conditions.

79



05} CCW A
-1 -
7
15F A/,A"
2} A~
K
251 A~ 1-color (W)
< 4k 2-color (WK)
35 %I 1 1 1 1 1
‘ 3 2.5 2 -1.5 -1
0 -
05F CPY A
— '
g y/*
= 15F -
S A&
(@] oL -~
£ 07 _—-K
-
v o5t ,,Ar’ 1-color (W)
< 2l <k 2-color (WK)
>
4=
‘© _3_5@1 1 I I I |
S “ 3 2.5 2 15 1
©
[T
00
—
©
- 05F RYT /‘
af A
’/
15} *,’K
2 A//
//
25} ‘(/’/ 1-color (W)
3L - =k 2-color (WK)
_3_5@[ 1 1 1 1 I
‘ 3 2.5 2 -1.5 -1

Noise density (log)
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Our results also showed that the-target density thresholds and the TvD function
slope for the isoluminance and the Iurhfn‘*igqe conditions were different. Figure 8.5
represents the TvD functions for| the i‘-tc_olor condition-in the isoluminance and
luminance conditions respectively, \(.‘\/hile Figur‘e‘8.6, the 2-color conditions. These
TvD functions are the same with*those:in Figure 81 and Figure 8.3. As Figure 8.5
shown, the slope of the TvD function for the 1-color isoluminance condition (M =
0.88, SE = 0.06) was slightly lower than that for the 1-color luminance conditions (M
=1.01, SE =0.03), t(2) = -1.95, p = .09. This difference is more pronounced in the 2-
color conditions. As Figure 8.6 shown, the slope of the TvD function for the 2-color
isoluminance condition (M = 0.91, SE = 0.04) was lower than that for the 2-color
luminance conditions (M = 1.03, SE = 0.02), t(2) = - 4.84, p = .02. These two figures

also showed lower target density threshold in the luminance conditions than in the

isoluminance conditions.
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Figure 8.5. Target threshold vs. mask density (TvD) functions for the 1-color
isoluminance (R) and luminance (W) conditions. Each panel represents the data from
one observer. The red and gray symbols represent the data points of the R and W

condition respectively. The smooth curves are fits of the model.
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Figure 8.6. Target threshold vs. mask density (TvD) functions for the 2-color
isoluminance (RG) and luminance (WK) conditions. Each panel represents the data
from one observer. The green and brown symbols represent the data points of the RG

and WK conditions respectively. The smooth curves are fits of the model.
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Averaged across three observers, the target density thresholds in the luminance
conditions were lower than those in the isoluminance conditions when the images
contained the same number of the colors (t(8) = -3.22, p = .006 for the 1-color
condition and t(8) = - 4.9, p < .001 for the 2-color condition). The red and blue
symbols in Figure 8.7 represent the average threshold difference in symmetry
detection between the 1-color isoluminance and luminance conditions and between
the 2-color isoluminance and luminance conditions respectively. In both 1- and 2-
color images, the threshold difference between the isoluminance and the luminance
conditions was pronounced at low to median noise densities than at high noise

densities.
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Figure 8.7. The average threshold difference in the target density threshold between
isoluminance and luminance conditions. The red and blue symbols represent the
threshold difference between the 1-color (R vs. W) isoluminance and luminance
conditions and between the 2-color (RG vs. WK) isoluminance and luminance conditions

respectively.
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8.3. Discussion

Our results showed that the increment of the number of the colors in the images
facilitated the symmetry detection. In Chapter 7, we reported that the increment of the
number of the colors in the images facilitated symmetry detection at median to high
noise densities when the observers had prior knowledge of the symmetry axis
orientation. Here, we found that the facilitation effect from the increment of the
number of the colors was more pronounced at low to median than high noise densities
when there was an uncertainty of axis orientation. This suggests different mechanisms
of the facilitation were involved in these two situations. Our results also showed better
symmetry detection performance in thesachromatic images than in chromatic images.
This suggests the larger internal response or the.smaller variability of the response
distribution in the luminance Symmetry chapnels than isoluminance ones. Here we

apply the model proposed«in Chapter 3 fd_fﬁecount for the above results.

Model implementation.”Recall that‘::rthe target'in each ftrial of the visual task
presented in Chapter 7 was a vettical symmetric*pattern and the observers had full
knowledge about it axis orientation. Thereswasno uncertainty of the axis orientation.
Hence, all color-selective vertical symmetry channels matching the color of the target
were relevant channels for the decision stage. However, in this experiment, the
orientation of the symmetric target might be left-diagonal or right-diagonal. The
decision stage needs to monitor both the color-selective left-diagonal and right-
diagonal symmetry channels to detect symmetry. For these channels, only half of
them whose orientation selectivity matches the chromatic symmetric target in the
images are relevant channels while another half are irrelevant channels. Hence, the

number of the channels the visual system has to monitor in this experiment is double

that in Chapter 7.
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As in Chapter 7, we set the density of the symmetry component in a random-dot
noise pattern as the square of the whole density. Since the symmetric target is merely
a random-dot pattern for the symmetry channels selective to non-target axis
orientation, the density of the symmetric component is the square of the density of
that symmetric target for those channels. Hence, in the interval containing target plus

mask, Eq. (2) can be presented as

(D, +D?) (17)

, 1
E jor(bet) = Set H

for the relevant color-selective'channels while-as

-(D,+ D, )} (18)

. 1
E jir,(b+t) = Se, H

—
P
for the irrelevant channels, Where' the subscript r“andr indicate the relevant and
irrelevant channel respectively, Dg<and«Dy are the target and noise densities
respectively, Se; is the sensitivity of the symmetry channel to the symmetric pattern,

and n is the number of the colors in the image. In the interval containing noise control

plus mask, Eq. (2) can be presented as

E' ooy = S& - —+(D, + D, |’ (19)

1
n
Again, we used a typical value of 2 for the power for the divisive inhibition input g in
Eq. (4) (Foley, 1994; Foley & Chen, 1999; Hegger, 1992). The response of the

individual relevant channel in the interval containing target plus mask in Eq. (3) thus
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can be expressed by

' p
R E j.r,(b+t)

jor(ort) = 2 2 2 2
. 1 . n-1 . 1 . n-1 ,
(Slt'm.n.Dtj +(Sltm-n -Dtj +(S|b.m-n-Db) +[Slbm-n 'Dbj +Z

while that of the irrelevant channel can be expressed by

' p
E juir,(b+t)

jir (b+t) = 2 2 2 2
(Sit.tc 1 Dt) +(Sit.nc L_l Dtj +(Sib.tc 1 Dbj +£Sib.nc : n _1' Dbj +7
n n n

R

(21)

the response of the individual channgl®in=the.intervals containing noise control plus

- L -

mask in Eq. (3) can be expressediby =

Eljv(b%) ) (22)

where Sitic, Sitne, Sibie, Sibi, Z2° and p are the parameters in the model. As mentioned
above, only half of the channels in this task are relevant while another half are
irrelevant in the interval that contains target and mask. Hence, m = 2n in Eqg. (6). In
other words, the visual system needs to monitor 2n channels, of which only n
channels are relevant in the n-color condition. The mean of the response R’ in Eq. (6)

and (7) can be expressed by
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' n o4 2n 4 /4
Ry = (ZH Rjrow + Zj:ml Rj.ir,(mo)l (23)

and

Rowe = (zj_l R?,(mc))l (24)

respectively. Also, we replaced the v*Dy’ in Eq. (5) with (v*Dy)? in practice. Hence,

Eq(5) can be expressed as
o, = ((V D, )2 +03 )UZ . (25)

The decision variable can be calculated‘Ei;‘,Eq. (8), where 7.=10.83, 0.71, and 0.62 for

d

the 1-, 2- and 4-color conditions reépecti\/.ély, since the standard deviation of the max
distribution of two, four and eight ihdependently‘and identically distributed samples is
0.83, 0.71 and 0.62 times the standard-deviation of the original distribution (Chen &
Tyler, 1999). Hence, Eq. (17) — (25) define the whole computation and all the
parameters in the model.

Again, we fixed Se; to be 1000 and the effect of the internal noise, o2°, to be 1 in
all conditions to reduce the mathematical redundancy in the model in practice. We
empirically found that fixing all other parameters except Sii« and v provided a good
fit to the data.

Model fits. The model fits are shown as smooth curves in Figure 8.1 and Figure
8.3. The model explains 98-99% of the all variability in the thresholds across

observers (36 free parameters). The root mean square error (RMSE) is between 0.07
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to 0.09 log unit across observers, on par with the average standard error of

measurement. Table 8.1 shows the fitted model parameters.

Table 8.1.

Fitted model parameters.

ccwW CPY RYT
Se* 1000 1000 1000
Sigc
Isoluminance conditions
l-color R 1162 1204 967
2-color RG 1177 1177 884
4-color RGBY 0.86 1.61 1.16
Luminance conditions
1-color W 960 992 756
2-color WK 578 22 8.4
Sit.nc 3:42 7.38 0.2
Sip.tc 209; 3637 2644
Sibnc 1185/ 1019 1100
z 0.72 0.3 0.38
y :
Isoluminance conditions 11.71 5.07 3.41
Luminance conditions 32.67 20.43 4.34
p 21 2.14 2.00
Other fixed parameters used in the model fits
0. * 1 1 1
q* 2 2 2
n* 1-color 1 1 1
2-color 2 2 2
4-color 4 4 4
v* 1-color 0.83 0.83 0.83
2-color 0.71 0.71 0.71
4-color 0.62 0.62 0.62

*fixed value, not a free parameter
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As Table 8.1 shown, the increment of the number of the colors in the images
reduces the inhibition from the symmetry components of the target color (Siit) in
both isoluminance and luminance conditions. For the convenience of comparison, we
plotted the amount of Si in Figure 8.8. The red and gray symbols in Figure 8.8
show the amount of Si¢ in the three isoluminance and the two luminance conditions
respectively. This inhibition term in the 1-color isolminance condition is about 1.21 to
1.28 times larger than that in the 1-color luminance condition. The magnitude of Siyy
in the 2- and 4-color isoluminance condition was about 91% and less than 1% of that
in the 1-color isoluminance condition. The amount of this inhibition term decreases
when the images contain more than two‘isluminance colors. At low noise levels, the
inhibition term from the noise:patterns-is-negligible-when compared with that from
the symmetric patterns and;the‘additive constant z*.\Hence, the denominator of the
response function (Eq. (20)) is mainly-fg‘gminated by the inhibition term from the
symmetric patterns and the constant z'. .-i-l:ence, thetreduction of the inhibition term
from symmetric patterns when-the limages contain moré:than one color produces the
pronounced threshold reduction “at low: than high noise levels in the 2- and 4-color
conditions, as Figure 8.2 shown.

The magnitude of Si reduction in the luminance conditions is greater than that
in the isoluminance conditions. The reduction in the 2-color luminance condition
reaches as much as 79%, much greater than that in the 2-color isoluminance condition
(3%). The greater reduction of this inhibition term in the luminance condition than the
isolminance condition produces the greater threshold reduction at low than high noise

levels in the luminance conditions, as shown in Figure 8.7.
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Figure 8.8. The amount of the parameter Siy. in the isoluminance and luminance
conditions. The red symbols represent the amount of Siyy in the 1- (R), 2- (RG), and 4-
color (RGBY) isoluminance conditions. The gray symbols represent the amount of

Sity in the 1- (W) and 2-color (WK) luminance conditions.

The model fitting results also showed that the parameter v is larger in the

luminance conditions than in the isoluminance conditions. This indicates larger effect
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of achromatic noise (v* in the luminance conditions) than the chromatic noise (V2 in
the isoluminance conditions). The increment of this noise density dependent
parameter makes the larger variability of the achromatic external noise at high than
low noise densities. Hence, the difficulty in achromatic symmetry detection increases
with the increment of the noise density, compared to chromatic symmetry detection.
The decrease of the inhibition term from the symmetric patterns and the increase of
the parameter v jointly produce the greater threshold reduction at low to median noise
densities in the multi-color conditions in the luminance conditions.

In Chapter 7, we showed that the increment of the number of the colors in an
image reduced the inhibition from the noise patterns. However, when the observer had
no prior knowledge of the symmetry axis-orientation; the increase of the number of
the colors in an image instead‘reduces the inhibition from the symmetric patterns.
This difference may reflect the effect of;pgiiror knowledge on the matching of image
features in symmetry processing: The p;-i‘f_)r knowledge of.axis orientation helps the
observers to exclude a numbeér of matching candidates’for each dot in a symmetric
pattern. When the prior knowledge-of the ;axis orientation is not available, the
observer has to consider many matching candidates across multiple possible axes.
Such increment of the number of the candidates in a symmetric pattern interferes with
the function of the symmetry channels. Hence, the inhibition from the symmetric
pattern is relatively large when the observers have no prior knowledge of axis
orientation compared with that when they have prior knowledge of axis orientation.
The increment of the number of the colors however decreases the number of the dots
in each color. Hence, for each dot, the number of the matching candidates decreases.
For example, the dot x’ in Figure 8.9 can pair with several dots in the 1-color

symmetric image (panel a) while can only pair with only one dot in the 4-color image
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(panel b). The interference from the symmetric pattern thus decreases with the
increment of the number the colors. Such reduction of interference leads to better

detection performance when the number of the colors increases.

a. b.
Figure 8.9. The number of the possible candidates each dot in the symmetric pattern can
pair with decreases when the number of the colors increases. The yellow dashed ovals
in Panel a and b represent the possible pairs a red dot x” can form in the 1- and 4-color

symmetric images respectively. The dot x’ can pair with all the dots in the image in the

panel a while can pair with only one dot in the panel b.
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Chapter 9 The Integration of Color-Selective
Symmetry Detection Channels within the Same and

between the Different Axes

In Chapter 7 and 8, we manipulated the number of the colors in the images to
investigate the integration of information from color selective symmetry channels at
different levels of uncertainty. In these two chapters, all the symmetric image
components shared the same symmetry axis. Hence, under these situations, the visual
system only needs to monitor color-selective channels tuned to the same axis
orientation. However, symmetry: perception” Iny. a nature scene can be more
complicated than this. Sometimes we need to‘detect two symmetric images or objects
in a scene. In this case, these two imageé%‘f’objects do.not necessarily share the same
symmetry axis. For example, the red appléé'and the green leaf in the apple tree usually
have different symmetry axes. Tc:) detect 'multiplexsymmetric patterns, the visual
system in this case instead monitors.channels sensitive to different orientations.

The ecological significance behind these two cases is quite different. The roles of
the color in these two cases may also differ. In the latter case, the color information
helps object segmentation (Shevell & Kingdom, 2008). That is, the visual system uses
color information to distinguish two objects. In the former, however, the visual
system instead needs to incorporate different colors into the same pattern to form a
coherent percept of a symmetric pattern. Due to such difference, there is a possibility
that the mechanisms underlying theses two processes are different. Specifically,

maybe the integration between chromatic symmetry channels selective to the same
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orientation axis and to different axes is different. For example, it is possible that the
detecting symmetry is more difficult when two symmetric patterns share the same
axis than not for the segmentation of two images with different colors helps symmetry
detection. In this chapter, we manipulated the orientation of two chromatic symmetric
patterns that superimposed on each other, to investigate how these symmetry channels
works to achieve these ecological purposes. We also compared the above symmetry

detection performance in both chromatic and achromatic images.

9.1. Method

Participant. Three observers attended this-experiment: CCW, CPY, and RYT.
RYT was naive to the purpose Of the'experiment:
Stimuli. There were“four conditions inthis experiment, two isoluminance and

two luminance conditions= Injeach cond‘i'ti_i:én,,the stimuli in each trial consisted of two
symmetric-dot targets or two random-dot hr?oise control superimposed on a random-dot
noise mask. The target was a 45° or'135° diagonal symmetric-dot pattern containing
only one color. The two isoluminance conditions were'RG-S and RG-D, and the two
luminance conditions were WK-S, and WK-D, where two capital letters before the
hyphens denoted the colors of the two targets respectively (The latter R, G, W, and K
were the abbreviation of red, green, white, and black respectively, see Table 4.1 in
Chapter 4 for the definition of the color) and the letters after the hyphens denoted the
same (S) or the different (D) axis orientations of the two targets. In the same (S)
orientation condition, the axis orientations of the two symmetric targets were both 45°
or both 135° from horizontal. In the different (D) orientation conditions, the axis

orientation of one symmetric target was 45° and that of another one was 135° from

horizontal. The color and the density of the two noise controls were the same as those
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of the two targets. The noise mask was a random-dot noise pattern containing the
same color as the two targets. The density of noise mask was from 0 to 5%. The
center region of 1.4° * 1.4° visual angle and the grids on and near the two diagonal
axes (0.7°) contained no dot to prevent observers from using only the information
near the axis to make a judgment.

Procedure. The 2AFC procedure was the same as that in the previous chapters.
The observers’ task was to judge which stimulus interval contained any symmetric
pattern. The observers were informed that the axis orientation of the two targets was
either the same (both 45° or both 135° from horizontal) or different (45° and 135°
from horizontal). The isoluminance and luminance conditions were run separately, in
which the trials of the same and.different-axis.orientation conditions were randomized

in the same block to prevent.observers from using the'top=down strategy.

—
- W.VV

9.2. Results

Figure 9.1 shows TvD functions for.the two isoluminance conditions (RG-S and
RG-D). Each panel represents the TvD functions from one observer. The red and
green symbols denote the TvD functions for the RG-S and the RG-D conditions

respectively. The smooth curves are fits of the model discussed below.
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Figure 9.1. Target threshold vs. mask density (TvD) functions in the isoluminance
condition. Each panel represents the data from one observer. The red and green symbols
represent the data points of the RG-S and RG-D conditions respectively. The smooth

curves are fits of the model (see text for details).
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For these two isoluminance conditions, the target density threshold increased
with noise density. The slope of the increment function was 0.96 in log-log
coordinates, averaged across conditions and observers (SE = 0.08). The slope of the
TvD functions had no difference between the same- (i.e., RG-S, M = 0.87, SE = 0.04)
and the different-orientation conditions (i.e., RG-D, M = 1.05, SE = 0.16) when
averaged across three observers (Figure 9.2), t(2) = 0.98, p = .43. The target density
threshold was lower in the same-orientation condition than in the different-orientation
condition. The red symbols in Figure 9.3 show the threshold difference between the
RG-S and the RG-D conditions, averaged across three observers. The orientation
effect was from 0.2 to 0.62 logi unit*(or 1.6:to 4.2 fold change) in threshold

measurement.

A

0.8

0.6

Slope

0.2

RG-S RG-D

Condition

Figure 9.2. Slope of the target threshold vs. mask density (TvD) functions in
isoluminance conditions. The red and blue bars represent the slopes of the RG-S and the
RG-D conditions respectively. The error bar was standard error. There was no

significant difference in the slopes of the TvD functions between two conditions.
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Figure 9.3. The threshold difference between the same- and the different-orientation
conditions in the isoluminance conditions, averaged across three observers. The red

symbols represent the threshold difference between the RG-S and the RG-D conditions.

g

The results of the luminance conditfg?é} WK-S and WK-D, were similar to that
of the isoluminance conditions."The dray a;fd brqwn symbols in Figure 9.4 denote the
TvD functions for the WK-S‘and tHe WK-D conditions respectively. The slope of the
TvD functions showed no difference between the same- (i.e., WK-S, M = 0.89, SE =
0.06) and the different- orientation conditions (i.e., WK-D, M = 1.04, SE = 0.13)
when averaged across three observers (Figure 9.5), t(2) = 0.83, p = .49. Also, the
target density threshold was lower in the same-orientation condition than in the
different-orientation condition, as Figure 9.6 shown. The gray symbols in Figure 9.6
represent the threshold difference between the WK-S and the WK-D conditions,
averaged across three observers. The threshold reduction in the WK-S condition was

from 0.24 to 0.52 log unit, equivalent to 1.7 to 3.3 fold change.
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Figure 9.4. Target threshold vs. mask density (TvD) functions in the luminance

conditions. Each panel represents the data from one observer. The gray and brown

symbols represent the data points of the WK-S and the WK-D conditions respectively.

The smooth curves are fits of the model (see text for details).
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Figure 9.5. Slope of the target threshold vs. mask density (TvD) functions in luminance
conditions. The red and blue bars represent the slopes of the WK-S and the WK-D
conditions respectively. The error bar was standard error. There was no significant

difference in the slope of the TvD functions between two conditions.

| —
==
w O
ie,
]
O -02FfF
c
]
S
2
= 04t
©
3
_8 -06 [
%]
]
—_
<
- -0.8 1 1 1 1
-2.5 -2 -1.5 -1

Noise density (log)

Figure 9.6. The threshold difference between the same- and the different-orientation
conditions in the luminance conditions, averaged across three observers. The gray
symbols represent the threshold differences between the WK-S and the WK-D

conditions.
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Our results also showed the difference in the target density thresholds between
the isoluminance and the luminance conditions. Figure 9.7 represents the threshold
difference between the two same-orientation conditions (i.e., RG-S and WK-S, pink
symbols) and between the two different-orientation conditions (i.e., RG-D and WK-D,
green symbols), averaged across three observers. The amount of the threshold
difference was from 0.1 to 0.3 log unit, equivalent to 1.2 to 2 fold change, except for
the difference between the two different-orientation conditions at the highest noise

density.

- - Different orientation ’

0.1 [ -0O- Same orientation

Threshold difference (log)

Noise density (log)

Figure 9.7. The threshold difference between two same-orientation and between two
different-orientation conditions, averaged across three observers. The pink symbols
represent the threshold difference between the RG-S and the WK-S conditions. The
green symbols represent the threshold difference between the RG-D and the WK-D

conditions.

103



9.3. Discussion

Our results showed better symmetry detection performance when two symmetric
targets shared the same axis than those did not. This suggests different mechanisms
mediating these two conditions. Here we applied the model proposed in Chapter 3 to
account for our data.

Model implementation. As discussed in Chapter 8, there are occasions that the
visual system needs to monitor more channels than those relevant to the visual task. In
this task, the two symmetric targets of different colors either shared the same axis (i.e.,
both left- or right-diagonal) or had different axes (i.e., left- and right-diagonal). Hence,
the system needs to monitor four channels te. detect.symmetry, two of which are
relevant and another two are irrelevant. Take thesRG=D condition for example. Since
the observer had no prior“knowledge of the axis orientation of the target, the visual
system needs to monitors all the red ‘I'é’-l‘;t:diagonal, red right-diagonal, green left-
diagonal and green right-diagonal symmé:'try channels ta'detect symmetry. The two
targets were either one red‘left-diagonal and one green right-diagonal symmetric
pattern or one green left-diagonal and one red right-diagonal symmetric pattern.
Hence, only red left-diagonal and green right-diagonal symmetry channels or green
left-diagonal and red right-diagonal symmetry channels among the four monitored
channels are relevant. Hence, m = 2n in Eq. (6), where n = 2 in this task. The only
difference between the same-orientations and the different-orientations is that the two
relevant channels are selective to the same orientation in the same-orientation
conditions while are selective to the different orientation in the different-orientation
conditions.

Again, we set the density of the symmetric component in a random-dot noise

pattern as the square of the whole density of that pattern. Hence, the Eq. (2) in the
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interval that contains two targets plus mask can be presented as
. 1
E'r o = 58 -| 2D +H Dy (26)
for the two relevant color-selective channels while as

E'jir sy = S€ - ‘(2 D, + D, )2 (27)

S|

for the two irrelevant channels; where-the subscript'r and ir indicate the relevant and
irrelevant channel respectively,” Df and D, arethe target and noise densities
respectively, Se; is the sensitivity of‘the symmetry channel to the symmetric pattern,

=

and n is the number of the celors in| theimage, Here we set n to be 2 for the noise
3

mask contains two colors that are the same as the two targets. Eq. (2) in the interval

that contains two noise control‘plus‘mask.ean be presented as

.%.(ZDt-pr)z. (28)

E'j (ore) = S8
Again, we used a typical value of 2 for the power for the divisive inhibition input g in
Eq. (4) in model implementation (Foley, 1994; Foley & Chen, 1999; Hegger, 1992).
The response of the individual relevant channel in the intervals containing target plus

mask in Eq. (3) thus can be expressed by
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1 p
E j.r,(b+t)

" 1Y n-1 _ Y\
(Sit.lc : Dl )2 + (Sit.nc ’ Dt )Z +(Sibjc T Dbj +(Sib.nc ’ : Dbj +7'
n

jor(bet) —

(29)
while that of irrelevant channel can be expressed by
E"ir + P i
Riirom = - ,(; Y 1V ’
(Sit.tc ' Dt )2 +(Sit.nc ' Dt )2 +(Sib.tc H Dbj +[Sib.nc T Dbj +7
(30)

the response of the individual channel in the intérvals containing noise control plus

mask in Eq. (3) can be expressed by

e
e
- L -

R %o | = ] (31)

where Siitc, Sitne, Sibtc, S, 2° and p are the parameters in the model. The mean of
the response R’ in the interval containing two targets plus mask and noise control plus
mask can be expressed by Eq.(23) and (24) in Chapter 8 respectively, where n = 2 in
this task as mentioned above. Also, we replaced the v*Dy? in Eq. (5) with (v*Dy)? in

practice. Hence, Eq(5) can be expressed as Eq. (25) in this task. The v in the decision

variable in Eq. (25) is set to be 0.71 for all conditions for the standard deviation of the
max distribution of four independently and identically distributed samples is 0.71
times the standard deviation of the original distribution (Chen & Tyler, 1999). Hence,
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Eq. (23) — (31) define the whole computation and all the parameters in the model.

Again, we fixed Se; to be 1000 and the effect of the internal noise, ,° to be 1 in
all conditions to reduce the mathematical redundancy in the model in practice. We
empirically found that fixing all other parameters except Sii and Siync provided a
good fit to the data.

Model fits. The model fits are shown as smooth curves in Figure 9.1 and Figure
9.4. Since five data points of CCW in the high noise densities reached the highest
threshold (three data points in the RG-D condition and two data points in the WK-D
condition respectively), we excluded these data points in model fitting. Other than that,
the model explains 98-99% of the all variability in the thresholds across observers (27
free parameters). The root mean:square-error{RMSE).is between 0.06 to 0.1 log unit
across observers, on par with the average standard errar-of measurement. Table 9.1
shows the fitted model parameters. .fw

The model fitting results showed that the linhibition:-from the same-orientation
symmetric components of:,the noh-target calor./ (Signc “in the same-orientation
conditions) was less than 13% ofthat from the:different-orientation ones (Sitnc In the
different-orientation conditions) across three observers. That is, the mutual inhibition
between mechanisms responding to the two symmetric patterns sharing the same axis
is smaller than that between mechanisms responding to two symmetric patterns about
different orientation axes. This suggests that the human visual system integrates the
same-axis information by reducing the inhibition between the same-axis channels. On
the other hand, when the symmetric components have different axes, the greater
inhibition they produced makes the visual system easier to tell them apart. However,
the increase of the mutual inhibition also impairs the symmetry detect performance

among them. Thus, the difference in the inhibition terms subserves the two ecological

107



implications of these two conditions.

Table 9.1.

Fitted model parameters.

CcCcwW

Se* 1000
Sigc

Isoluminance conditions 272

Luminance conditions 55
Sit.nc

Same-orientation conditions 8.4

Different-orientation conditions 680
Sip.tc 701
Sib.nc 342
z 2.96
v 2642
p 2.56
Other fixed parameters used in the model fits
o.* = -
q* 2
n* 1
v* 0.71

CpPY
1000

1920
62

269
2708
8227

135
1.50
1163
3:12

RYT
1000

693
144

158
1228
1208

286
1.00
1942
2.96

*fixed value, not a free parameter

Our results also showed that the inhibition from the target in the luminance
conditions was less than 21% of that in the isoluminance conditions across three
observers. This corresponds to the better detection performance in the luminance
conditions than in the isoluminance conditions. This result is partially consistent with
that in Chapter 8. In Chapter 8, we found that both the inhibition term from the
symmetric patterns (Sit«c) and the effect of the external noise (v?) differ between the
isoluminance and the luminance conditions. However, our results in this experiment

only showed the difference of the inhibition term from the symmetric patterns (Sii.c)
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between the isoluminance and the luminance conditions. There is no difference in the
effect of the external noise between the two conditions. This might be due to the
difference in the procedures between these two experiments. As Table 9.1 shown, the
mixture of the trials of the same- and the different-orientation conditions in this
experiment produced a great deal of increment of the effect of the external noise in
both the isoluminance and the luminance conditions. The effect of the external noise
(v®) in this experiment reaches 3,000-200,000 times as much as that in the experiment
in Chapter 8. The lack of the effect of the external noise between the two conditions

might be due to the ceiling effect.
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Chapter 10 General Discussion

In this thesis, we investigated how form and color are integrated in the high-level
vision by studying symmetry detection in noise. We distinguished multiple stages of
the symmetry processing and conducted five experiments to investigate the role of
color in each stage. In Chapter 5, we demonstrated that it was easier to detect
symmetric than anti-symmetric patterns. This suggests that the matching stage is
color-selective. In Chapter 6 we demonstrated that the pooling stage had a specific
color tuning. This suggests that there are multiple independent symmetry encoders,
each of which has a distinct-color property: These results supported our chromatic
symmetry detection model proposed in Chapter 3, in“which we assumed that there are
a band of color selective symmetry' channels/in the visual system. In Chapter 7 to 9,
we manipulated orientation and the numﬁe??"bf the colors in the symmetric patterns to
investigate how information carried |by tﬁ'ese channels was integrated in symmetry
detection. Our results showed that (:1) the'inerement of the number of the colors in an
image facilitated symmetry detection- regardless: of the uncertainty level in axis
orientation, (2) it was easier to detect two symmetric patterns about the same axis than
those about different axes.

We provided our chromatic symmetry detection model to account for the above
results. In this model, each symmetry channel has its own symmetry encoder. The
symmetry encoder contains the initial matching stage and the later pooling stage. In
the matching stage, the symmetry encoder pairs the image features of its target color.
Then the pooling stage analyzes the midpoints of these pairs to determine the position

of the axis. The pairs whose midpoints form the axis are the signal of the symmetry
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channel while others are noise. The response of each symmetry channel is a nonlinear
transducer function that raised the excitation by a power and then divides it by the
sum of the divisive inhibition term and an additive constant. For each channel, the
response is limited by the sum of external and intrinsic source of noise. The symmetry
detection performance relies on the max response of all the channels monitored.

We distinguished several sources of the divisive inhibition term. A symmetry
channel receives the inhibition from both the symmetric patterns and the noise of its
target and non-target colors. The inhibition from different sources explains the
symmetry detection performance in different conditions. For the observer who has
prior knowledge of the orientation of the symmetry axis, the inhibition from the
symmetric patterns is relatively.small compared with-that from the noise (Chapter 6).
The difference in the symmetry detection performance among images that contain
different number of the colors is mainly’ dﬂﬁ_}o the change of inhibition from the noise
patterns that has the same color as the ta;-gj?t. This result may be due to that the effect
of noise is to interfere with symmetry perception by introducing a percept other than
symmetry and that the increment-of the number of'the colors in an image decreases
the number of dots in each color and in-turn decreases the interference from the noises.
Such reduction of interference improves the detection performance.

When the observer has no prior knowledge of the symmetry axis orientation, the
increment of the number of the colors in an image does not reduce the inhibition from
the noise patterns. Instead, it reduces the inhibition from the symmetric patterns
(Chapter 7). This difference reflects the effect of prior knowledge on the matching of
image features in symmetry processing. The prior knowledge of axis orientation helps
the observers to exclude a number of matching candidates for each dot in a symmetric

pattern. When the prior knowledge of the axis orientation is unavailable, the observer
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has to consider many matching candidates across multiple possible axes. Such
increment of the number of the candidates in a symmetric pattern interferes with the
function of the symmetry channels. Hence, the inhibition from the symmetric patterns
is relatively large when the observers have no prior knowledge of axis orientation
compared with that when they have prior knowledge of axis orientation. The
increment of the number of the colors however decreases the number of the dots in
each color. Hence, for each dot, the number of the matching candidates decreases.
The interference from the symmetric patterns thus decreases with the increment of the
number the colors. Such reduction of interference leads to better detection
performance when the number of the colors increases.

The inhibition between symmetric.patterns sharing the same axis is smaller than
that between those having different'axes (Chapter 8)."Hence, detecting two symmetric
patterns sharing the same axis is easierf;;gllqn detecting! those having different axes.
Since the two symmetric_patterns sharin.-(:;‘;the same"axis .can be regarded as a single
symmetric pattern containingtwo icolors, this result implies that our visual system
forms a coherent symmetry percept by-reducing the'mutual inhibition from these two
components. Our results also showed that the symmetry detection performance in the
achromatic images was better than that in the chromatic images in the above
conditions. The response of the achromatic symmetry channels was greater than that
of the chromatic ones, suggesting different response properties of these two kinds of

symmetry channels.

10.1. Color Selective in the Higher-Order Form Mechanism

As mentioned in Chapter 1, there is no consensus in the literature on whether the

global form detection mechanism is color selective or color invariant. From the
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studies on the global form detection in Glass patterns, some suggested that the higher-
order form mechanism is mediated by a non color-selective mechanism (Wilson &
Swikes, 2005) while others showed a clear color tuning properties of the global form
mechanism (Cardinal & Kiper, 2003).

In the current study, we used symmetry as a tool to further investigate this issue.
In symmetry detection, even the initial matching stage requires a long-range
interaction. This property makes the symmetry encoder definitely a high-order form
mechanism. Our results showed that both the matching stage and the pooling stage of
the symmetry processing are color-selective. This suggested that the higher-order

form mechanism is color-selective:

10.2. Integrative Color-Form Processing:

In this study, we proposed a béﬁ:&r-of color-orientation selective symmetry
channels in the visual system. This indicéies that only the-symmetric patterns whose
color and orientation match the color-orienitation selectivity of the symmetry channel
excite the response of that channel. Only the form or color matches could not excite
the channel. In other words, the symmetry channels response to the combination of
color and form information. These color-orientation selective symmetry channels
imply an integrative processing of form and color information. The color and form
processing is not completely distinct. This contradicts to a traditional view of separate
color and form processing.

The evidence of separate pathways for the processing of form versus color comes
from both functional dissociation of the patients with brain lesion and the recent

neuroimaging studies. For example, the well-known patient with visual form agnosia,

DF, is unable to use form information to recognize object, but can use surface
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property information such as color and texture (Goodale & Milner, 2004; Humphrey
et al., 1994; Milner et al., 1991), whereas the other, MS, showed the converse pattern
(Newcombe & Ratcliff, 1975). The recent function magnetic resonance imaging
(FMRI) studies also showed that lateral occipital area (LO) plays a critical role in the
processing of the geometric structure of objects in object recognition (Cant &
Goodale, 2007; Large, Aldcroft, & Vilis, 2005; Malach et al., 1995; Peuskens, et al.,
2004) while the processing of the material properties of objects depends on the neural
networks that are located more medially in the fusiform and parahippocampal regions
(Cant & Goodale, 2007; Hadjikhani, Liu, Dale, Cavanagh, & Tootell, 1998; Mckeefry
& Zeki, 1997; Peuskens et al., 2004; Tootell et al.;;2003).

Our results, however, 'shewed _that-the symmetry channels respond to the
combination of color and .-form*“information. This 1suingonsistent with the notion of
separate color and form processing:. Hom§¥gr, aur result is consistent with the single
cell recording (Ito, Fujita, Tamura, & Tar:akar, 1994; Tanaka, Saito, Fukada, & Moriya,
1991) and fMRI evidence (Cavina—Pratesi,— Kentridge;. Heywood, & Milner, 2010).
With the single cell recording.ofithe’{T neurgns in Macaque monkeys, Tanaka and
colleges found that the critical feature forthe activation varied from cell to cell: Some
show orientation selectivity; some are color-selective; and still some others require
the combination of a shape and a color for the activation (Ito et al., 1994; Tanaka et al.,
1991). These “combination cells” act somewhat like our color-orientation selective
symmetry mechanisms. Both require the combination of color and form for activation.
More recently, Cavina-Pratesi et al. (2010) showed with fMRI study of health human
observers not only the double dissociation between medial and lateral
occipitotemporal cortices in processing surface (texture and color, also activate

separate foci respectively) versus shape properties but also the areas responding to the
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shape, texture and color together (bilateral anterior and posterior fusiform gyrus). The
common activations for shape, texture, and color processing support the concurrent
processing of form and color, as our results suggested. Taken together, our visual
system might process color and form information separately at some aspects.
However, there are also some mechanisms selective to the compound features as our
results suggested. The human visual system needs to integrate these mechanisms to

form a global chromatic form perception.

10.3. Independent Luminance and Chromatic Processing

The distinction of the Jluminance and-«chromatic pathways is a long-time
controversy. The idea that luminance and chroemiatic signals travel along at least
partially different pathways' received™support “from “anatomical and physiological
findings, but there is still much controvégy-about the extent to which these pathways
are non-overlapping and independent. Sor?\e research showed that the luminance and
chromaticity pathways in the simpI:e feature detection are.independent (Gegenfurtner
& Kiper, 1992; Krauskopf, Williams; & Heeley,1982). For example, Krauskopf et al.
(1982) showed that thresholds for detecting chromatic changes are raised following
viewing a field modulated sinusoidally in chromaticity but not in luminance.
Thresholds for changes in luminance are raised following viewing a field varying in
luminance but not altered by exposure to purely chromatic variation.

Our results further suggest that the luminance and chromatic processing are
independent even in the higher-order form processing. As the results in Chapter 6
shown, the pooling stage of symmetry processing is color-selective. The achromatic

noise did not produce masking effect on chromatic symmetry detection, and vice

versa. The results in Chapter 7 to 9 further suggested that the different response
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properties of chromatic and achromatic symmetry channels. Overall, the inhibition of
luminance symmetry channels is smaller than that of chromatic symmetry channels.
This produces a greater response of luminance symmetry channels than chromatic
ones. Hence, detecting achromatic symmetry is easier than detecting chromatic
symmetry.

The difference between the luminance and chromatic symmetry channels might
trace back to the different properties of P and M layers in the LGN, in which the P
pathway is often considered to be the color pathway, while the M pathway is
described as luminance pathway (Derrington, et al., 1984; Shapley, 1990). The cells
in these two types of layers in.the LGN differ in several of their physiological
properties. Cells in the P layers:have higher-spatial and lower temporal resolutions for
luminance variations than.those in"the M layers. Micells have considerably higher
contrast sensitivity and gain than thef;l;cells. It is possible that the different
performance between chromaticand ac;]i%omatic symmetry detection is due to the
spatial and temporal propertigs of the stimuli wel used.If so, we should expect that
increasing the size of the dots.and duration of stimulus presentation can reduce the

above difference.

10.4. Contributions and Limitations

Even though many researchers agree that color is highly useful in image
segmentation during the early visual processing (Callaghan, 1984; Gegenfurtner &
Rieger, 2000; Li & Lennie, 1997), the role of color in high-level vision is still a
controversy in the literature. Some claimed the facilitation of the color in object
representations while some others argued no role of the color in object representations

(for a review, see Tanaka, Weiskopf, & Williams, 2001). To investigate the effect of
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the color in objects representation, previous researches manipulated the color of the
objects as the appropriate, inappropriate and monochromatic colors to measure their
effect on recognition times. However, three reasons prohibit us to draw a definite
conclusion from those studies. First, the chromaticity and luminance components of
their stimuli were not well separated. The so called "color stimuli” is usually
composed of both chromatic and luminance components. The chromaticity and
luminance are mediated by different post-receptoral mechanisms and their effects do
not necessary sum linearly. A stimuli contained both components may produce quite
different effects in different channels. Hence, a comparison between the color and
monochromatic effect makes littleisense. Second; the number of the color-selective
channels that involve in the so called coler-eenditions:was ill defined. The number of
the channels involved may:influence the performance. -Hence, it is a possibility that
the inconsistency amang previous research TIS due to the stimuli they selected. For the
stimuli that contain more colors, the .-;:F_;)Ior showed facilitation effect on object
representations while for the stimuli'that contains less:color, the color did not show
facilitation effect. Third, the stimuli in-these studies were the objects familiar to the
observers, such as a banana or vegetables. The observers have a prior knowledge of
their form and color. Color might provide useful information for the recognition of
some, but not all, objects (Tanaka, et al., 2001). For example, although ‘red” might be
an informative cue for identifying fire engines, but is certainly not a very useful cue
for identifying automobiles or bicycles. Similarly, the form of some objects might be
easier to recognize so that the effect of the color is hard to observe. Hence, the effect
of the color depends on the selected objects. The results make sense only when the
researchers control the observers’ form and color knowledge to each object. Recently,

the research has noticed the color knowledge issue while still ignore the form
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knowledge issue.

In this thesis, we use symmetry as a tool to investigate the role of color in high-
order form perception. The advantage of using symmetry as the stimuli is preventing
the influence of the prior knowledge of both form and color. In addition, we selected
the colors on the three cardinal axes of the color space to separate the chromaticity
and luminance. This also controls the number of the color-opponent channels
involved. Our results should more appropriately demonstrate the role of color in high-
order form perception. As summarized above, our results showed that given the same
number of the colors in the images, the chromatic colors do not facilitate higher-order
form detection comparing to the achromatic colors.. However, the more colors in the
images, the easier to detect symmetry of-them regardless of chromatic or achromatic
colors. Our model can fully account for the above, results. This helps us further
understanding the possible mechanisms ‘bgrg\ri.nd.

Even though our manipulation aV(.)-i‘E:is several: pitfalls in the previous studies
concerning the higher-order:color! Vision, some|might:still argue that our results
cannot generalize to the real-life<objects or the. nature scenes for our stimuli were
rather abstract and looked unlike a“real life object. After all, our stimuli were
composed of sparse random dots while the objects or images in the nature scenes
contain denser texture. In addition, the colors in our stimuli distributed randomly
while those in the real-life objects or scenes tend to be well organized. We however
consider that our results should have no problem to generalize to the real-life objects
or scenes. First, the increment of the number of the colors facilitates symmetry
detection by reducing the inhibition term of symmetry channels. That is, the more
colors in an image, the less inhibition term the symmetry channels have. The

inhibition term is proportional to the density of the image components (either
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symmetric pattern or noise). Hence, as long as the increment of the overall density
does not change the density relationship among the images contain different number
of the colors and in turn their inhibition strength to the symmetry channels, our results
would have no problem applying to the dense texture. Second, while the colors in our
stimuli distributed randomly and thus were not well-organized, we can still observe an
increase of facilitation effect to the symmetry channels as the number of the colors
increases. Hence, we can expect that this effect is even more obvious in the real-life
well-organized objects or scenes.

However, our results did show the influence of the prior knowledge on high-
order form detection. For example; the mechanisms of the facilitation of the number
of the colors on symmetry detection differ-when the:observer has and has no prior
knowledge of the axis orientationof the symmetric patterns (Chapter 7 and 8). Hence,
it is likely that the prior knowledge of the_;gqlor in the images or objects influence the
detection performance. In this study, We.:‘did nat manipulate the prior knowledge of
the color. The mechanism of:the'prior knowledge! of the:color in symmetry detection
is unclear. However, based on the current understanding of color-form integration in
this study, we can further investigate the influence of learning, experience, and
knowledge on chromatic form detection in the future, to get a full picture of higher-

order color and form vision.

10.5. Future Directions

In sum, we investigated the color and form integration in higher-order visual
processing by symmetry detection in this thesis. We demonstrated the color selectivity
properties of matching and pooling stage of the symmetry channels. We also provided

a model to account for how visual system integrates the response of these channels to
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detect symmetry under different situations. These results can serve as the basis of the
future studies.

First, it is worth to further investigate the influence of learning, experience, and
knowledge on global form detection based on the current model. Previous research
has shown that practice (or learning) would facilitate the simple spatial feature
detection, such as contrast detection (Dorais & Sagi, 1997; Dosher & Lu, 1999).
Dosher and Lu (1999) suggested that the mechanism of this perceptual learning is
improvement of the exclusion of external noise and suppression of additive internal
noise. Whether and how the practice or learning facilitates the higher-order form
detection is unclear. Based on_the model proposed in this thesis, we can further
investigate the effect of practice on symmetry deteetion and its mechanism to see
whether the perceptual learning‘inearly and high-order-vision is driven by the same

mechanism. =

.
———

Second, it may be beneficial to‘exa-m_“ine whether our.results can apply to well-
organized dense images. In.this‘model, we assume that:the outputs of all chromatic
pairs in the sparse image are linearky-summed to form the signal of the symmetry
operator. However, it is possible that the outputs of these signal pairs are not linearly
summed when the density of the images exceeds a value. This is critical for the
generalization of our results to dense images. We can examine whether this
assumption holds in the dense images in the future.

Third, it may be informative to investigate the chromatic symmetry detection
along the intermediate directions between two cardinal directions. The colors of the
real-life objects or scenes seldom locate in the cardinal axis of the color space. Instead,
they are usually the combinations of three color opponent directions. In this thesis, we

distinguished six independent symmetry channels selective to the six cardinal
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directions (or three opponent cardinal directions) on the color space. Whether these
channels can predict the symmetry detection along intermediate directions or more
than these channels are needed is a question. Actually, whether there are additional
multiple mechanisms beyond the cardinal ones or whether there are higher-order color
mechanisms at some higher level of the visual system is still a debate (Eskew, 2009).
Investigating the symmetry detection along intermediate directions can provide us an

opportunity to get an extensive understanding of the higher-order color mechanism.

'
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Appendix Contrast Detection Threshold Measurement of

the Selected Color

Since the visual sensitivity to each color are different (Chen et al., 2000), we set
the contrast of each color at its equal sensitivity level for each observer to control the
salience of the colors. We used a temporal 2AFC paradigm to measure the symmetry
contrast threshold of the symmetric patterns of colors selected in the experiment for
each observer. On each trial, a vertical symmetric-dots image was randomly presented
in one of the two intervals while the .random-dot image was presented in another
interval. The densities of both“images were 1%. The-duration was 233 ms and the
inter-stimulus interval (ISI)/was 600-ms. An-audio tone was placed to indicate the
beginning of each interval, The observeféf’;';;ask was to judge which interval contains a
vertical symmetric pattern--An audio feedb%_ck far the response was provided. The PSI
threshold-seeking algorithm ‘(KontSeVich & Tyler,71999) was used to measure the
threshold at 75% correct level. There-were. 40"trials_for each threshold measurement.
The order of the tested colors was randomized.

By this measurement, we got the contrast threshold of each color. In all of the
experiments, we set the contrast of each color at its three fold threshold for each

observer based on this measurement.
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