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Perceptual categorization involves integrating bottom-up sensory information
with top-down knowledge which is based on prior experience. Bottom-up information
comes from the external world and visual saliency is a type of bottom-up information that
is calculated on the differences between the visual characteristics of adjacent spatial
locations. There is currently a related debate in municipal law enforcement communities
about which are more ‘visible’: white police cars or black and white police cars.
Municipalities do not want police cars to be hit by motorists and they also want police
cars to be seen in order to promote a public presence. The present study used three
behavioral experiments to investigate the effects of visual saliency on object detection
and categorization. Importantly, the results indicated that so-called ‘object detection’ is
not a valid construct. Rather than identifying objectness or objecthood prior to
categorization, object categorization is an obligatory process, and object detection is a
postcategorization decision with higher salience objects being categorized easier than
lower salience objects. An additional experiment was conducted to examine the features
that constitute a police car. Based on salience alone, black and white police cars were

better categorized than white police cars and light bars were slightly more important
police car defining components than markings.

Key words: visual saliency, perceptual categorization, object detection, object
categorization, detection, categorization, police car
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CHAPTER I
INTRODUCTION
There is currently a debate in the municipal law enforcement community about
which is more visible: white police cars, or black and white police cars. The concerns are
about police officer safety and crime prevention. Police agencies want police cars to be
seen and avoided by passing motorists. They also want police cars to be seen in order to
promote a public presence because they believe visible police cars will help deter crimes,
as well as give the public an impression that police officers are in local neighborhoods
doing their jobs. Thus, the idea of police car visibility is ultimately concerned with both
detection and categorization – the detection of driving hazards by other motorists and the
categorization of police cars to promote a sense of police presence.
Although detection and categorization can be thought of in terms of “visibility”,
the definitions of visibility as detection and as categorization may not be perfectly
compatible. Supposedly, reacting to a possible roadside hazard and categorizing a police
car are different (Solomon & King, 2002). Additionally, there is a debate in the visual
cognition literature about whether detection and categorization are the same process or
different processes (Grill-Spector & Kanwisher, 2005; Mack, Gauthier, Sadr, & Palmeri,
2008; Bowers & Jones, 2008). If detection and categorization are one process, the police
car color that is best detected should always be the best categorized. Alternatively, if
detection and categorization are different processes, a specific color police car might be
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better detected and a different color police car might be better categorized. Finally, there
may be no difference between categorizing different color police cars.
Many factors should be considered when trying to determine the police car colors
(white, or black/white) that are best detected and categorized, including perceptual
categorization in general, detection and the problems of defining detection, as well as the
relationships between eye movements, visual saliency, and bottom-up attentional capture
as opposed to top-down directed attention. Previous perceptual categorization research
has had conflicting results suggesting there are three theoretical perceptual categorization
processes (Grill-Spector & Kanwisher, 2005; Mack et al., 2008; Bowers & Jones, 2008).
The present investigation examined the contributions of bottom-up information in order
to address detection and categorization in theoretical terms as well as in terms of police
car ‘visibility.’ Because police agencies are concerned with the categorization of police
cars, an additional experiment examined the components that constitute police cars.
Categorization
Bottom-up schools of thought about object recognition, such as Recognition by
Components (Biederman, 1987; Driver & Baylis, 1996), Feature Integration Theory
(Treisman & Gelade, 1980), and Guided Search (Wolfe, 1994; Wolfe, Horowitz, Palmer,
Michod, & Van Wert, 2010), assume the visual features at a specific location are
separated or segregated from the surrounding features and then categorized. According to
the theories, in order to categorize a police car, the edges and line orientations, shapes,
and features are extracted first. The bottom-up data pass beyond the sensory registers and
is mapped to information from memory for object recognition. Alternatively, another
school of thought presumes object recognition occurs in a top-down fashion before
2

segregation from the environment (Peterson & Gibson, 1993, 1994; Peterson & Kim,
2001). To categorize a police car using a top-down process, the idea of a police car is
mapped onto the features and, at that moment, the police car and its features are
segregated from the environment.
Although other distinctions can be made, such as probabilistic and fixed decision
models, categorizing stimuli from sense data is typically referred to as “perceptual
categorization” (Hampton, Estes, & Simmons, 2005). The distinction between perceptual
categorization and categorizing other stimuli is based on an assumption that categorizing
perceptual stimuli is different than categorizing a word that represents the stimuli. The
distinction allows theories of perceptual categorization to fit modality specific
representations as well as abstract representational systems. Perceptual categorization
involves integrating bottom-up sensory information with top-down knowledge. In this
context, bottom-up refers to sensory information driving a process whereas top-down
refers to expectancy driving a process (Yantis & Egeth, 1999). Although it is intuitive
that bottom-up sense data and top-down knowledge from memory must be integrated, it
is not clear how the process occurs.
Detection
Researchers commonly use detection tasks in which participants are required to
determine whether an object is present or absent, but detection is a difficult term to
define, and researchers typically do not outright define detection (Grill-Spector &
Kanwisher, 2005; Mack et al., 2008; Bowers & Jones, 2008). In an attempt to provide a
testable distinction, detection, for the current purpose, is being aware that an object,
objectness, or objecthood is present before one knows, or independent of knowing, the
3

identity of, or category membership of, what is present. One possible reason researchers
may not bother to define detection is that the idea of detection gets muddled depending
on whether one is considering top-down or bottom-up influences.
Bottom-up information comes from the external world. For example, the stimulus
data provided by a police car in the environment is bottom-up information. Bottom-up
processes are driven by the stimulus properties in the environment (Egeth & Yantis,
1997; Fine & Minnery, 2009). Top-down information is the knowledge represented in
memory. For instance, one’s conceptualization of a police car is top-down information.
Although top-down processes can be automatic, they are usually goal directed, slow,
deliberate, effortful, and under executive control (Fine & Minnery, 2009; Miller &
Cohen, 2001; Miller & D’Esposito, 2005). If detection occurs without categorization,
detection is precategorical, bottom-up, and it occurs before the direction of top-down
processes. Eye movements are particularly relevant to bottom-up attentional capture and
top-down attentional deployment.
Eye Movements and Visual Saliency
People typically attend to what they look at (Henderson, 2003; Rayner, 1998,
2009) and bottom-up stimulus properties have been used to explain fixation deployments
(e.g. Parkhurst, Law, & Niebur, 2002). The most widely held current conceptualization
of visual salience is the ability of a particular spatial location to capture attention in a
bottom-up manner due to differences between that region of the visual field and its
adjacent regions (Desimone & Duncan, 1995; Itti & Koch, 2001). Visual salience is a
quantifiable interaction between the visual properties at a particular spatial location and
the visual properties surrounding that location. Although objects occupy space and visual
4

salience is calculated on spatial locations, visual salience is restricted to the localized
bottom-up characteristics regardless object presence.
Itti and colleagues developed a visual saliency model to predict bottom-up
fixation deployments and bottom-up attentional capture (Itti, Koch, & Niebur, 1998).
Importantly, their model does not rely on top-down information. Itti et al.’s (1998) visual
saliency model parses the visual field into three components (colors, intensity & line
orientations). Maps are calculated for each component, and a difference calculation is
performed that compares each region within a map to its neighboring regions to quantify
the regions based on the difference. After several iterations of normative calculations,
three final conspicuity maps emerge, one map each for color, intensity, and line
orientation. The conspicuity maps are merged into a master saliency map with the most
different regions deemed the most salient in a winner-take-all format. Itti et al.’s model
then predicts fixation deployments from the most salient regions to the least salient
regions. Thus, Itti et al.’s master saliency map is an instantiation of a “winner-take-all”
map of bottom-up attentional capture.
Importantly, because salience attentional capture is not based on top-down
information, salience should capture attention due entirely to the differences between
stimulus properties. Folk, Leber, and Egeth (2002) found evidence of involuntary
attentional capture when they had participants search for letters in a stream of letters
flanked by streams of distractor letters. Participants had more target misses when the
distractors flanking the target were the same salience as the target as opposed to when the
target differed in saliency than the distractors. Additionally, Underwood, Foulsham, van
Loon, Humphreys, and Bloyce (2006) found that salient regions in a free viewing
memorization task were prone to be fixated. Serences et al. (2005) replicated the Folk et
5

al. (2002) task in an fMRI study and found differential brain activations during salient
attentional capture. Similarly, in an ERP study, Schubö (2009) found that salient
distractors increased target reaction times and that differential brain regions were
activated during salience attentional capture.
Although there is evidence that bottom-up saliency captures attention, Yantis and
Egeth (1999) found the contributions of saliency driven attentional capture by distractors
in visual search could be eliminated by providing information about search targets. If
salience captured attention in an automatic bottom-up fashion that was beyond the control
of participants, reaction times for search arrays with salient distractors should have been
slower than reaction times for search arrays without salient distractors. However, that
pattern was not found, and Yantis and Egeth argued that in most situations the ability of a
stimulus to automatically capture attention was mediated by top-down task relevance and
not due to bottom-up stimulus properties. Yantis and Egeth also argued that such
bottom-up attentional capture was specific to a singleton-detection mode (but see Lamy
& Zoaris, 2009).
Further evidence against bottom-up salience-driven attentional capture was
provided by Torralba, Oliva, Castelhano, and Henderson (2006). Torralba et al. (2006)
constructed a contextual guidance model of fixation deployments, and they found that
top-down information guided fixation deployments more often than bottom-up
information during naturalistic visual search tasks. Torralba et al.’s contextual guidance
model predicted fixation locations better than the saliency model alone (78% accuracy
compared to 58% accuracy, respectively). Similarly, Henderson, Malcolm, and Schandl
(2009) provided more evidence against bottom-up salience attentional capture when they
found that saliency predicted eye movements only about ten percent of the time whereas
6

expectancy guided eye movements approximately ninety percent of the time during scene
viewing. Additionally, Nuthmann and Henderson (2010) had participants view
naturalistic scenes in anticipation of a memory test or perform aesthetic judgments. They
found that people preferentially fixated objects rather than salient locations indicating
that fixations were deployed via top-down information. Similarly, Humphrey and
Underwood (2009) found that domain-specific knowledge moderated the effects of visual
saliency. However, in another free viewing memorization task of naturalistic scenes,
Underwood and Foulsham (2006) found that salience was more important for early
fixations than expectations, but expectations were more important than salience for later
fixations.
Thus, there is considerable empirical support for the existence of salience-driven
attentional capture and considerable evidence refuting the viability of pure saliencedriven attentional capture. However, the conflicting research findings may be explained
by the presence or absence of top-down information. Parkhurst et al. (2002) argued that
saliency should primarily operate early in scene viewing. Presumably visual salience
attentional capture operates in the absence of top-down information because top-down
information has to be established before it can be used to guide fixations. In speeded
tasks, scene gist can be extracted in as little as 20 ms (Thorpe, Fize, & Marlot, 1996) but
under non-pressured circumstances gist extraction takes about 100 to 120 ms (Potter,
1976). Additionally, it takes a minimum of 80 ms to make an eye movement (Godijn &
Theeuwes, 2002). Therefore, visual salience may be a process that provides for initial
fixations while gist extraction is being accomplished in preparation for top-down guided
eye movements.
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Although there is debate about the ability of salience to predict fixations, several
conclusions about visual salience seem reasonable. It appears that salience-driven
bottom-up attentional capture is a genuine phenomenon as evidenced by behavioral and
brain imaging research. When no top-down information is provided by the researchers,
salience appears to affect free viewing, and it appears to affect free viewing in the
absence of individual domain-specific knowledge. Assuming no top-down information is
available before the gist is extracted, salience contributes to scene viewing when the
scene has not been identified, and due to physiological limitations and the rapidity of
assigning gist, salience may only account for the first fixation or at most the first and
second fixations when viewing scenes.
In short, salience appears to be a valid predictor of fixations in the absence of topdown information. It is a process in which a fixation is deployed to the most different
region in the visual field with a co-occurring bottom-up shift of attention. In a liberal
sense, in the absence of top-down information, salience may be considered a preattentive
detection process that guides fixation deployments until enough top-down knowledge is
established to guide fixation deployments. Although it may seem obvious, it appears that
for a salience-driven eye movement, and the accompanying obligatory bottom-up shift of
attention, to occur, the difference between neighboring regions must be detected
preattentively, and because detection is bottom-up, it should be affected by saliency.
However, top-down attentional deployment appears to override salience attentional
capture, and because categorization is top-down, it should not be affected by saliency.
Salience capture, followed by top-down deployment, would allow for the most efficient
use of cognitive resources because rather than fixations jumping from one salient region
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to the next, fixations would first be deployed to a salient region and then to regions that
are relevant to current task demands after gist extraction.
Regarding police cars and salience, salience is an interaction between the features
at a specific location and the features in the regions adjacent that location. Salience and
salience calculations are independent of objects and everything in the visual field is
reduced to background for salience calculations. Nonetheless, objects have features, and
if an object is placed in an environment, its features become part of the background on
which salience is calculated. Suppose that a white police car and an identical black/white
police car were placed in an equal daylight environment. Based on salience calculations
alone, the location occupied by the features of the black/white police car would be fixated
before the location of the white police car because a black/white police car has
differences where the black and white paint meets that a white car does not have.
However, determining the impact of saliency on police car categorization depends on
whether detection and categorization are separable processes.
Perceptual Categorization Processes
There are three possible methods of accomplishing perceptual categorization: (a.)
Perceptual categorization may be a feed-forward process in which detection occurs first,
followed by categorization. (b.) Detection and categorization might be two distinct and
separate processes, or (c.) there might be a single unitary process in which there is no
difference between detection and categorization. Because categorization is the
identification of an object based on existing knowledge, categorization should be a topdown process. On the other hand, detection is being aware objectness is present, and if
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detection and categorization are not the same process, detection should be a bottom-up
process or more related to bottom-up processes than categorization.
Feed-Forward Process
The feed-forward categorization process is illustrated in Figure 1. Detection is
bottom-up in the feed-forward process and it is assumed that detection is necessary
before categorization can occur. However, detection in the feed-forward process has an
alternate pathway specifically for detection so that detection may be accomplished
without categorization. Put differently, detection could occur without categorization, but
detection is necessary for categorization in the feed-forward model. For example, in
order to categorize a police car, one would first detect blackness, whiteness, a shape, and
etc. before it could be categorized as a police car.

Figure 1.

Perceptual Categorization as a Feed Forward Process.

Distinct Separable Processes
Another possible method of perceptual categorization is that detection and
categorization are two separate processes that operate independently of one another.
Please see Figure 2 for an illustration of detection and categorization as distinct separable
processes. If detection and categorization are separate processes, and a person was asked
to detect the presence of something, he or she would use a detection mode that would be
similar to the singleton detection mode proposed by Yantis and Egeth (1999).
Conversely, if a person was asked to categorize an object, a different process, such as a
10

top-down driven categorization mode would be used. Detection as a separable process is
identical to detection in the feed-forward process and it is a bottom-up process.
However, categorization as a separable process differs from the feed-forward process in
that detection is not integral to categorization. In the separable processes theory,
categorization is top-down. Separable processes allow that one could detect an object via
features such as blackness, whiteness, a shape, and etc. without categorizing it as a police
car. However, unlike the idea of a feed forward categorization process, a police car could
be categorized as such without having to first detect blackness, whiteness, a shape, and
etc.

Figure 2.

Perceptual Categorization as Separate Processes.

Unitary Process
Finally, it is possible that detection and categorization are, in fact, a single
process. Please see Figure 3 for an illustration of the unitary process of detection and
categorization. Bottom-up and top-down information are inseparable in the unitary
process of perceptual categorization. A unitary process idea dictates that detection is not
different than categorization and that detection is accomplished by first categorizing an
object. A unitary process of categorization could be viable whether object recognition
occurred in a top-down fashion before features were segregated from the environment or
after features were segregated from the environment. However, unlike the feed-forward
and separable processes ideas, categorization is obligatory. In order to accomplish
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detection, an object is first categorized and a detection decision is made based on the
categorization decision. In other words, if asked to detect the presence of an object, a
person would categorize a police car as such, and then decide whether a police car was an
object. Research suggests that all three models of perceptual categorization are viable.

Figure 3.

Perceptual Categorization as a Unitary Process.
Previous Research

Marigold, Weerdesteyn, Patla, and Duysens (2006) provided indirect evidence
that detection could be accomplished without categorization which supported the viability
of a feed-forward and separable systems models. In order to avoid collisions when
walking, people must have some awareness of the space occupied by their bodies – their
collision envelope (Luo, Woods, & Peli, 2009). Marigold et al. (2006) dropped objects in
front of participants as they walked on a treadmill and found that obstacle avoidance
could be accomplished with peripheral vision alone. Further, and especially relevant to
the current discussion about police car detection, eye tracking indicated that gaze was not
redirected to the object or to the object’s landing position (Marigold et al., 2006; also see
Barabas, Woods, Goldstein, & Peli, 2004). Many object recognition theories state that
features or components are combined, bound together, or summed in some fashion by
bringing directed serial attention to bear on those features or components via fixating on
them (Biederman, 1987; Treisman & Gelade, 1980; Wolfe, 1998; Wolfe et al., 2010).
Resolution of the visual field is highest at the fovea decreasing progressively from the
fovea to the periphery (Levi & Carney, 2009). Peripheral vision is low resolution (Levi
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& Carney, 2009) suggesting that Marigold et al.’s participants were probably not able to
categorize the objects in their periphery. However, the participants were able to avoid the
obstacles implying that detection alone may have been sufficient for collision avoidance.
Similar to walking, in order to avoid collisions when driving, people must be
aware of the space occupied by their vehicles. Olson and Farber (1996) as well as
Solomon and King (2002) claimed that for drivers to avoid collisions, drivers had to
determine something was in the path of travel, determine whether the thing was a hazard,
determine the actions to be taken, and perform the appropriate action. Solomon and King
(2002) proposed that the faster detection occurred, the more time drivers had to react.
Solomon and King (1995) compared the accident rates of lime-yellow/lime-yellow and
white fire trucks to red/red and white fire trucks and found that lime-yellow trucks were
involved in considerably fewer accidents than red fire trucks (28.2 and 68.1 accidents
respectively per one million miles driven). Regarding collisions and fire truck colors,
Solomon and colleagues argued that detection was more important than identification and
that detection was sufficient for collision avoidance (Solomon, 1976, 1990, 1997;
Solomon & King; 1995, 2002). Importantly, Solomon and King’s (1995) limeyellow/lime-yellow and white fire trucks were more visually salient than red/red and
white fire trucks.
Although not stated as such, Solomon and colleagues argument appears to be
about preattentive detection without attentional deployment (Solomon, 1976, 1990, 1997;
Solomon & King; 1995, 2002). If detection is sufficient for collision avoidance, the best
detected police car color would be best for collision avoidance. However, the argument
assumes that detection and categorization are either a feed-forward process or separate
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processes. Although the feed-forward model of perceptual categorization was commonly
accepted, it has been challenged by recent research (Grill-Spector & Kanwisher, 2005).
Grill-Spector and Kanwisher (2005) conducted a series of four experiments and
found no differences between detection and categorization. Grill-Spector and Kanwisher
had participants categorize and detect objects depicted in gray-level photographs. The
images were presented for durations of 17, 33, 50, 68, or 167 ms and then masked. A
typical trial for the first three experiments reported by Grill-Spector and Kanwisher was a
mask was presented, followed by an image, followed by another mask, followed by the
response. The mask served to truncate visual processing (see Breitmeyer & Ogmen,
2000). In the detection task, participants reported object presence. Participants also
performed both basic level and subordinate level categorizations.
Grill-Spector and Kanwisher (2005) reported that basic level categorization was
faster than subordinate level categorization replicating other research findings (e.g.,
Murphy & Smith, 1982; Rosch, Mervis, Gray, Johnson, & Boyes-Braem, 1976).
However, they also found that people categorized at the basic level and detected objects
at the same speeds and accuracies. Grill-Spector and Kanwisher alluded to the possibility
that object detection and basic level categorization used the same process (a unitary
perceptual categorization process). Grill-Spector and Kanwisher did not manipulate
bottom-up information, and there is no way of knowing whether bottom-up information
contributed to detection and/or categorization.
However, Mack et al. (2008) manipulated bottom-up information and found
different results than Grill-Spector and Kanwisher (2005). Mack et al. used a similar
methodology as Grill-Spector and Kanwisher and provided evidence that detection and
categorization were not a unitary process. Mack et al. used some of the same categories
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as Grill-Spector and Kanwisher and most of their images came from the same database.
Additionally, their masks were similarly constructed. However, Mack et al. added a
degraded stimuli condition and an inverted stimuli condition. Mack et al. replicated
Grill-Spector and Kanwisher and found the same sensitivity for detections and basic level
categorizations with upright stimuli. However, detections were better than
categorizations for inverted and degraded stimuli. Mack et al. concluded their findings
supported the idea that detection and basic level categorization were two different types
of perceptual decisions.
Alternatively, Bowers and Jones (2008) suggested the masks used by GrillSpector and Kanwisher (2005) may have worked too well and prevented participants
from using any bottom-up information which could have accounted for the results that
indicated perceptual categorization was a unitary process. Masks truncate bottom-up
visual processing by wiping the sensory registers clean and could essentially force
participants to use top-down processes. Bowers and Jones used a similar methodology as
Grill-Spector and Kanwisher, and Mack et al. (2008). However, they did not mask their
stimuli. Bowers and Jones reported faster reaction times for detections than easy
categorizations which, in turn, were faster than difficult categorizations. They concluded
their findings supported the idea that coarse features were first extracted and that figureground processes precede basic level categorization. Thus, Grill-Spector and Kanwisher’s
results supported the unitary processes model of perceptual categorization; Mack et al.’s
results supported the feed-forward, separable, and unitary processes models; and Bowers
and Jones’ results supported the feed-forward and separable processes models.
Given the findings of Grill-Spector and Kanwisher (2005), Mack et al. (2008),
and Bowers and Jones (2008), it is not clear how perceptual categorization is
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accomplished. As noted, Grill-Spector and Kanwisher did not manipulate bottom-up
information, and there is no way of knowing whether it contributed to detection and/or
categorization. Alternatively, Mack et al. manipulated bottom-up information by blurring
the stimuli. However, in doing so Mack et al. changed the basic features of the objects
which may have changed the identity of the objects. Arguably, a blurred object is the
same as the object before it was blurred, but blurring an object changes the lines that
separate the features, such that a blurred object may no longer be a valid exemplar of that
object. Participants could only categorize blurred objects by inferring the lines and
deducing the features of those objects, or participants had to know enough about specific
exemplars to categorize the objects using features, such as color, that were not eradicated
by blurring the lines. Thus categorization efficiency may have been artificially
disadvantaged due to the blurred objects not being valid object exemplars.
Conversely, if detection and categorization are not separate processes, by
inverting the stimuli Mack et al. (2008) should have biased detection and categorization
in the same fashion. People spend a disproportionate amount of time viewing objects that
are inconsistent with expectations (Hollingworth & Henderson, 2003; Hope & Wright,
2007; Loftus, Loftus, & Messo, 1987; Pickel, 1998, 1999; Yarbus, 1967). If the objects
depicted in Mack et al.’s stimuli had an expected canonical orientation (Blanz, Tarr, &
Bülthoff, 1999), they would not have been categorized as fast inverted as they would
have in the correct orientation. Violating expected orientation may have provided an
accidental object view, and there is usually a reaction time cost associated with accidental
object viewing (Biederman & Gerhardstein, 1993; Stankiewicz, 2002; Tarr & Bülthoff,
1995). However, if the unitary model of perceptual categorization was true, the same
canonical object influence, or the same inconsistent object influence, should have been
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found for detection and categorization, which was not the case. Thus, Mack et al.
provided evidence against the unitary model of categorization despite finding that
detection and basic level categorization were the same for correctly oriented stimuli.
Mack et al. (2008) also found better detection sensitivity than categorization
sensitivity for upside-down stimuli while finding no detection and categorization
sensitivity differences for upright stimuli. Mack et al.’s results are only explainable by
two models, the feed-forward process and separable processes. However, the models
indicate problems with Mack et al.’s experimental paradigm because detection in both
models is based on bottom-up information. Regardless stimuli orientation, the bottom-up
information was the same for upright or upside-down stimuli. Therefore, Mack et al.’s
different finding for the detection of upright and upside-down stimuli resulted from
manipulating top-down information. However, detection in the feed-forward and
separable systems models is based on bottom-up information, and manipulating top-down
information should not affect detection because it is a bottom-up process. According to
the feed-forward model, bottom-up detection precedes top-down categorization, and
categorization depends on detection whereas bottom-up detection does not depend on the
categorization. Thus, Mack et al.’s results supported and contradicted the feed-forward
model because manipulating top-down information appeared to affect an independent
bottom-up process that preceded the top-down process.
Alternatively, Bowers and Jones’ (2008) appeared to find support that
categorization was a feed-forward system. The difference between Bowers and Jones’
difficult (e.g. dogs vs. cats) and easy categorizations tasks (e.g. dogs vs. buses) should
have been expected because their categorization tasks were discrimination tasks, and the
more related the stimuli are, the more difficult the discrimination. Although Bowers and
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Jones found that detection was faster than easy categorizations, they collapsed the object
present trials with the non-object texture trials for their detection measure. The authors
indicated that it was possible the non-object texture trials were faster than the object
present trials which could have contributed to faster detection times. Regardless of their
concern, they offered no separate analyses of the object and texture trials. Moreover,
collapsing the object and texture trials together does not yield a measure of detection but
rather it is merely a measure of correct button presses, and the decision for object present
trials may not be the same as the decision for object absent trials.
Another possible explanation for the apparent conflicted findings across GrillSpector and Kanwisher (2005), Mack et al. (2008), and Bowers and Jones (2008) is that
the minimum amount of time needed to make a decision could be longer than the time
required for detection or for categorization. If the minimum decision time to press a
response button is longer than the detection and categorization processes, the decision
time will always over shadow detection and categorization results. However, the
experimental tasks used by Grill-Spector and Kanwisher, Mack et al., and Bowers and
Jones may have disadvantaged detection because their tasks required top-down
attentional deployment before the objects were presented. Participants were directed to
look at a monitor, and the images were always presented at the center of the monitor. As
previously mentioned, all theories of object recognition require directed serial attention to
be brought to bear on the features or components. In a similar manner as that of topdown information overriding salience driven fixation deployments, once top-down
attention was deployed to the center of the monitor where the images were presented,
categorization may have been obligatory because a top-down process was already
engaged. Thus, in the experimental tasks used by Grill-Spector and Kanwisher, Mack et
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al., and Bowers and Jones detection and categorization may have been accomplished
using the same top-down process.
The previous discussion about visual salience indicated that it was likely a valid
predictor of fixations and attentional capture in the absence of top-down information, and
that when top-down information was available, top-down attentional deployment
appeared to override salience attentional capture. Further, it was argued that for a
salience driven eye movement and the obligatory bottom-up shift of attention to occur,
the difference between neighboring regions must be detected preattentively and that the
detection was without attentional deployment. Clearly, if attention is directed using topdown processes alone and top-down processes can supersede visual salience driven
fixation deployments, directing attention to a location and presenting stimuli at that
location could eliminate any preattentive contributions to detection. Thus, detection may
have been disadvantaged by the experimental paradigms used by Grill-Spector and
Kanwisher (2005), Mack et al. (2008), and Bowers and Jones (2008) because
participants’ top-down attention was already deployed at the location where the images
were presented. Similar to the previous speculation that top-down information might
override the contributions of bottom-up salience on fixation deployments, the
participants’ top-down attentional deployment may have overridden the bottom-up
contributions to detection. Put differently, participants may not have had an opportunity
to detect objectness for the detection trials before categorizing the objects. Instead, they
may have made a postcategorical object present/absent detection decision. Brain imaging
appears to support the idea that categorization may be obligatory when attention is
directed to object features (Abdel Rahman & Sommer, 2008).

19

In an ERP study, Abdel Rahman and Sommer (2008) used images of familiar and
unfamiliar real objects and fictitious objects to examine the role of semantic information
on object perception. They manipulated semantic knowledge by providing two training
sessions about the objects and used normal and difficult perceptual stimuli. The difficult
stimuli were blurred stimuli similar to the Mack et al. (2008) stimuli. Generally, naming
latencies were slower than semantic decisions. However, they found an interaction
between perceptual difficulty and knowledge. Abdel Rahman and Sommer indicated two
possible explanations for their findings. One explanation was that conceptual knowledge
may exert a top-down influence on perception by facilitating feature analysis. The
second possible explanation was that semantic knowledge is grounded in perception (e.g.,
Barsalou, 1999; Martin, 2007). Put differently, all semantic knowledge depended on
perception.
Abdel Rahman and Sommer (2008) found that categorization times decreased as
semantic knowledge increased replicating previous findings that people categorized
objects related to expertise faster than objects not related to their expertise (Anaki &
Bentin, 2009; Gauthier & Tarr, 1997; Humphreys & Forde, 2001; Johnson & Mervis,
1997; Joseph, 2001; Scott, Tanaka, Sheinberg, & Curran, 2006; Tanaka, 2001; Tanaka &
Taylor, 1991). Importantly, some of the tasks used by Abdel Rahman and Sommer did
not require participants to retrieve the in-depth knowledge that was learned during their
training sessions, and in one condition object images were not paired with learning.
Abdel Rahman and Sommer found that even when it was not necessary to perform the
experimental tasks, participants accessed object meaning in an automatic fashion, even
when participants were not familiar with the object images. Their findings may indicate
that once a person has enough knowledge about a particular category, using top-down
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information may be obligatory. Therefore, a shift of attention may be needed for bottomup detection to occur.
Hypotheses
In previous research (Grill-Spector & Kanwisher, 2005; Mack et al., 2008;
Bowers & Jones, 2008), attention was allocated in a top-down manner to the location of
the stimuli. If top-down allocated attention can truncate the contributions of bottom-up
information, attentional deployment should be manipulated in order to investigate the
relationship between saliency, detection, and categorization. Further, if detection is
precategorical and top-down processes can override bottom-up processes, a shift of
attention is needed for bottom-up detection to occur independent of categorization.
Provided that object detection is a bottom-up process and categorization is a topdown process, that top-down processes can override bottom-up processes, and attentional
deployment is manipulated, specific predictions about detection and categorization. The
proposed hypotheses depend on two assumptions. First, detection can only occur if
attention is free to shift because categorization is obligatory if attention is deployed.
Second, perceptual categorization is either a feed forward process or separable processes.
A 3-way interaction between salience, cue validity, and decision will be needed in order
to verify the proposed hypotheses.
First (Hypothesis 1), detection will be better when top-down attention is free to
shift, as opposed to when attention is already allocated, because top-down allocated
attention should override bottom-up detection. Additionally, if attention is deployed and
top-down processes are already engaged at a location, categorization should be better
where attention has been allocated than where it is not because top-down processes
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override any bottom-up information. In other words, for categorization to occur at a
location where attention is not deployed objecthood has to be detected and categorization
has to be completed. However, if attention is already deployed, categorization has
already been completed. Accordingly, the second hypothesis (Hypothesis 2) is that
categorization will be better when attention is already deployed than when top-down
attention is required to shift.
Third, because salience is calculated on bottom-up characteristics it should
operate on bottom-up processing. However, it was argued that the inconsistent research
findings of salience-driven fixations were due to top-down processes truncating the
effects of bottom-up saliency. Thus, (Hypothesis 3) the detection of high-salient objects
will be better than detection of low-salient objects when attention is free to shift, but there
will be no saliency difference when attention is already allocated to a location.
Correspondingly, (Hypothesis 4) the categorization of high-salient objects will be better
than the categorization of low-salient objects when attention was free to shift, but there
will be no saliency difference when attention is already deployed.
Extending the previous hypotheses to police cars, the detection of black and white
police cars should be more efficient than the detection of white police cars when attention
is allowed to shift because black/white police cars are more salient than white police cars.
In other words, if a person is driving and not looking for a police car, a black/white police
car should be detected, and possibly avoided, before a white police car is detected.
However, there should be little, or no, difference between detecting black/white or white
police cars when attention is not free to shift because categorization may be obligatory
and detection should be accomplished by making a postcategorical decision about object
presence or absence. Finally, the categorization of all police cars should be better when
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attention does not shift than when attention is free to shift. Because categorization is a
top-down process and if top-down directed attention is already deployed at the location of
the car, categorization should be obligatory. Thus, if a person is looking for a police car,
the color should not matter.
In order to investigate the relationship between saliency, detection, and
categorization, three experiments were conducted that included detection and
categorization tasks. Bottom-up information (saliency) was manipulated, and top-down
attentional deployment was manipulated with cueing. Itti and colleagues’ saliency
algorithm (Walther & Koch, 2006) was used to rank various objects by saliency,
including police cars. During detection tasks, participants were asked to determine
whether an object was present; and during categorization tasks participants were asked to
determine whether specific objects were present (e.g., a police car). Additionally, a
police car/car categorization experiment was conducted to investigate the features that
constitute a police car.

23

CHAPTER II
DETECTION AND CATEGORIZATION EXPERIMENTS
Overview
Three detection and categorization experiments were conducted to examine the
relationship between visual salience, object detection, and categorization. Object
exemplars were first ranked by saliency. The saliency ranking procedures are reported in
Appendix A. Object norming was performed after saliency rankings to verify the
category labels of the objects. Norming was also needed to ensure that police car
performance was not worse than car performance. The norming procedures are reported
in Appendix B.
The experimental procedures for all detection and categorization tasks were
similar. Participants completed 1024 trials in eight blocks of 128 trials each. During
detection tasks, targets were presented 50% of the trials and nonobject textures were
presented 50% of the trials. Similarly, during categorization tasks, targets were presented
50% of the trials and foil objects were presented 50% of the trials. Experiments 1A, 1B,
and 2 had one between participant factor (task order) and five within participant factors
(decision, object type, block, saliency, and cue validity). Participants completed 4
consecutive blocks of each task (detection and categorization) and task order was
counterbalanced across participants. Experiments 1A, 1B, and 2 used the same design.
The differences were that Experiment 1A had 64 practice trials per task, Experiment 1B
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had 8 practice trials per task, and Experiment 2 also had 8 practice trials but the stimuli
were upside-down.
Experiment 1A: High Practiced Detection and Categorization
Method
Participants. The participants were 80 Mississippi State University students
recruited from the Psychology Research Program. Participation took approximately 45
minutes and participants received one hour of credit. Due to omissions on five copies of
the demographics questionnaire, 5 participants failed to report their age and gender
(6.25%). The mean age of the remaining 75 participants was 18.8 years (SD = 1.5).
Fifty-four participants were female (67.5%) and 21 were male (26.25%). All participants
reported normal, or corrected to normal, vision. No participants had participated in other
vision experiments and were naïve to the object exemplars used in the experiment.
Design. Experiment 1A was a 2 × 2 × 4 × 2 × 2 × 2 mixed factors design.
Experiment 1A had one between participant factor (task order) and five within participant
factors. The within participant factors were decision (detection and categorization),
block (1, 2, 3, & 4), object type (target, and texture or foil), salience (high and low), and
cue validity (invalid and valid). Experiment 1A consisted of 2 tasks (detection and
categorization) of 4 blocks per task (8 blocks per participant). The between participant
factor of task order was counterbalanced across participants. Each block had 128 trials
with 64 target present trials and 64 texture trials per detection block. Similarly, there
were 64 target present trials and 64 foil trials per categorization block. Put differently,
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each participant completed 512 detection trials with 256 targets and 256 textures, and 512
categorization trials with 256 targets and 256 foils for a total of 1024 trials.
Materials. Fourteen categories were used for categorization and detection. They
consisted of 6 black/white and white categories, and 8 other colored categories. For
brevity, the black/white and white categories will be referred to as B&W, and the other
colored categories will be referred to as “colored”. The B&W categories were cat, cup,
police car, purse, shoe, and umbrella. The colored categories were backpack, bird, chair,
guitar, hat, leaf, teapot, and toolbox. Each category consisted of 4 high salient and 4 low
salient exemplars. Depending on the initial number of category exemplars, 32 or 48
exemplars of each category were ranked by salience using software based on Itti and
colleagues’ visual salience algorithm (Saliency Toolbox, Walther & Koch, 2006). The
four highest salience and four lowest salience exemplars served as the high salience and
low salience object groups, respectively, for each category. Please refer to Appendix A
for a detailed explanation of the salience ranking procedures.
Background. The background for all behavioral experiments was 127 Red Green
Blue (RGB). A 127 RGB background was used because it is approximately the same
distance from white as it is from black (white is 0 RGB and black is 255 RGB).
Additionally, a photograph was taken of a sunny afternoon downtown street scene and
the mean color values of the photograph was 122 RGB. Therefore, 127 RGB was also an
approximation of the mean color values of a street scene in normal daylight.
Object images. The same stimuli were used for detection and categorization
targets within a participant. All object exemplars were 100 × 100 pixel images of real
world objects that subtended 5.7° × 5.7° of visual angle at 46 cm viewing distance.
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B&W objects were obtained from various internet sites, and the remainder of the images
came from Williams (2010). All exemplars were normed to ensure that the category
labels were valid and to determine if police car performance was worse than car
performance. Refer to Appendix B for a detailed explanation of the norming procedure.
Each participant received two B&W categories and two colored categories.
Object color and category order were counterbalanced across participants. However,
police car was not counterbalanced and each participant viewed the police car category as
one of their B&W target categories. Police car block order was counterbalanced across
participants such that police car was the first, second, third, and fourth block an equal
number of times across participants. The same stimuli were used for detection and
categorization targets within a participant.
Nonobject textures. All nonobject textures used for detection foils were 100 ×
100 pixels and subtended 5.7° × 5.7° of visual angle at 46 cm viewing distance. The
textures were created by scrambling the object exemplars. Each 100 × 100 pixel object
exemplar was cut into 10 × 10 pixel squares and the squares were randomly rearranged to
create a texture from each exemplar. See Figure 4 for sample textures and refer to
Appendix C for a detailed explanation of the rationale behind texture selection. The
scramble procedure eliminated object shape but it retained colors of the original image
and the lines that separated features. A texture was created for each exemplar, but
textures were not matched to individual exemplars due to salience concerns.
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Figure 4.

Example Textures and Corresponding Objects.

Note. The textures were generated from the objects directly below each. From left to
right they are examples of one version of the high and low salience textures for their
respective categories.
Because salience is based on difference calculations, it was assumed that
scrambling the objects would result in a different salience ranking for the textures than
the objects from which they were generated. The primary measure of interest for
categorization and detection tasks was intended to be d’ sensitivity based, in part, on false
alarm rates. If the textures were higher salience than the objects being detected and
detection depended on salience as proposed, participants might be better at correct
rejections for high salience textures than detecting high salience objects resulting in
biased sensitivity. Additionally, it was assumed that if salience affected detection, a
difference might be apparent in the textures. Using a similar procedure as that used to
rank the object exemplars by salience, two textures from each category were selected that
were lower salience than the salience object groups (e.g., the high salience category
texture was lower salience than the 4 high salience category exemplars, and the low
salience category texture was lower salience than the 4 low salience category exemplars).
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One high salience texture and one low salience texture was generated for each
category (28 textures). Each texture was rotated on its vertical axis to create a second
version of each texture to create 2 high salience textures and 2 low salience textures for
each category (56 total textures). For the detection task, textures were matched by
category and salience. For example, when the target object was an image of a high
salience hat, a high salience hat texture served as the nonobject detection foil. Although
it was not planned, the textures for the B&W objects were coincidentally matched on
color. The high salient textures were black/white, and the low salient textures were
white. However, because some of the colored categories consisted of three colors of
objects, colored categories were not similarly matched.
Categorization foils. Categorization foil objects were randomly drawn from the
nontarget categories for each participant. Foil objects were matched on saliency ranking
and color-type (B&W or colored). However, salience ranking was ordinal. Therefore,
the salience ordered exemplars from one category may not have been equivalent to the
same ordered exemplars in another category (e.g., the highest salience purse exemplar
may not have the same calculated salience values as the highest salience cup exemplar).
Because the data were collapsed across the high salience exemplars of a single category
and collapsed across the low salience exemplars of each category for each participant, the
ordinal differences within the salience groups should not have impacted the results.
Displayed text. All text presented during the experiments, including instructions,
category labels, and response alternatives, was blue. Although it likely would not have
been a problem, blue objects were avoided in order to prevent possible color priming
between the cue or text and blue object images.
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Fixation cross, cue, and mask. The initial fixation point for all experimental
trials was a black fixation cross that was made by placing a 40 × 2 pixels horizontal line
over a 2 × 40 pixels vertical line. The fixation cross subtended 2.29° × 2.29° of visual
angle at 46 cm viewing distance.
The cue for the detection and categorization tasks was a 25 × 25 pixels solid blue
circle (0, 0, 255 RGB). The cue subtended 1.42° × 1.42° of visual angle at 46 cm
viewing distance.
The mask was larger than the object exemplars and other stimuli. The mask
covered all possible locations that an object could have been presented during an
experiment. The mask was 388 × 100 pixels and subtended 21.92° × 5.7° of visual angle
at 46 cm viewing distance. Three steps were used to create the mask. First, equal
swatches of black, white, red, yellow, green, and background gray were placed in vertical
bands in a 388 × 100 pixels image. Next the multicolor image was scrambled by cutting
the image into 10 × 10 pixel squares and randomly rearranging them to form a scrambled
mask. Finally, the “ocean ripple” effect of the “distort” function in a popular image
editing software was used to create the mask that was used. See Figure 5 for the mask.
Pilot testing was used to determine timing parameters and the composition of nontest
stimuli. Additional details about timing determinations and the refinements of the
nontest stimuli are provided in Appendix D.
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Figure 5.

Mask.

Apparatus
All experimental trials were displayed at a resolution of 800 × 600 pixels × 24 bit
color on CRT computer monitors with 60 Hz refresh rates (16.66 ms vertical blink). Two
computer stations were used. After removing trials with measurement error and trials in
which stimuli were presented for an extra refresh rate, time audits indicated negligible
variability in test image, cue, and mask presentation times for each computer. There was
no difference between the magnitudes of the variability in presentation rates of each
computer. E-Prime software (Schneider, Eschman, & Zuccolotto, 2002) was used to
control trial presentations, and all responses were input via a standard button box.
Procedure
When participants arrived, they were asked to be seated at an isolated computer
station and given an informed consent form. They were asked to read the consent form
and prompted for questions. If participants had no questions, or after the researcher
answered any questions participants had, participants were asked to sign the consent
form. Once consent was obtained, the participants were asked to complete two brief
demographic questionnaires. Refer to Appendix E for the behavioral consent,
demographic questionnaires, and debriefing form. After completing the demographic
questionnaires, two spatial adjustments were implemented in order to maintain the same
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approximate vertical view angle and viewing distance across participants. When needed
each participant was asked to adjust the chair height so that the monitor was
approximately centered the participant’s face. Each participant was also instructed to
place their elbows on the computer station desk with their fingers on the button box.
Participants were instructed as to why they were asked to adjust their body position and
to perform the experiment in that posture. The adjustment resulted in an approximate
viewing distance of 18 inches (45.7 cm).
At the beginning of each task block, participants were provided instructions on a
series of five screens. The final instruction screen prompted participants to pause, and
the experimenter verbally explained the task to insure that participants understood the
task. Participants completed a practice block of 64 trials that used an identical method as
the experimental blocks. However, practice trials used novel categories and stimuli. No
data were collected during practice trials, and no feedback was provided for practice or
experimental trials. Participants were prompted for questions after the practice block.
Experimental trials began after any questions were answered or immediately after the
practice trials if participants had no questions. No questions were asked for
categorization trials. However, the detection instructions explained that an “image”
would be present during every trial and that sometimes it would be an object and
sometimes not. Many participants asked what an image was if it was not an object. No
clarification was provided other than to tell them they would have to determine it on their
own. Explicit clarification was not provided to avoid giving participants a label for
textures because it may have altered to task. In other words, they may have categorized
textures as such.
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The first screen of each detection block instructed participants to decide whether
an object was presented. The first screen of each categorization block instructed
participants to decide whether a specific object was presented. A trial sequence was a
fixation cross, followed by a cue, a test image, a mask, and then a response screen. Refer
to Figure 6 for an illustration. The initial block screen remained until the “go” button
was pressed which brought up the first fixation cross for each block. Assuming the
instructions were followed, participants looked at a fixation cross and initiated each trial
by pressing a “go” button. The fixation cross remained visible until the trial was
initiated. When the “go” button was pressed, the fixation cross was removed and a cue
was presented for 83 ms.
The cue was presented at one of three possible locations on the monitor and test
images were also presented at one of the same three possible locations. The test image
was presented at the cue location for 50% of the trials (valid cue condition) or to the side
of the cue (invalid cue condition) for 50% of the trials. The probability of the cue
occurring at the center of the screen was 50%, at the left was 25%, and at the right was
25%. The probability of the test image occurring at the center of the screen was 50%, at
the left was 25%, and at the right was 25%.
The cue and the image were presented in the same location for validly cued trials.
For invalidly cued trials, the cue was presented one position away from the image. The
purpose of the cue was to capture attention via sudden onset (Yantis & Jonides, 1984).
Thus, when the test image appeared at the same location as the cue, top-down attention
should have been allocated to that location because the sudden onset of the cue should
have captured attention. However, when the test image appeared at a different location
than the cue, top-down attention should have been allocated to the cued location, but the
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sudden onset of the test image should have captured attention causing attention to shift
and allowing bottom-up processes to operate.

Figure 6.

Example Detection Block

Note. Display size and the yes/no size are not scale. There were 7 possible cue by object
locations. The textures were replaced with a foil object exemplars for categorization
trials. Other than the initial instructions and the texture/foil object replacements, there
were no other differences between the detection and categorization tasks.
When the cue was presented at the outside locations for invalidly cued trials, test
images were always presented at the center of the display. Alternatively, when the cue
was presented at the center position for invalidly cued trials, test images were presented
to the left or right. In order to counterbalance the directional shift of attention (left and
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right) with cue validity, trials in which the cue was presented at the central screen
location were repeated for each participant. Put differently, 50% of the trials were validly
cued and 50% were invalidly cued, but because the outside locations could only be cued
to the center for invalidly cued trials, there were disproportional cue-to-test image
location probabilities that should have biased participants to look at the center of the
display. The possible cue locations by object views are illustrated in Figure 7.

Valid
Target

(Same as Cue)

Invalid
Target

(Right of Cue)

Invalid
Target

(Left of Cue)

Center
Cue
Right
Cue
Left
Cue

Figure 7.

All Test Image by Cue Locations by View Directions.

Note. Test images were presented in the same location as the cue for validly cued trials.
During invalidly cued trials the image was presented one step away from the cue. Screen
size is not to scale. The frequencies of all possible cue locations by object views across
each block were 12.5%, except for the validly cued center object view (the top left cell).
In order to counterbalance invalid cue-to-test image view direction, the frequency of the
valid center cued by central object view was 25%.
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Test images remained visible for 33.218 ms (SD = 0.488 ms) 1 and test images
were immediately replaced by the mask. The mask remained visible for 117 ms and
subtended 21.92° × 5.7° of visual angle at 46 cm viewing distance. A “YES/NO”
response screen followed the mask. The response screen remained visible until a
response was made. The fixation cross for the next trial appeared after a response was
made and the process continued until the end of a block. The final screen of blocks 1
through 3 encouraged participants to take a break, and it instructed them to press a button
to continue to the next block when they were ready to continue. Each subsequent
detection block began with the same instruction that asked participants to decide whether
an object was present. Each subsequent categorization block began with an instruction
that asked participants to decide whether a specific, but different, object was present.
The label for categorization trials was provided only once at the beginning of each block.
The final screen of the fourth block prompted participants to notify the
experimenter. If it was the end of the first task (the participant’s 4th block), the
experimenter loaded the program for the second task on the computer, and it commenced
exactly as the previous task had from the full set of instructions and 64 practice trials
through 4 task blocks. If it was the fourth block of the second task (the participant’s 8th
block), the participant was given a debriefing form, verbally debriefed, and prompted for
questions. If a participant had no questions, or after the researcher answered any
questions a participant had, the participant was dismissed.

1

Note. The reported test stimuli mean and standard deviation was calculated across all experiments by
combining the stimuli timing duration data from Experiments 1A, 1B, 2, and 3.

36

Experiment 1A Results
Outlier screening. The data were screened for stimulus duration errors and
measurement errors. Initially, 99 detection trials and 149 categorization trials were
disqualified because the stimuli were presented for a single vertical blink (16.3 ms) rather
than for 33 ms. All reaction times were adjusted by 117 ms to allow for the duration of
the mask, and 11 detection trials and 5 categorization trials were disqualified for having
reaction times of 0 ms or less. They were assumed to be measurement errors because it
was not possible for a response to register during the mask presentation. Additionally, all
reaction times greater than 6 seconds were disqualified (20 detection and 9
categorization). Data screening disqualified a total of 293 of the 81,920 trials (0.4%).
Sensitivity. The primary measure of interest was d’ sensitivity. In signal
detection paradigms d’ is a measure of the distance between the signal distribution and
the noise distribution (the spread), and d’ is calculated by subtracting false alarm Z scores
from hit Z scores (d’ = ZHits - ZFalseAlarms). Initially, d’ values were calculated for decision
(detection or categorization), by block (1, 2, 3, & 4), salience (high or low), and cue
validity (valid or invalid). A mixed factors repeated measure ANOVA was calculated on
the d’ values of the between participant factor of task order (detection first or
categorization first) and the within participant factors of decision (detection and
categorization), block (1, 2, 3, & 4), salience (high and low), and cue validity (valid and
invalid).
There was a main effect for decision, F(1, 78) = 27.81, p < .001, ηp2 = .26.
Categorizations (M = 2.68, SE = .09) were more sensitive than detections (M = 2.22, SE =
.08). However, there was an interaction between task order and decision, F(1, 78) =
37

38.24, p < .001, ηp2 = .33, such that participants who did detection trials prior to
categorization trials (M = 1.55, SE = .11) were more sensitive to categorization than
participants who did categorization first. The pattern was opposite for participants who
did categorization trials prior to detection trials in that they were more sensitive to
detection than participants who did detection first. Refer to Table 1 for task order by
decision sensitivity and refer to Appendix F for additional results not relevant to the
current hypotheses. Interestingly, paired samples t-tests indicated that categorization was
more sensitive than detection for people who did detection first, t(39) = 10.90, p < .001,
but there was no difference in sensitivity between detection and categorization for people
who did categorization first, t(39) = 0.54, p = .60.

Table 1
Experiment 1A: Task Order by Decision Sensitivity with Standard Errors
Task Order

Detection
M (SE)

Categorization
M (SE)

Detection First
Categorization First

1.90 (0.11)
2.54 (0.11)

2.90 (0.12)
2.46 (0.12)

It was initially assumed there would be no task order effects, or that any possible
order effects would be equivalent, and a within participant comparison of decision could
be made. Although the between participant factor of task order was not significant, task
order interacted with several of the results, and collapsing across within participant
decisions was not prudent. Therefore, all analyses will be confined to the first four
participant blocks and between participant comparisons of decision will be reported.
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Additionally, there was a task switch cost for participants who did categorization
followed by detection, but there was no cost when detection followed by categorization.
The presence of a differential task switch cost has major theoretical implications, and the
differential task switch costs will be separately addressed after Experiment 2 is reported.
A mixed factors ANOVA was calculated on the first 4 blocks (before the task
switch) in order to examine saliency. Decision was a between participant factor and
block, salience, and cue validity were within participant factors. There was a main effect
for decision, F(1, 78) = 9.59, p = .003, ηp2 = .11, with categorizations (M = 2.46, SE =
.13) being more sensitive than detections (M = 1.90, SE = .13). There was also a main
effect for block, F(3, 234) = 52.90, p < .001, ηp2 = .892. There was an interaction
between salience and validity, F(1, 78) = 5.07, p = .027, ηp2 = .06. Paired samples t-tests
indicated that high salient invalidly cued stimuli (M = 2.18, SE = 0.09) were not different
than high salient validly cued (M =2.21, SE =0.10), low salient invalidly cued (M = 2.19,
SE = 0.09), or low salient validly cued stimuli (M = 2.12, SE = 0.09, all ps > .09).
However, participants were more sensitive to high salient validly cued stimuli than low
salient validly cued stimuli, t(79) = 2.24, p = .028, and participants were more sensitive
to low salient invalidly cued stimuli than low salient validly cued stimuli, t(79) = 2.26, p
= .026. Contrary to all hypotheses, there was no interaction between salience, validity,
and decision (p = .73).
However, it was previously argued that top-down information could override the
effects of bottom-up saliency. Learning occurred across participant blocks, but it is not
clear what participants learned. An analysis of the first participant block was completed
because if detection is precategorical, as proposed, salience effects might be found early
in a task before top-down information was learned. Again, there was a main effect for
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decision, F(1, 78) = 12.16, p = .001, ηp2 = .14, with categorizations (M = 2.02, SE = .17)
being more sensitive than detections (M = 1.20, SE = .17). However, no other significant
main effects or interactions were found (ps > .08). Although the critical interaction
between decision, salience, and cue validity was not present, reaction times were also
examined because differences might be present that were not evident in sensitivity.
Reaction times. All reaction time (RT) analyses were conditionalized on correct
responses. Because task order effects were found in the sensitivity analysis and because
task order interactions were present in several of the reaction time results, only
participant blocks 1 through 4 were examined.
Block 1 through 4 between participant RTs. A mixed factors repeated measures
ANOVA was calculated on the first four participant blocks with the between participant
factor of decision (detection or categorization) and the within participant factors of object
type (target and texture/foil), block (1, 2, 3, & 4), salience (high and low) and cue validity
(invalid and valid). There were several significant results, including a main effect for the
between participant factor of decision, F(1, 68) = 4.57, p = .036, ηp2 = .06.
Categorization decisions (M = 653 ms, SE = 18) were faster than detection decisions (M
= 709, SE = 19). There was not an effect of salience (p = .10). However (see Table 2),
there was an interaction between decision and salience, F(3, 205) = 7.40, p = .008, ηp2 =
.10, that did not support the hypotheses. Categorizations were faster than detections
regardless of salience.
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Table 2
Experiment 1A: Mean Decision by Salience Reaction Times with Standard Errors for
Block 1
Decision

Detection
Categorization

High Salience
M (SE)

Low Salience
M (SE)

711 (18)
642 (18)

706 (20)
662 (19)

Although there were no other differences between decisions by salience (all ps >
.10), there were 2 marginal interactions involving salience. There was a marginal
interaction between saliency and block, F(3, 204) = 2.63, p = .052, ηp2 = .04, and there
was a marginal 3-way interaction between saliency, block, and decision, F(3, 204) =
2.61, p = .053, ηp2 = .037. Because saliency was marginal and there was a learning
effect, block 1 was examined separately.
Block 1 between participant RTs. A mixed factors repeated measures ANOVA
was calculated on participant block 1 with the between participant factor of decision and
the within participant factors of object type, salience, and cue validity. There was a main
effect for decision, F(1, 71) = 6.24, p = .02, ηp2 = .09, such that categorizations (M = 760
ms, SE = 30) were faster than detections (M = 867 ms, SE = 31). There was also a main
effect for object type, F(1, 71) = 43.32, p < .001, ηp2 = .38. Targets RTs (M = 725 ms, SE
= 22) were faster than texture/foil RTs (M = 902 ms, SE = 28). There was no main effect
of salience (p = .60) but there was a decision by salience interaction, F(1, 71) = 7.73, p =
.007, ηp2 = .10. Refer to Table 3 for mean decision by salience RTs. Detections of high
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salient stimuli were slower than detections of low salient stimuli, t(39) = 2.14, p < .04.
Categorizations of high salient stimuli were faster than categorizations of low salient
stimuli, t(39) = 2.10, p = .04.

Table 3
Experiment 1A: Mean Decision by Salience Reaction Times with Standard Errors for
Block 1
Decision

Detection
Categorization

High Salience
M (SE)

Low Salience
M (SE)

886 (30)
747 (30)

848 (33)
773 (32)

Although the decision by object type by salience interaction was not significant (p
= .80), because the “no” decisions for detection textures and categorization foils may not
have been the same, targets and texture/foils were examined separately. Importantly, the
textures were constructed so that they were high and low salience. If salience acted on
bottom-up detection and was not related to top-down processes in any fashion, a salience
effect should be evident in the texture trials because participants should have no
established top-down information about textures. Target and texture/foil RTs are
presented in Table 4.
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Table 4
Experiment 1A: Mean Decision by Object Type by Salience Reaction Times with
Standard Errors for Block 1
Object Type
Decision

High Salience
M (SE)

Low Salience
M (SE)
Target

Detection
Categorization

615 (18)
590 (18)

624 (21)
611 (20)
Texture/Foil

Detection
Categorization

789 (25)
714 (24)

806 (25)
694 (24)

There was a nonsignificant trend (p = .19) for detection targets in the
hypothesized direction (high salient better than low salient). However, there was also a
marginal trend for detection textures opposite the hypothesized direction, t(38) = 1.91, p
= .06. High salient categorization targets were also faster than low salient categorization
targets, t(37) = 2.20, p = .03. Overall RT results indicated that salience did not affect
nonobject images (detection foils), but there were salience trends when the stimuli were
object images. In other words, the trends were for salience to have an effect when
participants had top-down information about the stimuli (objects in general), but not
when participants could have no top-down information (textures). The results of the RT
analysis did not support the argument that salience acted on bottom-up processes.
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Experiment 1A Discussion
Experiment 1A failed to find the critical interaction needed to validate the
hypotheses. However, Experiment 1A had some interesting results. First, categorization
performance was generally better than detection performance. If detection preceded
categorization, as predicted by the feed-forward model of perceptual categorization,
categorization performance should never exceed detection performance. Interestingly,
there was slight trend in RTs for high salience detection textures to be worse than low
salience detection textures, but there was a slight trend for high salient object stimuli to
better than low salient object stimuli, regardless whether they were targets of foils. In
other words, bottom-up salience did not affect stimuli that participants could have no topdown information about, but it did affect stimuli that could be influenced by top-down
information from past experience.
However, Experiment 1A had 64 practice trials at the beginning of each task, and
it was argued that saliency appeared to affect detection when no top-down information
was available. Clearly, participants learned across tasks, but precisely what was learned
is not clear. It may have been possible that salience differentially affected detection and
categorization during the early practice trials but not during the experimental trials. Put
differently, participants may have learned enough by the end of the practice trials that
top-down processes overrode differential saliency contributions before data was collected
for the experimental trials. Therefore, Experiment 1B used fewer practice trials in order
to better examine salience contributions before top-down attentional processes could be
recruited.
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Experiment 1B: Low Practiced Detection and Categorization
Because participants improved as they did each task during Experiment 1A, they
may have learned something that affected performance. The improvement might indicate
that as a task progressed, the use of top-down information increased. If more top-down
information was gained as a task progressed, and top-down information can override the
bottom-up information of the sense data as proposed, Experiment 1A may not have
captured the contributions of saliency because Experiment 1A had 64 practice trials for
which no data was collected. Top-down information may have overridden salience
effects by the end the practice trials before the collection of the experimental trial data.
Therefore, Experiment 1B was conducted to further investigate the effects of saliency
during early task performance. Additionally, Experiment 1B was conducted to get a
better understanding of the task order effect found in Experiment 1A because fewer
practice trials should better capture early task learning.
Method
Participants. The participants were 40 Mississippi State University students
recruited from the Psychology Research Program. Participation took approximately 45
minutes, and participants received one hour of credit. Two participants failed to report
their age. The mean age of the remaining 38 participants was 18.4 years (SD = .87).
Thirty participants were female (75%). All participants reported normal, or corrected to
normal, vision. No participants had participated in other vision experiments.
Design, materials, apparatus, and procedure. Experiment 1B was identical to
Experiment 1A with two exceptions. Firstly, Experiment 1B had 8 practice trials per task
rather than 64. Secondly, Experiment 1B did not have a full object by block
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counterbalance (all objects were not in all blocks), because an item analysis of
Experiment 1A found no differences between objects. All materials, apparatus, and
procedures were the same as those used in Experiment 1A.
Experiment 1B Results
Outlier screening. As was done with Experiment 1A, the initial data were
screened for stimulus duration errors and measurement errors. Initially, 108 detection
trials and 115 categorization trials were disqualified because the stimuli were presented
for a single refresh (16.3 ms) rather than for 33 ms. All reaction times were adjusted by
117 ms to allow for the duration of the mask, and 20 detection trials and 4 categorization
trials were disqualified for having reaction times of ≤ 0 ms. Twenty detection trials and
20 categorization trials were also disqualified for having RTs greater than 6 seconds.
Data screening disqualified a total of 287 of the 40,960 trials (0.7%).
Sensitivity. Experiment 1B was concerned with initial task learning. It was
previously argued that top-down factors could override bottom-up factors. Participants
learned something about the tasks during Experiment 1A because performance increased
during the tasks. If participants relied more on bottom-up processes than top-down
processes at the beginning of a task, salience effects should have been apparent at the
beginning of the tasks. Therefore, only block 1 will be reported. Additional results are
reported in Appendix F. A repeated measures ANOVA was calculated on block 1 with
the between participant factor of decision and the within participant factors of salience
and cue validity. However, no sensitivity differences were found (all ps > .15). Refer to
Table 5 for block 1 sensitivity. Although sensitivity indicated salience had no effect,
reaction times were also analyzed.
46

Table 5
Experiment 1B: Mean Decision by Salience Sensitivities with Standard Errors for Block 1
Cue Condition
Decision

High Salience
M (SE)

Low Salience
M (SE)
Invalid

Detection
Categorization

.58 (.17)
.81 (.17)

.55 (.15)
.85 (.15)
Valid

Detection
Categorization

.53 (.17)
.81 (.17)

.66 (.14)
.75 (.14)

Reaction times. A mixed factors repeated measures ANOVA was calculated on
block 1 RTs with the between participant factor of decision and the within participant
factors of salience and cue validity. There were no main effects, but there was a
significant 3-way interaction between decision, salience, and validity, F(1, 38) = 4.26, p
= .046, ηp2 = .10. However, it was due to invalidly cued categorizations having a 40 ms
difference and validly cued categorizations only having an 11 ms difference. All
detections were opposite the hypothesized direction. Refer to Table 6 for RTs. Paired
samples t-tests were calculated to examine the differences between task and salience by
cue condition. Contrary to the hypothesis, there was no difference between invalidly
cued and validly cued detection targets, t(19) = 1.6, p = .13, and there was no difference
between invalidly cued and validly cued categorization targets, t(19) = 1.5, p = .16.
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Table 6
Experiment 1B: Mean Decision by Salience by Validity Reaction Times with Standard
Errors for Block 1
Cue Condition
Decision

High Salience
M (SE)

Low Salience
M (SE)
Invalid

Detection
Categorization

897 (32)
727 (32)

853 (35)
767 (35)
Valid

Detection
Categorization

875 (36)
767 (35)

843 (33)
778 (33)

Discussion
Despite the proposal that salience effects should be evident in early task learning,
that pattern was not found. The critical interaction between salience, validity, and
decision was not present in Experiment 1B. None of the hypotheses were supported
because visual salience did not differentially affect detection and categorization. The
hypotheses depended on the assumptions that bottom-up object detection could only
occur if attention was free to shift, and that perceptual categorization was either a feed
forward process or separable processes.
Finding no salience effect may indicate that salience has nothing to do with
bottom-up object detection. However, that salience would have nothing to do with object
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detection is counterintuitive because salience was calculated on bottom-up information.
In other words, salience was calculated on the information that was the bottom-up sense
data for participants, and thus, it should affect a bottom-up process. However, that
pattern was not found. Therefore, finding no salience effect may indicate that object
detection was not preattentive because saliency had no effect on detecting bottom-up
objectness. If object detection was not preattentive, based on Abdel Ramen and
Sommer’s (2008) results, it was probably not precategorical. Abdel Ramen and Sommer
found that, even when object meaning was not needed for task demands, object meaning
was automatically accessed, and it appeared that using top-down categorical information
was obligatory.
Additionally, the present research found that categorization was more efficient
than detection, which would not be possible with the feed-forward model of perceptual
categorization. Detection always precedes categorization in the feed forward model, and
because categorization depends on detection, it would be impossible for categorization to
be more efficient. An object could be detected that was not categorized in the feedforward model, but it would be impossible to categorize an object that was not detected.
Moreover, in the present research, RTs conditionalized on correct response were faster
for categorizations than object detections. If detection preceded categorization, detection
could not be slower than categorization.
Categorizations could be faster than detections if they were separate processes
because detection and categorization are independent in the separable systems model of
perceptual categorization. However, it would not be efficient for object detection to be
less sensitive and slower than categorization because, if that was the case, object
detection would have no purpose. For example, suppose a person was jogging in a park
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and saw something in his periphery that seemed to be coming at him. If identifying it as
an object was faster than categorizing it, there would be some utility because doing so
would allow for more circumstances. For example, one could know to duck any flying
object without having to identify it as a specific object. Conversely, if he could identify
the flying object faster as a ball, bird, flying disc, or model airplane, knowing it was an
object after the fact would be of no use. Importantly, the separable systems model
assumes that object detection is bottom-up and categorization is top-down. If
categorization and detection are two processes, and object detection is a bottom-up
process, manipulating bottom-up information should not affect categorization as it did in
Experiment 1A, but rather it should affect the bottom-up process of object detection and
it did not. Thus, it is unlikely that object detection is bottom-up.
Experiments 1A and 1B indicated that object detection and perceptual
categorization were a unitary process because categorization was more sensitive and
faster than detection. If there is only a single process, it must be that all objects are
categorized with an objectness decision assigned afterward. Returning to the jogger in
the park, he would categorize the object as a ball and react, not because he ‘detected’ an
object, but because he detected motion, categorized the ball, and knew the ball was hard
and potentially dangerous.
Experiment 2: Detection and Categorization of Upside-Down Stimuli
Although their tasks were different than the present tasks, Abdel Rahmen and
Sommers (2008) indicated that using top-down categorical information may have been
obligatory, even though it was not necessary for task performance. Given that
categorization was more efficient than detection, and that bottom-up salience did not
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differentially affect categorization and detection in Experiments 1A and 1B, participants
may have categorized the stimuli in an automatic fashion (obligatory categorization),
even though it was not necessary to perform the object detection task. If participants
categorized the detection stimuli, upright stimuli may not have been sensitive to bottomup salience contributions. Disrupting categorization, such that participants would have to
rely on bottom-up information, might allow salience contributions to be found in bottomup object detection that were not otherwise evident for upright stimuli.
Mack et al. (2008) found better detection sensitivity than categorization
sensitivity for upside-down stimuli. Importantly, Mack et al.’s results indicated that
presenting the stimuli upside-down disturbed categorization but not detection. To test
this possibility in the current study, the stimuli in Experiment 2 were presented upsidedown. In all other aspects, Experiment 2 was identical to Experiment 1B. Experiment 2
was conducted because top-down categorization would be more difficult. Thus, upsidedown stimuli should be more sensitive to bottom-up salience effects than upright stimuli.
Method
Participants. The participants were initially 28 Mississippi State University
undergraduate students recruited through the Psychology Research Program. Two
participants, one who did detection first and one who did categorization first, were
excluded because they had negative d’ values which can only result from responding with
the wrong buttons. The mean age of the allowable 26 participants was 19.1 years (SD =
1.6) and they consisted of 12 females and 14 males. Participation took approximately 45
minutes, and participants received one hour of credit. None had participated in other
vision experiments.
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Design, materials, apparatus, and procedure. Experiment 2 was identical to
Experiment 1B with one exception. The test stimuli were presented upside-down as
Mack et al. (2008) did in one of their conditions.
Experiment 2 Results
Outlier screening. Ninety trials (44 detection and 46 categorization) were
disqualified because the stimuli were presented for a single vertical blink (16.3 ms). All
reaction times were adjusted by 117 ms to allow for the duration of the mask, and 21
detection trials and 6 categorization trials were disqualified for having reaction times of 0
ms or less. Fifteen detection trials and 23 categorization trials were also disqualified for
having RTs greater than 6 seconds. Data screening disqualified a total of 155 of the
26,624 trials (0.6%).
Sensitivity. Initially, d’ values were calculated for decision (detection or
categorization), by block (1, 2, 3, & 4), salience (high or low), and cue validity (valid or
invalid). A mixed factors repeated measure ANOVA was calculated using the d’ values
for the between participant factor of task order (detection first or categorization first) and
the within participant factors of decision (detection and categorization), block (1, 2, 3, &
4), salience (high and low), and cue validity (valid and invalid). There was a main effect
for decision, F(1, 24) = 7.01, p = .014, ηp2 = .23 such that participants were less sensitive
to detection (M = 1.02, SE = .15) than categorization (M = 1.40, SE = .12). Although
there was not a main effect for the between participant factor of task order (p = .75), as
illustrated by Table 7, there was an interaction between task order and decision, F(1, 24)
= 52.67, p < .001, ηp2 = .69, that indicated it was not appropriate to make a within
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participant comparison of task. Refer to Appendix F for other results. There were 14
participants did categorization first, and 12 did detection.

Table 7
Experiment 2: Mean Sensitivity for Decision by Task Order
Task Order

Detection
M (SE)

Categorization
M (SE)

Detection First
Categorization First

0.55 (0.20)
1.50 (0.24)

1.90 (0.16)
0.84 (0.19)

A mixed factors repeated measures ANOVA was calculated on the first four
participant blocks with the between participant factor of decision and the within
participant factors of block, salience, and cue validity. There was no effect for decision,
F(1, 24) = 1.50, p = .23, ηp2 = .06, and the only significant result was a 3-way interaction
between decision, block and cue validity, F(3, 72) = 5.74, p = .001, ηp2 = .19. Therefore,
mixed factors repeated measures ANOVAs were calculated for each participant block.
Block 1 had a marginal 3-way interaction between decision, salience and validity, F(1,
24) = 3.45, p = .075, ηp2 = .126, and block 3 had a 3-way interaction between decision,
salience and validity, F(1, 24) = 5.773, p = .024, ηp2 = .20; power = .635. Salience had
no effect on the other blocks. Mean sensitivity data are provided in Tables 8 and 9.
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Table 8
Experiment 2: Mean Detection Sensitivity by Salience by Cue Validity with Standard
Errors for Participant Blocks 1 through 4
Block

High Salience
M (SE)
M (SE)
Invalid

1
2
3
4

.333 (.153)
.692 (.291)
.475 (.331)
.859 (.291)

Low Salience
M (SE)
M (SE)

Valid

Invalid

Valid

.381 (.128)
.376 (.203)
.718 (.241)
.761 (.248)

.376 (.183)
.563 (.240)
.757 (.249)
.696 (.270)

.179 (.169)
.251 (.256)
.709 (.271)
.591 (.220)

Table 9
Experiment 2: Mean Categorization Sensitivity by Salience by Cue Validity with
Standard Errors for Participant Blocks 1 through 4
Block

1
2
3
4

High Salience
M (SE)
M (SE)

Low Salience
M (SE)
M (SE)

Invalid

Valid

Invalid

Valid

.642 (.179)
.905 (.339)
.894 (.258)
.820 (.340)

.414 (.149)
1.231 (.237)
.745 (.281)
.832 (.290)

.643 (.214)
1.024 (.280)
.642 (.291)
.964 (.316)

.635 (.198)
1.485 (.299)
.911 (.317)
.691 (.257)

54

Although salience was not stable across blocks, block 3 was further examined
because the differences were significant. Contrary to the hypothesis, paired samples ttests indicated that participants were more sensitive, t(14) = 2.99, p = .01, to high salient
validly cued detection stimuli (M = .72, SD = .72) than high salient invalidly cued
detection stimuli (M = .48, SD = .69). No other differences were found between
detection stimuli. Participants were also more sensitive, t(10) = 2.37, p = .039, to low
salient validly cued categorization stimuli (M = .91, SD = 1.19) than low salient invalidly
cued categorization stimuli (M = .64, SD = 1.16). No other differences were found
between categorization stimuli 2.
Experiment 2 Reaction Time Analyses
All RT analyses were conditionalized on correct response. A mixed factors
repeated measures ANOVA was calculated on the between participant factor of task
order (detection first or categorization first) and the within participant factors of decision
(detection and categorization), object type (target and texture/foil), block (1, 2, 3, & 4),
salience (high and low), and cue validity (invalid and valid). There was a marginal main
effect for task order, F(1, 11) = 4.32, p = .062, ηp2 = .28, and an interaction between task
order and decision, F(1, 11) = 54.48, p < .001, ηp2 = .83.
Therefore, another mixed factors repeated measures ANOVA was calculated on
participant blocks 1 through 4 with the between participant factor of decision and the
within participant factors of block, salience, and cue validity. There was a main effect for
object type, F(1, 12) = 14.45, p = .003, ηp2 = .55, such that targets (M = 690 ms, SE = 35)
2

Note. All blocks were examined separately (blocks 1 through 8) and salience had no effect on blocks 5, 6,
7, or 8. Additionally, each block was divided into eight bins and analyzed such that the last half of each
block and the first half of the following block were combined but there were no salience differences.

55

were faster than textures/foils (M = 795 ms, SE = 55). There was no interaction between
salience, cue validity, and decision, F(1, 12) = .06, p = .817, ηp2 = .01. Separate analyses
found a main effect for decision on target reaction times, F(1, 17) = 5.62, p = .030, ηp2 =
.25. Target detections (M = 599 ms, SE = 46) were faster than target categorizations (M
= 742 ms, SE = 39). There was no effect for texture/foil RTs on decision (p = .34).
Experiment 2 Discussion
Similar to Experiments 1A and 1B, the categorizations of upside-down stimuli
were more sensitive than detections, and participants who did detection first were more
sensitive to their second task (categorization) than participants who did categorization
first were to their second task (detection). However, categorizations were slower for
Experiment 2 than Experiment 1B, and it appeared that inverting the stimuli specifically
disrupted categorization because detections were faster than categorizations. Again, as in
Experiments 1A and 1B, there was no interaction between salience, cue validity, and
decision. If salience contributed to object detection, a difference should have been found
with upside-down stimuli because categorization was disrupted.
Finding no differential salience effect for upside-down stimuli challenges the
feed-forward model of perceptual categorization. If object detection was a bottom-up
process that preceded categorization, salience should have affected detection as it did
categorization in Experiment 1A because categorization was disrupted. Because salience
did not affect upside-down stimuli detections when categorizations were more difficult,
but it did affect normal stimuli categorizations, the feed-forward model of perceptual
categorization failed.
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Alternatively, if perceptual categorization is the result of separate categorization
and detection systems, salience may not have affected the categorization of upside-down
stimuli in the same manner as upright stimuli because categorization was disrupted. An
assumption of the separable systems model is that object detection is bottom-up. If
categorization and detection are two processes, bottom-up information should not affect
categorization as it did in Experiment 1A because categorization is a top-down process.
Alternatively, salience should affect detection because it is a bottom-up process. Contrary
to the predictions of the feed-forward model, that pattern was not found.
Similar to the separable processes model, a unitary process model of
categorization, in which categorization is obligatory, would predict no salience effect for
categorization if categorization was disrupted. An obligatory unitary categorization
model would also predict no salience effect for object detection when categorization was
disrupted because object detection would be only another act of broad categorization.
Detection depends on categorization in the unitary process model, and that dependence
may be a problem because upside-down stimuli were detected faster than they were
categorized. However, object detection would not be contingent on correct
categorization. In other words, if detection was a postcategorization decision, correct
categorizations would not be needed in order to make correct object present/absent
judgments. Images would only have to be categorized, and if an image happened to be
miscategorized, the object present/absent decision would be correct regardless the
correctness of the categorization.
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Learning Response Patterns and Task Change Effects
As previously noted, there were unanticipated task change differences between
participants who did detection first and participants who did categorization first in
Experiment 1A. However, Experiment 1A was not directly comparable to Experiment 2
because Experiment 1A had 64 practice trials at the beginning of each task. Experiment
1B and 2 only had 8 practice trials for each task. Although task change differences were
present in Experiment 1A, in order to make a reasonable statistical comparison between
upright and upside-down stimuli, Experiments 1B and 2 were used to examine task
response patterns and task changes. Except for stimuli orientation, Experiments 1B and
2 were identical. Beyond task change differences, task learning may provide insight into
the processes involved in task performance because different skill acquisition patterns
could indicate that different processes were learned.
Task Learning
Task response patterns were examined during skill acquisition for similarities and
differences in task learning. Because Experiments 1A, 1B, and 2 found faster RTs 3 and
sensitivities for categorization than detection, categorization appeared to have preceded
detection. If participants categorized all the stimuli regardless of task, similar learning
patterns should have occurred for both categorization and detection. If the task learning
patterns were different for each task, it would provide a negative case and indicate that
participants learned something different during each task and could not have been
categorizing during both tasks. Alternatively, if the learning patterns were the same, it

3

Note. In Experiment 2, reaction times were slower for categorization than detection but categorization
sensitivity was better than detection sensitivity. However, there was a speed-accuracy tradeoff such that
detection was faster and less accurate than categorization.
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would not necessarily indicate the same thing was learned. It would only suggest
participants may have learned the same thing.
Experiment 1B: Skill acquisition for upright stimuli. Participant blocks 1
through 8 were examined using a mixed factors repeated measures ANOVA with d’
values as the dependent variables. The between participant factor was task order
(detection or categorization first) and the within participant factors of participant block (1
through 8), salience (high and low), and cue validity (invalid and valid). There was a
main effect for the between participant factor of task order, F(1, 38) = 314.71, p < .001,
ηp2 = .90. The data pattern indicated that participants clearly learned something, or
developed a strategy related to the experimental paradigm, that impacted performance.
However, there was an interaction between task order and participant block, F(7, 256) =
7.07, p < .001, ηp2 = .22. The interaction is depicted in Figure 8. The data were
collapsed across salience and cue validity into one variable per block and further
examined by calculating a one-way ANOVA.
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Figure 8.

Experiment 1B: Upright Stimuli Task Order by Participant Block
Sensitivity.

Note. The dashed line is detection first and the solid line is categorization first. Circles
are categorization and squares are detection. The task changed from blocks 4 to 5.
Importantly, the increases in sensitivity for upright stimuli across the first four
blocks for detections and categorizations were not different (all ps > .20) suggesting that
learning occurred at the same rates for the object detection and categorization tasks
across the first four blocks. Therefore, a repeated measures ANOVA was calculated to
examine the learning curves of the first 4 participant blocks. Task order and stimuli
orientation were between participant factors. Decision, block, saliency, and cue validity
were the within participant factors. The 4-way linear function between task order, stimuli
orientation, decision, and block was not significant, F(1, 64) = 1.00, p < .320, ηp2 = .02,
nor was the 4-way quadratic function, F(1, 64) = 2.56, p < .114, ηp2 = .04, indicating that
the learning curves were the same.
However, participants changed tasks from block 4 to block 5, and the learning
curve for blocks 5 through 8 for participants who did categorization first is remarkably
60

similar to the curves for blocks 1 through 4. It is likely that learning the physiological
response components, such as how to press the buttons, contributed to the learning effect,
but physiological response components cannot account for the between participant
differences of blocks 5 through 8 because the same physical responses were required for
both tasks. Therefore, the differences between the patterns for first tasks and second
tasks demonstrated that changes in top-down information occurred beyond learning the
physiological responses.
If participants performed both tasks by categorizing all the stimuli regardless of
the decision, specific response patterns should have occurred. The same response
patterns would have been expected during task learning between participants (blocks 1 –
4), and the patterns were the same. Further, learning should have occurred at the same
rates, if participants performed the same task (blocks 1 – 4), and it did. As noted,
identical patterns of learning may not indicate that the same thing was learned. However,
the skill acquisition patterns do not negate the possibility that the same thing was learned.
Experiment 2: Skill acquisition for upside-down stimuli. The purpose of the
present analysis was to examine the task learning patterns for upside-down stimuli. If
categorization preceded detection, the learning patterns would be the same. As was done
with the upright stimuli, sensitivity for participant blocks 1 through 8, regardless of
decision, was examined using a mixed factors repeated measures ANOVA. Refer to
Figure 9 for an illustration of blocks 1 through 8. There was no main effect for the
between participant factor of task order (p = .75). However, there was an interaction
between task order and decision, F(1, 24) = 52.67, p < .001, ηp2 = .69, such that
participants who did detection first (M = .55, SE = .20) were more sensitive to their
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second task (categorization, M = 1.95, SE = .20) than participants who did categorization
first (M = .84, SE = .18) were to their second task (detection, M = 1.50, SE = .24).
Pairwise comparisons indicated that block 1 was different than block 2 (p = .003) but
there were no other differences between the first four blocks (ps > .09). The difference
between blocks 1 and 2 was probably due to the small sample size being more sensitive
to response variability. Similarly, there were no differences between participant blocks 5,
6, 7, and 8 (ps > .15).

Figure 9.

Experiment 2 Task Order by Participant Block Sensitivity.

Note. The dashed line is detection first and the solid line is categorization first. Circles
are categorization and squares are detection. The task changed from blocks 4 to 5.
As can be seen in Figure 9, with the exception of block 2, the task learning
patterns were the same for participants who did object detection first and participants
who did categorization first. The similarity of the patterns indicated that participants
learned at the same rates across each task.
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Experiment 1A and 2: Task learning comparison. As previously mentioned,
Mack et al.’s (2008) results indicated that presenting the stimuli upside-down disturbed
categorization but not detection. If participants categorized the object detection stimuli
and the categorization stimuli, and categorization was disrupted by presenting the stimuli
upside-down, learning should have been more difficult for the upside-down stimuli than
upright stimuli. In order to examine the differences between task learning for upright and
upside-down stimuli, salience and cue validity were collapsed into one variable for each
block and a between participant task analysis was performed for stimuli orientations. A
mixed factors repeated measures ANOVA was calculated using the d’ values for
Experiments 1B and 2 to compare task learning. The between participant factors were
stimuli orientation (upright or upside-down) and task (categorization or object detection).
The within participant factor was block (1 – 4). There was a main effect for stimuli
orientation, F(1, 62) = 154.47, p = .002, ηp2 = .15. However, there was no effect for task
(p = .17) and no interaction between task and stimuli orientation (p = .56).
Presenting the stimuli upside-down disrupted the process that occurred when the
stimuli were presented upright. The primary reason for examining task learning was to
attempt to find a negative case by finding a pattern that would contradict obligatory
categorization regardless of task. Finding no difference between the skill acquisition
patterns of object detection and categorization may indicate participants made only one
decision. Again, the pattern of results would be expected if participants categorized all
the stimuli. However, there was no way of knowing precisely what was learned, and
assuming the learning patterns demonstrated the same process would be arguing the null
hypothesis. An analysis of the task changes may help identify the process.
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Task Changes
The term “task change” is used in the most liberal sense in the present context,
because it was not like typical “task switching” paradigms. Participants are usually
assigned two tasks during common task switching paradigms, and they are cued to
change tasks (e.g., Yeung & Monsell, 2003). Task changes sometime occur as often as
every few trials and in rapid succession (Monsell, 2003), but in the present experiments,
the task changed once after the first 512 experimental trials. Additionally, in the present
case, due to limitations of the software used for stimuli presentation, separate files were
constructed for each task. When participants changed tasks, a different file was used for
the second task than the first. During the task change the researcher closed the first file,
opened the corresponding file, entered a participant number, etc. New task instructions
also required additional time. Although the time between tasks was not recorded, a
conservative estimate of the time from the last trial of the first task to the first practice
trial of the second task would be 2 minutes. Given the enormous difference between the
length of a test trial measured in milliseconds and a task change that could have been
measured in minutes, the task change differences found by the present research are
probably robust.
Experiment 1B: Upright stimuli task change analysis. Participant blocks 4 and
5 for upright stimuli were examined using a mixed factors repeated measures ANOVA
with the between participant factor of task order (detection first or categorization first)
and the within participant factor of decision (detection and categorization). There was a
marginal main effect for task order, F(1, 37) = 51.30, p = .066, ηp2 = .14. There was no
effect for block (p = .93). However, there was a task order by block interaction, F(2, 37)
= 7.57, p = .002, ηp2 = .29, such that participants who did detection first were more
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sensitive their second task (categorization) than participants who did categorization first
were to their second task (detection). Importantly, there was a switch cost for
participants who did categorization first but participants who did detection first had a task
switch benefit.
Experiment 2: Upside-down stimuli task change analysis. Participant blocks 4
and 5 for upside-down stimuli were examined as was done with Experiment 1B by
calculating a mixed factors repeated measures ANOVA with the between participant
factor of task order (detection first and categorization first) and the within participant
factor of decision (detection and categorization). Task order was not different (p = .22)
and there was no task order by block interaction (p = .46). The only significant result
was for block, F(1, 24) = 13.04, p = .001, ηp2 = .35, such that sensitivity increased from
block 4 (M = .78, SE = .18) to block 5 (M = 1.65, SE = .19). The results indicate that
sensitivity improved for upside-down stimuli when the task changed, regardless of task
order.
Between experiment task switch analyses. In order to examine the difference
between the task switches for upright and upside-down stimuli, a mixed factors repeated
measures ANOVA was calculated on blocks 4 and 5 because participants changed tasks
from block 4 to block 5. Task order and stimuli orientation were between participant
factors and block was a within participant factor. There was a main effect for stimuli
orientation, F(1, 64) = 5.01, p = .028, ηp2 = .07, such that sensitivity for upside-down
stimuli (M = 1.16, SE = .12) was worse than upright stimuli (M = 1.51, SE = .10). There
was also a main effect for task order, F(1, 64) = 4.01, p = .048, ηp2 = .4.01. Participants
who did detection first (M = 1.50, SE = .11) were more sensitive than participants who
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did categorization first (M = 1.18, SE = .12). Refer to Figure 10 for an illustration of the
task switch and the discussion in the following section.

Figure 10.

Upright and Upside-Down Stimuli Task Change Sensitivity.

Note. The dashed lines are upright stimuli, and the solid lines are upside stimuli. Circles
are categorization and squares are detection.
Task switch discussion. Participants who did detection first were more sensitive
to their second task (categorization) than participants who did categorization first were to
their second task (detection) regardless of stimuli orientation. Moreover, the sensitivities
of participants who did detection first actually improved when they changed to the
categorization task regardless of stimuli orientation. However, there was a task switch
cost for participants who categorized upright stimuli when they changed to the detection
task, but there was a task switch benefit for participants who categorized upside-down
stimuli when they changed to the detection task. Critically, there was no interaction of the
switch costs with orientation (p = .50).
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Skill acquisition may explain the task change effects. Doane, Sohn, and Schreiber
(1999) found that processing strategies acquired for contextually similar visual
discrimination tasks could impact performance, both negatively and positively, for
several hundred trials. Thus, participants who did detection first may have developed a
single strategy that worked for both categorization and detection, and participants who
categorized upright stimuli first may have developed one strategy for their first task and
then developed another strategy for their second task. Doane, et al. also found that
processing strategies acquired during easy and difficult tasks transferred to similar tasks,
but the processing strategies learned during difficult tasks resulted in better performance
than the processing strategies learned during easy tasks (also see Doane, Alderton, Sohn,
& Pellegrino, 1996). Similarly, it may have been possible that detection was a more
difficult task than categorization, and participants who did detection first were better at
their second task because it was easier than their first task.
Another possibility was that detection and categorization were accomplished by
the same process, and the detection decision required an additional step (see Pashler,
Johnston, & Ruthruff, 2001). If participants categorized everything first and then made a
postcategorical object present/absent judgment for detection, performance would be
better for categorization than detection. Detection would also be more error prone and
take more time than categorization if participants categorized all the stimuli. As
previously noted, the differential task order effects have implications for theories of
perceptual categorization.
If detection and categorization were separate processes, there should have been
about the task switch cost for both task changes because task switches usually have a cost
(see Monsell, 2003). However, for upright stimuli the task switch was different
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depending on task order. Therefore it is unlikely that detection and categorization are
separate processes. Alternatively, if detection preceded categorization, there may not
have been task change differences because participants would have practiced detection
for both tasks. However, the feed-forward model would predict longer reaction times for
categorization than detection which was not the case. Therefore, it is unlikely that
perceptual categorization is a feed-forward process. Additionally, neither the separable
processes model nor the feed-forward model can account for the task order differences
between upright and upside-down stimuli.
However, the unitary process model of perceptual categorization can explain the
task order differences between upright and upside-down stimuli. If categorization was
obligatory and detection was a postcategorical decision, one would expect a task switch
cost for participants who did categorization first with upright stimuli, because participants
would have to make the additional object present/absent decision in order to do detection.
Detection would also be worse than categorization in the unitary process model, because
the additional decision would require more resources. However, presenting stimuli
upside-down would disrupt obligatory categorization, because successful categorization
would require mentally rotating the objects. Although successful detection could also
depend on mental rotation, it might not for all cases because so long as a test image was
categorized, the detection decision would be correct.
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CHAPTER III
POLICE CAR ANALYSES AND FEATURES
Police Car Detection and Categorization
Police cars are of particular interest to the current study because police agencies
are concerned about police cars being avoided passing motorists and the identification of
police cars in neighborhoods. Collision avoidance could be based on detection if
detection was bottom-up processes, and identifying a police car as such is an act of
categorization. Thus, it might be possible that different color police cars were
categorized and detected differently.
Experiments 1A, 1B, and 2 were designed such that each participant detected and
categorized a block of police cars. The police car data were included in the previously
reported analyses of Experiments 1A, 1B, and 2. However, the police car category was
analyzed separately to address whether black/white and white police cars could be
categorized and detected differently. The small sample sizes for Experiments 1B and 2
did not allow separate police car analyses. Additionally, upside-down police cars are
probably not representative of normal police cars. Therefore, only Experiment 1A was
analyzed and will be reported. Because detection and categorization performance was
near ceiling 4 by block 4 and learning occurred across tasks, only block 1 will be reported.
The data for the police car analysis was from 20 participants in Experiment 1A.
However, two participants were excluded from analyses due to performing below chance
4

Note. Block 4 categorization accuracy was 97.0% (SD = 1.7), and block 4 detection accuracy was 95.6 %
(SD = 2.1).
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(0% and 25% correct). Police cars never served as foils and the results are for targets
only. Additionally, municipal police agencies are concerned with detecting and
categorizing police cars, and because false alarms are not important to their concerns,
only accuracies and RTs were analyzed.
Police Car Accuracies and Reaction Times
A mixed factors repeated measures ANOVA with the between participant factor
of decision (detection or categorization) and the within participant factors of saliency
(high and low) and cue validity (invalid and valid) was performed on accuracies for
blocks 1 to examine police car detection and categorization. There was a marginal main
effect for decision, F(1, 17) = 4.11, p = .06, ηp2 = .21, such that categorization accuracy
(M = 96.2%, SE = 3.8) was better than detection accuracy (M = 84.6%, SE = 4.3). No
other differences were found.
Another mixed factors ANOVA with the between participant factor of decision
and the within participant factors of saliency and cue validity was calculated on RTs.
There were no main effects but there was an interaction between salience (color) and
decision, F(1, 16) = 7.38, p = .015, ηp2 = .32. Mean RT data is presented in Table 10.
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Table 10
Experiment 1A: Mean Police Car Decision by Salience Reaction Times with Standard
Errors for Block 1
Decision

Black/White (High Salience)
M (SE)

Detection
Categorization

White (Low Salience)
M (SE)

659 (43)
602 (39)

611 (56)
657 (50)

Police Car Detection and Categorization Discussion
Police car categorizations were slightly more accurate than police car detections
regardless saliency. The high salient police car images were the black/white police car
exemplars, and the low salient police car images were the white police car exemplars.
There was a RT salience difference between the detections and categorizations of police
car colors. However, the direction was opposite the expected direction. Black/white
police cars (high salient) were detected slower than white police cars (low salient), but
black/white police cars were categorized faster than white police cars. Therefore, the
data indicate that white police cars are better detected, and black/white police cars are
better identified as police cars. Additionally, black/white police cars were categorized
faster than they were detected. In other words, high salient police cars were categorized
faster than they were detected.
Experiment 3: Police Car Features
Although automobile manufacturers offer special service duty vehicles that have
more substantial drive trains and suspensions than regular cars, police cars and regular
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civilian cars are not very different. It is impossible to tell service cars from regular cars
without inspecting the undercarriage parts. However, they are visually different due to
components such as light bars, markings, and possibly paint. Because municipal police
agencies are concerned about police car categorization, Experiment 3 was conducted to
examine the features that constitute a police car because some features may be more
important defining characteristics than others.
Method
Participants. The participants were Mississippi State University undergraduate
students recruited from the Psychology Research Program. There were 26 participants
(15 females, 6 males) with a mean age of 19 years (SD = 1). Participation took
approximately 40 minutes and participants received one hour of credit for their
participation. All participants were naïve to the object exemplars used in the experiment.
Design. All participants categorized police cars and cars. Participants completed
4 blocks of 256 trials in two possible task orders (police cars first or cars first).
Materials and apparatus. All computers, monitors, and button boxes were the
same as those used in Experiments 1A, 1B, and 2. The displayed text color, background,
fixation cross, cue, and mask were the same as those used in Experiments 1A, 1B, and 2.
Non-police car stimuli consisted of 5 colors (black, green, red, white, & yellow) and 19
makes and models (including Crown Victoria and Charger in 5 colors). It was assumed 5
5

Note. The total police car makes and models currently in use were not available. The most recent data
was for 1972. My assumption was based on anecdotal information. Ford Motor Company (2012) claimed
to have 80% of the police vehicle market. General Motors Company only offered a front wheel drive
police car from 2000 to 2011, and based on personal interactions with several police officers, it was not
popular because most officers preferred rear wheel drive. However, those interactions were with police
officers in rural areas and police officers in urban areas may have different opinions. Allpar (2007), a non-
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that Crown Victoria and Charger were the most common makes of police cars. All nonpolice car and non-car foil images were drawn from the 13 non-police car categories used
for Experiments 1A, 1B, and 2.
The police car stimuli consisted of complete police cars and partially complete
police cars. The initial set of complete police car exemplars consisted of 40 exemplars.
Twenty images were Ford Crown Victoria police cars (10 black/white and 10 white) and
20 were Dodge Charger police cars (10 black/white and 10 white). A complete exemplar
of a police car consisted of a car with strobe lights and markings. The feature
manipulated police car images were generated by removing the lights, or the markings, or
the lights and markings from the complete police car images with photograph editing
software. Three types of partial police car images were tested: (a.) police cars with lights
only, (b.) police cars with markings only, and (c.) police cars with no lights or markings.
Additionally, a set of red Crown Victoria and a set of red Charger fire department car
images also served as stimuli, and the features were manipulated in the same manner as
the police car stimuli (complete, lights only, markings only, no markings or lights).
All orientations were side views or angled side views. No directly front or
directly back views were used in order to avoid possible accidental views. Police car
images were yoked in black/white and white pairs for each make such that approximate
orientation and was the same. Additionally, models were similarly yoked on approximate
orientation. Non-police-car car images were also yoked on approximate orientation with
police car images.

manufacturer car fan group, claimed that worldwide about 10,500 Dodge Charger police cars were sold in
2006 and 2007, and that the projected sales for 2008 were 10,000.
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Procedures
All participants categorized police cars and cars. The consent and debriefing
procedures were identical to those of the previously reported behavioral experiments.
The experimental procedure was identical to categorization task in Experiment 1B.
Participants had 8 practice trials on novel non-police car/car stimuli. Participants
completed 4 blocks of 256 trials in two possible task orders (police car first or car first).
Participants received the same stimuli for both categorization tasks.
Each participant received both police car makes (Crown Victoria and Charger) in
both colors (black/white and white) with all feature manipulations (with lights and
markings, with markings only, with lights only, and with no lights or markings). Each
participant also received both makes of fire car stimuli with all feature combinations.
Additionally, each participant received 2 colors of Crown Victoria non-police cars, 2
colors of Charger non-police cars, and 3 colors of other make/ models of non-police cars.
Results
Outlier screening. After correcting for the duration of the mask, 3 trials were
removed for being ≤ 0 ms. Additionally, 5 trials were removed for being ≥ 6 seconds.
No other data were disqualified.
Frequencies. Because the features that constitute a police car were unknown, it
was not possible to define targets a priori. Therefore, the primary measures of interest
were the percentages of categorizing police car and car when given automobile stimuli.
Initially, the data were collapsed across all within participant factors, except car-type, and
examined for possible task order effects by calculating a mixed factors repeated measures
ANOVA. A task order effect was found, F(1, 24) = 28.04, p < .001, ηp2 = .60. People
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who categorized cars before police cars categorized the stimuli more often as cars (M =
61.6%, SD = 31.3) than those who categorized police cars before cars (M = 46.3%, SD =
24.3). However, there was no difference between police car categorizations for task order
(cars first M = 83.1%, SD = 11.5; police cars first 83.0%, SD = 9.4). Due to the task order
effect, only the first participant task will be reported.
All reported data is between participants. Refer to Table 11 for car make target
decision frequencies. People categorized Crown Victorias more often as police cars than
Chargers. Crown Victoria service cars (e.g., police and fire cars) were categorized about
5% more as police cars than Chargers. Additionally, regular Crown Victoria cars
(nonservice cars) were miscategorized as police cars about 22% more than both Chargers
and other car makes and models. Both, service cars and regular cars were equally
categorized as cars.

Table 11
Car Make Response Frequency Percentages.
Stimuli
Charger Service Car
Crown Victoria Service Car
Charger Car
Crown Victoria Car
Other Makes of Cars

Police Car Target
81.0
85.3
*55.4
*65.8
*56.3

Car Target
85.0
87.5
89.1
87.9
86.9

Note. *These figures are the percentages of responding “yes” to police car when the
stimuli were regular nonservice cars (they are false alarms). These are also the only
stimuli that targets can be defined a priori.
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Color was also examined in a similar manner as model. As can be seen in Table
12, black/white service cars were categorized about 11% more as police cars than white
service cars. Additionally, white service cars were categorized as cars about 18% more
than black/white service cars.

Table 12
Color Categorization Percentages by Car Type.
Stimuli

Police Car Target

Fire Service Car
Black/White Police Car
White Police Car
Black Car
Green Car
Red Car
White Car
Yellow Car

57.5
88.8
77.5
*78.1
*70.8
*42.7
*68.8
*56.3

Car Target
86.3
78.4
95.6
83.3
87.5
94.8
91.7
97.9

Note. *These figures are false alarms.
Beyond color, the physical components that make a police car were also of
interest. As illustrated by the categorization frequencies presented in Table 13, whether a
particular feature was present had little effect on the categorization of police cars. Paint
only service cars, which were black/white and white Crown Victoria and Chargers, were
categorized as police cars at a rate of 85%, whereas other colors and makes of cars were
categorized as police cars at a rate of 63.3%. Paint appeared to have been a more
important defining feature of police cars than the other physical features because paint
only cars were categorized as police cars at the same rate as police cars with all features
present. The categorization of color by model by components is presented in Table 14.
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Table 13
Physical Feature Response Frequency Percentages.
Stimuli
All Features Present
Markings Only
Lights Only
Paint Only Service Car
Regular Car

Police Car Target
85.0
81.3
81.3
85.0
*63.3

Car Target
87.5
85.6
85.6
89.4
91.0

Note. *This figure is the percentage of responding “yes” to police car when the stimulus
was a regular car.
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Table 14
Color by Model by Physical Component Response Percentages
Car Make
Stimuli

Red Fire Car

B&W

White

Charger
All Features Present
Markings Only
Lights Only
Paint Only

55.0
47.5
60.0
50.0

82.5
90.0
87.5
87.5

82.5
70.0
72.5
75.0

Crown Victoria
All Features Present
Markings Only
Lights Only
Paint Only

92.5
87.5
87.5
95.0

67.5
57.5
77.5
60.0

82.5
77.5
77.5
82.5

Note. B&W refers to black/white paint.
Experiment 3 Reaction Times
All RTs were adjusted by 117 ms to allow for the duration of the mask. The
reported RT data are for “yes” responses only. Although Crown Victoria service cars
were faster than Charger service cars (Table 15), car categorizations were faster than
police car categorizations. Similarly, all car categorizations were faster regardless of
paint color but white police cars were slightly faster than B&W police cars (Table 16).
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Table 15
Car Make Reaction Times and Standard Deviations.
Stimuli

Police Car Target
M (SE)

Charger Service Car
Crown Victoria Service Car
Charger Car
Crown Victoria Car
Other Makes of Cars

653 (323)
618 (236)
*608 (301)
*652 (333)
*629 (334)

Car Target
M (SE)
557 (241)
571 (297)
547 (195)
532 (173)
603 (260)

Note. *These figures are false alarms.

Table 16
Color Reaction Times and Standard Deviations by Car Type.
Stimuli

Fire Service Car
B&W Police Car
White Police Car
Black Car
Green Car
Red Car
White Car
Yellow Car

Police Car Target
M (SE)

Car Target
M (SE)

673 (362)
643 (307)
627 (252)
*682 (356)
*606 (261)
*623 (313)
*628 (329)
*600 (401)

568 (251)
540 (228)
585 (300)
613 (327)
569 (194)
539 (204)
565 (219)
589 (325)

Note. *These figures are false alarms.
As can be seen in Table 17, all car categorizations were faster regardless of
physical components.
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Table 17
Physical Feature Reaction Times and Standard Deviations.
Stimuli

All Features Present
Markings Only
Lights Only
Paint Only Service Car
Regular Car

Police Car Target
M (SE)

Car Target
M (SE)

648 (280)
627 (252)
651 (326)
616 (229)
*631 (234)

566 (241)
578 (262)
566 (246)
547 (218)
573 (260)

Note. *This figure is false alarm reaction time.
Experiment 3 Discussion
Model and color were more important defining visual features of police cars than
the other physical features. Crown Victorias were identified more as police cars than
Chargers. Additionally, police cars with black/white paint were more readily categorized
as such than those with white paint. Although model and paint affected categorization
strongly, other car makes are used for police cars and knowing the other features that
contribute to police car categorization may be beneficial.
Because make and paint scheme overshadowed the effects of the other features,
the fire car data presented in Table 14 may provide a more accurate estimate of the
contributions of lights and markings to categorization. In other words, the effect of the
paint on police cars may be so powerful that it overpowered the ability to adequately
detect the contributions of the other components. The fire service cars were red and
red/white, and thus removed the effect of typical police car paint from the contributing
components. All fire car exemplars had marking similar to police cars. When present,
labels such as “fire department” were removed from the stimuli.
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Fire cars with all the features were incorrectly categorized as police cars at a rate
of 61.3%, cars with markings only at a rate of 52.5%, cars with lights only at a rate of
61.3%, and cars with paint only at a rate of 55%. Lights only fire cars were categorized
as police cars at the same rate as fire cars with all the components, whereas those with
markings only were categorized at a lower rate. Therefore, lights are a more important
defining component than markings.
Police Car Discussion
Experiment 1A found that black/white police cars were categorized more
accurately than white police cars, but white police cars were ‘detected’ faster than
black/white police cars. The categorization performance for police cars in Experiment 2
replicated the accuracy findings of Experiment 1A but there was a speed-accuracy
tradeoff. The results suggested that white police cars would be better detected and
avoided than black/white police cars, and that black/white police cars would be better
identified as police cars than white police cars when observed driving through a
neighborhood. Despite the results, the conclusion is not warranted because it assumes
that detection and categorization are separate process or that detection precedes
categorization, and as demonstrated by Experiments 1A, 1B and 2, detection does not
precede categorization. Assuming that object detection is a postcategorization decision,
top-down information is the important aspect police car visibility. As such, it depends on
each individual’s conceptualization of police car.
Experiment 3 attempted to determine what features constituted a police car.
Crown Victoria police cars were better categorized than Charger police cars. However,
Crown Victorias are no longer manufactured. Other than indicating that top-down
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knowledge is an important aspect of categorizing police cars, the finding is somewhat
irrelevant. People also categorized black/white police cars better than white police cars,
and the presence of lights was more important than the presence of markings. Although a
black/white paint scheme was better than white for categorization, performance for both
approached ceiling levels. Another manner in which to consider the results was that high
salient police cars (black/white) were better categorized than low salient (white) police
cars. Similarly, Experiment 1A found that high salient objects were categorized faster
than low salient objects.
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CHAPTER IV
DISCUSSION
Police Cars, Detection, and Categorization
The present research investigated the relationship between visual saliency, object
detection, and categorization. It also sought to determine which police car color
(black/white or white) was better detected and better categorized. In addition, the present
research investigated the components that constitute police cars. It was argued that
because salience was calculated on bottom-up characteristics, salience should affect
bottom-up processes, and it was further argued that when attention was allocated, topdown processes could truncate the effects of bottom-up processes. The hypotheses were
based on two assumptions. First, valid object detection could only occur if attention was
free to shift because categorization was obligatory when attention was allocated to a
location. Second, based on previous research, perceptual categorization was either a feed
forward process or separable processes.
Hypotheses
The first hypothesis was that the detection would be better than categorization
when attention was free to shift rather than when attention was already deployed. Along
that same line, the second hypothesis was that categorization and detection would be
equivalent when attention was already deployed rather than when attention was free to
shift. Although there were some cue validity trends at the beginning of the experiments,
the trends were not significant and dissipated as participants progressed through an
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experiment. The cue manipulation may not have worked because the participants were
able to follow the task instructions better than anticipated.
During the experiments when participants reached the end of the written
instructions they were instructed to notify the experimenter. The experimenter then
verbally explained the task a second time and informed participants that in order to do the
task, they should not move their eyes because the images were presented fast enough to
go unseen due to saccadic suppression. The cue onset should have captured attention via
the change in simple luminance at the cue location (Franconeri, Hollingworth, & Simons,
2005; Jonides & Yantis, 1988; Yantis & Jonides, 1984). However, task demands can
influence the orienting of attention such that participants can restrict attention orienting to
specific values (Folk & Remington, 1998, 1999; Folk, Remington & Johnston, 1992;
Folk, Remington, & Wright, 1994). The opposite may be possible; participants may be
able to ignore specific stimulus characteristics, such the blue cue, leading to minimal
cuing effects. Presumably, because there were trends at the beginning of the
experiments, participants had narrowly focused attention at the beginning of the
experiments, and the cueing manipulation somewhat worked at the beginning of an
experiment. However, participants quickly learned to attend to a broad region of the
monitor including all possible cue and target locations causing the cue manipulation to
fail. Given the other findings of the present research, had the cue manipulation worked,
the results would have been the same because salience operated differently than
originally assumed.
The third hypothesis was that detection would be better for high salient objects
than low salient objects for invalidly cued trials, but there would be no saliency
difference for validly cued trials. The final hypothesis was that the categorization of high
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salient objects would be better than the categorization of low salient objects for invalidly
cued trials, but there would be no saliency difference for validly cued trials. Although
performance was better for high salient objects than low salient objects, it did not
differentially affect detection and categorization.
Although the models may be differently interpreted, the feed-forward and
separable processes models of perceptual categorization failed to predict finding no
differential salience effect while also finding higher categorization sensitivity than
detection sensitivity in conjunction with finding faster categorizations than detections.
The feed-forward model would predict that object detections would be faster and more
sensitive than categorizations because detection must precede categorization, and
categorization depends on detection. Conversely, the separable processes model would
predict that salience should affect object detection, but not categorization, because they
are separate systems that rely on different information. Object detection is based on
bottom-up information, or in the least, it should be more related to bottom-up information
than categorization, and categorization relies on top-down information. However,
detection was not affected by manipulating bottom-up sense data, but categorization was
affected by manipulating bottom-up information.
Although neither the feed forward nor separable systems models can explain the
data patterns, the unitary process model of categorization can account for the various
findings in the current data. First, if object detection is postcategorical, sensitivity and
reaction times would be better for categorizations than detection. Second, if
categorization is obligatory and object detection is not able to be separated from a
categorization decision, manipulating bottom-up information should affect categorization
because, in part, categorization relies on the immediate sense data. Third, the detection
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of upside-down stimuli could be faster than categorization because detection would not
depend on correct categorization. Additionally, the differential learning and task order
effects for upright and upside-down stimuli can also be explained by a unitary process.
Nonhypotheses Related Findings
Despite the inaccuracies of the hypotheses, there were several important results of
the current research. Although the results were not anticipated, they provide a better
understanding of ‘object detection’ and categorization. The first finding was a task order
effect such that participants who did detection first were better at categorization than
participants who did categorization first were at detection. Second, for upright stimuli
there was clearly a task switch cost for participants who did categorization first, but there
was a task switch benefit for participants who did detection first. Third, no differential
task switch costs were found between participants who did categorization first and those
who did detection first when the stimuli were upside-down. As previously discussed,
there are several possible explanations for the order effects and switch costs.
One explanation may be that participants who did detection first developed a
single strategy that worked for both categorization and detection, and participants who
did categorization first developed one strategy for their first task and then had to develop
another strategy for their second task (Doane et al., 1999; Monsell, 2003). The feedforward model of perceptual categorization allows that categorization could be improved
after doing detection because participants detected and categorized the same objects. In
other words, they would have practiced detecting the objects they categorized. However,
the feed-forward model would also predict the same improvement for detection after
categorization, because detection must occur before categorization and participants would
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have had the same practice effect for detection regardless of the task they completed first.
Therefore, the feed-forward process model does not predict the present results and cannot
be a viable method of perceptual categorization.
Alternatively, the separable processes model of perceptual categorization would
allow that switch costs could occur, because changing from one task to another is usually
associated with a switch cost (Monsell, 2003), and object detection and categorization are
two independent processes. However, participants who completed detection first
improved when they switched to the categorization task. If perceptual categorization was
two processes, both should have had switch costs unless one task was more difficult than
the other. The differential task switch cost may have been because detection was a more
difficult task than categorization, and participants who did detection first were better at
their second task because it was easier than their first task (Doane et al., 1999). As
previously argued, if object detection was not more efficient than categorization, object
detection would have no useful purpose. Additionally, manipulating sense data should
have impacted bottom-up object detection without impacting categorization if they were
separate processes that relied on different types of information. However, that pattern
was not found. Therefore, the separable processes model of perceptual categorization
also failed to predict the results of the present research.
The final possibility was that detection and categorization were accomplished by
the same process (categorization only), and the detection decision required an additional
step. Specifically, the data indicated that detection was accomplished by first
categorizing the stimuli (e.g., “car”), and then making a postcategorical object
present/absent decision (e.g., “Is a car an object?”). The task switch benefit for
participants switching from detection and categorization could occur because they no
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longer had to make the additional object present/absent decision. Alternatively, people
who did categorization first had a task switch cost because they had to learn to make the
additional post hoc object present/absent decision.
No differential task switch costs occurred for upside-down stimuli because
obligatory categorization was disrupted. Changing tasks is effortful (Pashler et al., 2001).
The differential task switch cost was probably not present for upside-down stimuli
because correct categorizations depended on mentally rotating the objects, and correct
categorizations were more effortful than normal. Put differently, presenting the stimuli
upside-down forced participants to categorize the stimuli deliberately with effort beyond
that of normal upright categorization and it disrupted obligatory categorization.
Sensitivity for upside-down detections was also lower than the sensitivity of upright
stimuli. If object detection was a bottom-up process, there should have been no
sensitivity differences between upright and upside-down stimuli because the bottom-up
sense data was the same.
The differential task changes for upright and upside-down stimuli and the task
switch differences for upright stimuli between participants who completed categorization
first and those who completed detection first are related to finding that categorization was
more efficient than detection. Importantly, if detection preceded categorization, detection
reaction times should never be longer than categorization reaction times, but that pattern
was not found with upright stimuli. Additionally, if detection preceded and was
necessary for categorization, sensitivity should never be better for categorization than
detection. Because categorizations were faster than detections, it implies that
categorization preceded detection or that detection and categorization are two separate
processes. Making an additional post hoc object present/absent decision explains why
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detections of upright stimuli were longer than categorizations. However, it was proposed
that detection was precategorical. The assumptions were that bottom-up objectness was a
precursor for categorization (the feed-forward model) or that bottom-up objectness was
independent of categorization (the separable systems model). However, Bar (2003)
proposed a theory of object facilitation that may indicate objectness is not determined by
using bottom-up processes.
Bar (2003) proposed that the neural processes of top-down object facilitation
occurred because the visual sensory input was divided into high and low frequency
components early in the visual process. In Bar’s model, the coarse low spatial frequency
data was carried by the magnocellular pathway to the orbitofrontal cortex (OFC). Bar
proposed that the OFC selected a set of the most likely candidate objects, and then “back
projected” those “guesses” to the inferortemporal cortex (IT). Additionally, he proposed
that the parvocellular pathway carried the high spatial frequency information directly to
the IT to be reintegrated with the initial guesses from the OFC for a final categorization
decision (also see Fenske, Aminoff, Gronau, & Bar, 2006).
For example, if one was driving and an animal was standing beside the road, the
low spatial frequency information (e.g., blurred sense data) would pass to the OFC, and it
would select possible candidate objects, such as a cow, deer, horse, dog, etc., and send
those guesses to the IT. The high spatial frequency information would travel directly to
the IT and be used to verify one of the initial guesses. Importantly, using both MEG and
fMRI, Bar and colleagues (Bar et al., 2005; Fenske et al., 2006; Kveraga, Boshyan, &
Bar, 2007; Kveraga, Ghuman, & Bar, 2007) demonstrated differential activations for high
and low spatial frequency information, interactions between their proposed structures of
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object facilitation, and that the low spatial frequency traces passed through the OFC to
the IT in the same amount of time it took the high spatial frequency traces to reach the IT.
Put differently, low spatial frequency information was processed in the OFC
before the high spatial frequency information reached the IT. If the OFC selected a
prospective set of object candidates and forwarded those to the IT, detecting objectness
could not exist because selecting a set of possible object candidates is an act of
categorization. Although Bar’s (2003) model was an object facilitation model that was
not proposed as a model of object recognition, it appeared that the categorization of a set
of possible candidates was mandatory, and that initial act of categorizing a set occurred
instead of detecting objectness.
Further, if object detection existed, it should be low spatial frequency because
peripheral vision is low resolution, and if object detection occurred without
categorization, it should be localized in the OFC where Bar and colleagues (2003) found
that low spatial frequency information was processed before the high spatial frequency
trace reached the IT. It would be tempting to assume a feed forward bypass model of
detection and categorization because Bar et al. (2005) demonstrated the low frequency
spatial information was processed before the high spatial frequency information.
However, if the OFC makes guesses about possible objects, it does not detect objectness
but rather it broadly categorizes sense data. Object detections for normally oriented
stimuli took longer than categorizations in the present research, and categorizations were
more efficient than detections. If detection preceded categorization, detection would
always be faster and more efficient than categorization, or at least equally as efficient.
Alternatively, if the OFC made guesses about possible objects rather than detecting
objectness, longer and less sensitive detections would be the result because object
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detection would be a postcategorical decision. Although salience is not based on spatial
frequencies, they were related in the present research.
The fifth important result of the present research was that overall sensitivities and
RTs were better in Experiment 1A for high salient stimuli than low salient stimuli
regardless of decision. It was believed that high salient objects would be processed more
efficiently than low salient objects when attention was free to shift because the
differences would increase the ability to preattentively identify objectness. However,
isolated higher salient objects should have had more distinct features because salience
was, in part, calculated on the differences between the features. Thus, because the
objects were isolated, high salient stimuli also had higher spatial frequencies than low
salient stimuli. If detection was based on low spatial frequency information, high spatial
frequency information should only affect categorization. Therefore, it is unlikely that
detecting objectness and categorization are separate processes because salience affected
both regardless of decision. Participants in the present research appear to have
categorized everything because high salient stimuli were generally more efficient than
low salient stimuli for both categorization and detection. Although previous research
found no difference between detection and categorization, or better detection
performance than categorization performance (Bowers & Jones, 2008; Grill-Spector &
Kanwisher, 2005; Mack et al., 2008), their findings may be explained by several factors.
These factors, such as incomplete shape information, lateral masking, and categorizable
nonobject textures may have worked independently, or in conjunction, to cause different
results in the previous research than the present results.
As previously noted, Bowers and Jones (2008) found better reaction times for
object detection than categorization, but they collapsed their data across textures and
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object images, and they indicated that doing so might be problematic because the texture
decision may be different than the object decision. However, there is another more likely
explanation. Bowers and Jones may have never tested object detection. Their textures
were created using a 1 pixel scramble procedure. It is not clear if Bowers and Jones’
object exemplars had background context, but they indicated their textures were
essentially Gaussian noise masks. In other words, their textures were squares. One pixel
scramble textures were not used in the present research because through Gestalt
continuity, the 1 pixel scramble textures appeared to be squares and the present object
stimuli had no context backgrounds. Additionally, Bowers and Jones provided feedback
for each trial. Participants could have categorized Bowers and Jones’ textures as squares,
and one of Bowers and Jones’ findings was that easy categorizations were faster than
difficult categorizations. If their participants categorized squares against other objects,
squares should have been categorized faster than the other objects because squares are
extremely simple stimuli. Bowers and Jones’ results may have been different with
textures that were not square and had feedback not been provided for each trial.
In their first experiment, Grill-Spector and Kanwisher (2005) found the same
detection and categorization accuracies for normally oriented stimuli. They used a 10
alternative forced choice categorization task and a 2 alternative forced choice (AFC)
detection task. As they indicated, the difference in response complexity alone should
have caused categorization responses to be less accurate than detection responses. The
present research found better sensitivity and RTs for categorization than detection for
upright stimuli. Similarly, Grill-Spector and Kanwisher’s categorization performance
may have been better than their detection performance because the 10 AFC response task
may have underestimated categorization performance, and that underestimated
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performance level may have happened to coincide with the level of detection
performance. However, in their second experiment, Grill-Spector and Kanwisher found
both, the same reaction times and accuracies for detections and categorizations using only
2 AFC response tasks.
Assuming that response complexity did not contribute to Grill-Spector and
Kanwisher’s (2005) results, task difficulty may explain why Grill-Spector and
Kanwisher’s results were different than the present results. Specifically, their
participants may not have been able to use object shape information. Lateral masking is a
reduction in target performance that occurs when targets are flanked by other stimuli
(Bouma, 1970; Huckauf, Heller, & Nazir, 1999; Loomis, 1978; Townsend, Taylor, &
Brown, 1971; Wolford & Chambers, 1983). The more similar targets and flankers are,
and the nearer targets are to flankers, the greater the lateral masking effects (Bouma,
1970; Egeth & Santee, 1981; Estes, 1982; Heller, Huckauf, & Nazir, 1995; Neider &
Zelinsky, 2006; Wolford & Chambers, 1983). Although context can facilitate visual
search (Castelhano & Henderson, 2007; Torralba et al., 2006), some of Grill-Spector and
Kanwisher’s object stimuli were cropped such that the images may not have had enough
background to facilitate object recognition. The segmented context backgrounds can
hinder object identifications due to lateral masking. Additionally, backgrounds can
impede object identification (Gould & Carn, 1973; Neider & Zelinsky, 2006; Wolfe,
Oliva, Horowitz, Butcher, & Bompas, 2002). Lateral masking may have disrupted the
categorization process by forcing component extraction for categorization (see Wolfe et
al., 2002) such that no differences could have been found between detection and
categorization.
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Correct categorization could have required identifying several components
increasing reaction times and decreasing accuracies. Identifying an object would have
been easier than categorization, because identifying a single component, such as a
window, would have been enough to make a detection decision. Additionally, Neider
and Zelinsky (2006) found that people looked at the background first when searching for
camouflaged targets. If Grill-Spector and Kanwisher’s (2005) participants looked at the
background rather than the target, categorization would have been underestimated.
However, their stimuli were centrally presented and participants were likely looking at
the objects.
Although it is not known if their example stimuli were a representative sample of
all their stimuli, Grill-Spector and Kanwisher (2005) had 45 example stimuli in their
article and 26 of those may have had lateral masking concerns. Further, shape
information was compromised in many of their example stimuli because they were
cropped such that the objects were not complete. They do not state their objects were
normed, but assuming they were, depending on the norming method used, partial images
may not have been a problem. However, norming may not have been sensitive to
incomplete shape information. Missing shape information may explain their results,
because categorizations may have been more difficult without all the shape information
than they would have been if the shape information was present.
Similarly, Mack et al. (2008) found no difference between detection and
categorization sensitivity for normally oriented stimuli, but most of their images came
from the same database as those of Grill-Spector and Kanwisher (2005) and could have
had similar lateral masking and incomplete shape information concerns as Grill-Spector
and Kanwisher’s sample images. However, Mack et al. also found better sensitivity for
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the detection of blurred stimuli than the categorization of blurred stimuli. Returning to
Bar’s (2003) object facilitation model, blurred stimuli are low spatial frequency. The
same information would have been processed by the OFC for blurred and high spatial
frequency images. Therefore, the OFC would have sent the same pool of object guesses
to the IT had the participants viewed high spatial frequency images. Assuming
obligatory categorization occurred, object detection could have been better than
categorization because correct detections would not have been contingent on correct
categorizations. For example, suppose the stimulus was a blurred dog. The OFC guesses
may have included dog, cat, horse, and cow (all would have similar low frequency data),
and the chance of correct categorization would have been 25%. Alternatively, making
the object present/absent decision would not require correct categorization and the chance
of correctly making an object present/absent decision would have been 100% as long as a
categorization was made. Thus, for blurred stimuli, detection performance may not
suffer as much as categorization performance because detection performance would not
depend entirely on correct categorizations. However, Mack et al. also found better
detection sensitivity than the categorization sensitivity for upside-down stimuli.
The present research failed to replicate Mack et al.’s (2008) findings for upsidedown stimuli and found greater sensitivity for categorizations than detections. Again,
assuming that categorization was obligatory and that Bar and colleague’s (2003)
facilitation model is correct, there is an alternate explanation for Mack et al.’s findings.
As with blurred stimuli, the object present/absent decision would not require a correct
categorization for a correct detection. Consider an upside-down umbrella. The pool of
object guesses from the OFC could include a normally oriented boat anchor because its
low spatial frequency information would be similar to the low spatial frequency
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information of an upside-down umbrella. Thus, if the upside-down umbrella was
miscategorized as a boat anchor, the postcategorization object present/absent decision
would have been correct, but the categorization would have been incorrect. However, the
high spatial frequency information was available for their upside-down objects and the
correct categorization decision may have been more difficult than their detection
decision, because the only way to correctly categorize the upside-down objects, beyond a
guess based on the initial OFC object candidates, would have been to mentally rotate the
objects and then validate the object guesses. Therefore, correct categorizations would
have required mental rotations but correct detection may not have, and the difference in
mental rotation use could have affected categorization more than detection. However,
that may not have been the case in the present research. The shape information was
probably easier to process in the present research than it was in Mack et al. because their
images likely had missing and masked shape information.
The paradigm used in the present research provided considerably more control
than those used by Grill-Spector and Kanwisher (2005), Mack et al. (2008), and Bowers
and Jones (2008). Their stimuli were imbedded in a normal context background (it is not
clear if Bowers & Jones stimuli were in a context background). Although context
information typically facilitates categorization, the background may have hindered
categorization due to lateral masking. In other words, there is no way of knowing the
context contributions, if any, to Grill-Spector and Kanwisher’s, Mack et al.’s, or Bowers
and Jones’ results. Alternatively, the stimuli for the present research were isolated on a
solid background such that lateral masking was impossible and no context information
was available. Because shape information was always available, and context could not
have facilitated categorization or laterally masked the object images, the present research
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provided a valid measure of object processing alone. The present results indicated that
perceptual categorization was a unitary process.
If perceptual categorization is a unitary process, that process must be
categorization. As previously discussed, the task change differences and switch cost for
participants who did detection first found in the present research can only be explained if
participants categorized all the stimuli. Additionally, salience should have differentially
affected bottom-up detection and top-down categorization, but that pattern was not found.
Further, reaction times were faster and sensitivity was better for categorization than
detection, which indicated that participants performed categorization prior to detection.
Broadly, there was a salience trend for objects, regardless of whether they were targets or
foils, but not for textures. If salience acted on bottom-up object detection, it should have
also affected textures during object detection, because there would be no top-down
information available for these stimuli. However, there was no effect of saliency on the
detection of the textures. Because salience, a bottom-up characteristic, affected stimuli
when they were objects during detection, but not textures that rely only on bottom-up
information, the current results indicate that participants obligatorily used top-down
information, even though it was not necessary for detection. Although the present
research found that object detection was not a valid construct, further inquiry may be
needed.
Future Research Directions
First, if object detection relies on categorization, top-down information should be
manipulated to determine if it differentially impacts so-called ‘object detection’ and
categorization. For example, conceptual priming could be used, and if object detection is
97

a post hoc categorization decision, it should affect categorization and detection in the
same manner. Another possible line of inquiry would be to use stimuli that could be
categorized as two different objects depending on subjective figure-ground separation, or
use stimuli that do not have canonical orientations, and determine if object detection and
categorization were equally efficient.
Concerning salience and police cars, high and low salient stimuli could be used in
a MEG and/or fMRI to determine if salience is related to spatial frequency. Should high
and low salient stimuli differentially act on the OFC and the IT, it would indicate that
salience was related to spatial frequency, which might in turn lead to a better
understanding of eye movements. The differences between high and low salient police
cars may not be practical, because the preconceived notion of police car is probably more
important than the impact of salience. If municipalities want “visible” police cars, all
police cars should be a uniform color and the public educated about that color. Because
the present research found that ‘object detection’ and categorization are a single process
and that black/white police cars were better categorized than white, police cars should be
black/white.
Conclusion
In conclusion, Bowers and Jones (2008) argued that people could know
“something” was moving in peripheral vision before its identity was known. I agree that
people can detect motion without it being linked to an object (see Franconeri & Simons,
2003). However, deciding that it was “something” would be an act of categorization that
would only be a more difficult act of categorization than knowing it was a specific
something. Before determining it was something, the present research suggests that
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observers would assert that it was a specific object, such as a ball. If that categorization
was not validated, and no other guess was immediately available, then and only then,
would the viewer indicate that and unspecified something was present. In other words,
categorization, and not object detection, is the default process.
The present research indicated that the unitary process of perceptual
categorization was the only viable model because categorization is obligatory and socalled object detection appeared to be a postcategorization object present/absent
judgment. Put differently, there is no separable construct of ‘object detection.’ The
existence of center-surround cells and specialized neurons tuned to specific line
orientations has long been known and is well established. That people detect such base
features as lines, colors, textures, and so forth is not in question. However, the current
research indicates that people do not detect objectness independently of categorization.
Nor could they detect object part components, such as the lights on a police car in a
bottom-up fashion, because defining the component as a light bar would also be an act of
categorization.
As others have speculated (Abdel Ramen & Sommer, 2008; Barasalou, 1999;
Martin, 2007), the current results indicated that visual perception is grounded in topdown processes. For example, if one’s police car conceptualization was a car with a light
bar and markings. Rather than detecting objectness or the component parts, such as the
light bar and the markings, before categorizing a police car, one would detect only the
base features. The object would be initially holistically processed, likely in the form of
multiple guesses. The lines and colors of a light bar would be detected as would the lines
that constitute the markings, but those features would not be separately defined as a light
bar and markings prior to being categorized as a police car. However, if one had no
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existing conceptualization of a police car, one would likely categorize it as a specific
object, and the miscategorization would stand until one scrutinized the high frequency
spatial information. If the high frequency spatial information did not validate the initial
categorization, the categorization could be reassessed and the categorization could
change after reading the word “POLICE”, but the correct categorization may not always
be necessary.
Because categorization is obligatory, collision avoidance is also probably
accomplished via categorization. When driving in fog and seeing an object beside the
road, it would be initially categorized as a specific object – a cow for example. An object
present/absent decision may be made after the initial categorization, but it is not
necessary or natural. After realizing the sense data might not represent a cow, one would
not ask oneself if that unknown form is an object. One would ask, “What is that?” As the
driver approached the object and reduced the amount of fog between him and the object,
higher spatial frequency information would become available and the initial
categorization may be corrected. However, the categorization does not have to be correct
for collision avoidance. If the fog was particularly thick, or the driver did not see the cow
in time to have an opportunity to encode the high spatial frequency information, it does
not matter if he thought he swerved to miss the farmer’s cow, when instead, he actually
swerved to miss the farmer’s horse.
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APPENDIX A
SALIENCE RANKING PROCEDURE
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Salience Ranking Procedure
A critical factor in the present experiments was the bottom-up saliency of the
images used in the categorization and detection tasks. To rank the saliency of the objects
within a category, multiple exemplars of each category were evaluated to determine high
and low salience images. Saliency ranking was ordinal. Initially, 22 categories were
normed. Refer to Table 18 for the initial categories. Eight categories were B&W, 13
were colored (yellow, red, and green), and 1 was mixed B&W and colored. It was
assumed that 20 categories were basic level and 2 were subordinate level. B&W objects
were obtained from various internet sites and the remainder of the images came from
Williams (2010). Objects from the initial 22 categories were ranked by saliency for each
category. Software based on Itti and colleagues’ visual salience algorithm (Saliency
Toolbox; Walther & Koch, 2006) was used to predict fixation order and provided an
ordinal rank of salience. As previously noted, visual salience is not object-based, but
rather it is an interaction between features at spatial locations. By placing the objects on
a solid 127 RGB background and predicting the fixations, it was believed that predicted
fixations would coincide with clusters of features which, in the present case, were the
isolated objects.
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Table 18
Initial Categories
Category

Color

Assumed Level

Backpack
Bird
Bottle
Car
Cat
Chair
Cow
Cup
Dalmatian
Dog
Guitar
Hat
Leaf
Lighter
Police Car
Purse
Shoe
Suitcase
Teapot
Toolbox
Umbrella
VW Beetle

Other
Other
Other
Other
B&W
Other
B&W
B&W
B&W
Mixed
Other
Other
Other
Other
B&W
B&W
B&W
Other
Other
Other
B&W
Other

Basic
Basic
Basic
Basic
Basic
Basic
Basic
Basic
Subordinate
Basic
Basic
Basic
Basic
Basic
Basic
Basic
Basic
Basic
Basic
Basic
Basic
Subordinate

As expected, the predicted fixations coincided with object locations. In some
cases, single objects were predicted to be fixated more than once at different locations on
each object. Salience rankings for the respective objects were determined by predicted
fixation orders such that the first object predicted to be fixated was ranked as highest
salient, the second object as the second highest salient, and so forth. When it occurred,
repeated fixations on the same object were ignored for the purpose of salience rankings.
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Depending on the initial number of category exemplars, several iterations were used to
determine salience ranking. Once the four highest and four lowest salience exemplars for
each category were determined, they were placed in another array and fixations were
predicted again to verify salience ranking.
The colored object exemplars were initially 90 × 90 pixels. White, silver, and
blue object exemplars were not used for colored stimuli. White was reserved for the low
salience counterparts of the high salient black/white objects. Silver was excluded
because it was unclear if the contrast difference between silver objects and the gray
background would affect detection beyond any salience differences. The cue and text
were blue, so blue objects were excluded to avoid the possible color priming of blue
objects (see Lamy & Zoaris, 2009). Thus, depending on whether an available color was
excluded, there were initially 2 or 3 colors of colored exemplars (green, red, and yellow).
Three categories consisted of three colors and the remaining ten colored categories
consisted of only two colors. First, twelve exemplars of a single color from each colored
category were placed in arrays and fixations were predicted. The first 4 objects predicted
to be fixated (4 highest salience of a single color) and last four objects predicted to be
fixated (4 lowest salience of a single color) from each color group within a category were
placed in an array. Thus, the second iteration of each colored array consisted of either 16
exemplars of a single category (8 exemplars of 2 colors), or 24 exemplars of a single
category (8 exemplars of 3 colors). Fixation order was determined for the second array.
See Figure 11 for an illustration.
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Figure 11.

Second Iteration Teapot Fixation Predictions to Select Highest and Lowest
Salience Exemplars.

Note. The first predicted fixation was to the third teapot in the first row (highest
salience), and the second predicted fixation was the second teapot in the last row, and so
forth. The last predicted fixation was to the first teapot in the second row (lowest
salience).
The 4 highest salience and 4 lowest salience object exemplars regardless of color
were placed into a new category arrays and the Saliency Toolbox (Walther & Koch,
2006) was used to predict fixations to verify saliency rankings. See Figure 12 for an
illustration of an 8 object array. Finally, the images were resized to 100 × 100 pixels.
B&W object exemplars were initially 100 × 100 pixels. Because visual salience
calculations are based on differences between adjacent spatial locations, it was assumed
that black/white objects would be more salient than white objects, because the
black/white objects had differences where black and white met that white objects did not
have. With the exception of police cars, 18 black/white exemplars from a single category
were placed in an array and fixation order was predicted each black/white object array
(see Figure 13).
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Figure 12.

Final Iteration Teapot Fixation Predictions to Verify Saliency Rankings.

Note. The first predicted fixation was to the first teapot in the bottom row and the last
was to the second teapot in the first row.

Figure 13.

First Iteration Black/White Shoe Fixation Predictions to Select High Salient
Exemplars.

Note. Only the 4 highest salient objects were of interest. The third shoe in the third row
was predicted to be fixated first.
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Similarly, 18 white exemplars from a single category were placed in another array
and fixation order was predicted for white object array as well (see Figure 14). The 4
highest salience black/white objects were placed in an array with the 4 lowest salience
white objects from each category. Thus, each final B&W category array consisted of 8
objects (the 4 highest salience black/white objects and the 4 lowest salience white
objects). Fixations were predicted for each B&W category array to verify saliency
rankings (see Figure 15).

Figure 14.

First Iteration White Shoe Fixation Predictions to Select Low Salient
Exemplars.

Note. The program was stopped before the last fixation prediction. It would have been
the fourth shoe from the left in the second row. The final predicted fixations were from
the fourth shoe in the first row, to the second shoe in the same row (but that was a second
fixation), to the first shoe in the second row, back to the second shoe in the first row and
to the first shoe in the first row.
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Figure 15.

Final Iteration B&W Shoe Fixation Predictions to Verify Saliency
Rankings.

Note. The black and white shoes were predicted to be fixated before the white shoes.
However, they were predicted in a slightly different order than they were for the 18
exemplar black/white shoe array. The predictions were completed several times and the
black and white shoe order changed several times but they were always predicted before
the white shoes. It was assumed the black and white shoes were about the same salience
but because the high and low salience groups were dichotomous, the order was not as
important as the high and low salience groupings.
Police cars rankings required additional iterations because there were more police
car exemplars than exemplars of the other B&W categories. Initially there were 30
black/white police car exemplars and 28 white police car exemplars. Two black/white
police car arrays (15 exemplars on each) and 2 white police car arrays (14 exemplars)
were made. Fixations for each array were predicted with the Saliency Toolbox (Walther
& Koch, 2006). The 8 highest salience black/white police cars from each black/white
array were placed in an array (16 high salience exemplars). Similarly, the 8 lowest
salience white police cars from each array were placed into an array (16 low salience
exemplars). Fixation order was predicted for the 16 exemplar black/white police car
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array and the 16 exemplar white police car array. The 4 highest salience black/white
police cars and the 4 lowest salience white police cars were placed into an array and
predicted fixation order was verified. Additionally, the high salient police cars
(black/white) were placed into three arrays with all white police car exemplars, and
fixations were predicted to verify that the high salient white police cars were not higher
salience than the black/white exemplars (3 arrays were needed to include all white police
car exemplars).
The colored low salience dog exemplars were selected using the same process as
that used to select the objects for the other colored categories. The high salience
Dalmatian exemplars were selected using the same process as the other B&W categories.
The 4 highest salience Dalmatian exemplars (black/white) were placed in an array with
the 4 lowest salience colored dog exemplars. Fixation order was predicted for the
Dalmatian array to verify the salience rankings.
With the exception of cups, all object exemplars for each category were predicted
to be fixated in their correct groups (e.g., the high salient before the low salient). Two
white cups were predicted to be fixated in the high salient group (before 2 black/white
cups). An inspection of the suspect cup exemplars revealed they had areas of high
reflection that produced areas of high and low contrast within the images. Therefore,
photo editing software was used to adjust the contrast of the white cups in question by
30%. After which, new arrays were constructed and fixations were again predicted for
the cups. All the black/white cups were predicted to be fixated before the contrast
adjusted white cups.
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APPENDIX B
OBJECT NORMING
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Object Norming
Norming Design and Stimuli
Norming was necessary to ensure that the category labels assigned to the objects
were correct and that police car performance was not worse than car performance. Two
between participants object norming procedures were completed, prelabel and postlabel.
The same labels and stimuli were used for both procedures. A label was presented before
each object in the prelabel condition. However, previous research presented labels after
images (e.g., Grill-Spector & Kanwisher, 2005; Mack et al., 2008; Bowers & Jones,
2008), and other research (Costa, Alario, & Caramazza, 2005) found that words
superimposed on images could interfere with and/or facilitate picture naming. It was not
clear if presenting labels before objects would differentially impact accuracies and
reaction times for basic and subordinate level categories, so a second norming was
completed in which the label was presented after each object (postlabel condition).
Participants. The norming participants were Mississippi State University
undergraduate students recruited from the Psychology Research Program. Participants
received 0.5 hours of course credit for their participation. Because overall performance
on the norming task was generally high, a participants’ data was excluded if participant
accuracy was below 80%. No participants were disqualified from the prelabel condition
and the mean age of the prelabel participants was 19.4 years (n = 20, SD = 1). Two
participants with accuracies of 76.7% and 68.5% were replaced for the postlabel
condition. One participant was not wearing her corrective vision devices and that likely
affected her performance. However, it is not clear why the other participant’s
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performance was poor. The mean age of the acceptable postlabel participants was 19.4
years (n = 20, SD = 0.8).
Norming stimuli. The object exemplars were 100 × 100 pixels images of real
world objects that subtended 4.65° × 4.65° of visual angle at 56 cm viewing distance.
The normed objects were the objects selected by the previously reported saliency ranking
procedures. Thus, 8 objects from 22 categories were normed. However, the 4 high
salient Dalmatian exemplars also served as the 4 high salient black/white dog exemplars.
Due to stimuli overlap between the Dalmatian and dog categories (4 exemplars), only 172
object exemplars were normed. All participants normed all object exemplars. A target
was present for 50% of the trials and a foil object was present for 50% of the trials.
Trials were randomly presented. There were 352 target present trials (16 target trials for
each category label) and 352 target absent trials (16 foil trials for each category label) for
a total of 704 trials per condition. With the exception of the high and low salience
Dalmatian exemplars and the low salience dog exemplars 6, all object exemplars were
viewed twice as targets (8 exemplars × 2 = 16 target category views).
A random number generator was used to select foil objects from the category
exemplars that were not target categories for each particular participant. However, car,
police car, and Volkswagen Beetle exemplars were never matched as foil-target pairs.
Similarly, Dalmatian exemplars and dog exemplars were never matched as foil-target
pairs. Additionally, for each participant, the foils were drawn so that no foil exemplar
was paired more than once with the same target category, and the foils matched the target
6

Note. The low salience Dalmatian exemplars were seen as Dalmatian targets (4 exemplars X 2 = 8 target
category views) and the high salience Dalmatian exemplars were seen as Dalmatian targets (4 exemplars X
2 = 8 target category views) and as the high salient dog targets (4 exemplars X 2 = 8 target views). The
low salience dog exemplars were only seen as dog targets (4 exemplars X 2 = 8 target category views).
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on salience rank. In other words, if the target was the second object predicted to be
fixated in the target label category, the foil for that particular object was the second object
predicted to be fixated in the foil object category.
Apparatus. Trial arrays were displayed at a resolution of 800 × 600 pixels × 24
bit color on CRT computer monitors with 75 Hz refresh rates 7 (13.33 ms vertical blink).
E-Prime software was used to control trial presentations (Schneider et al., 2002), and all
responses were input via a standard button box by participants.
Norming method and procedures. When participants arrived at the lab, they
were asked to be seated at a table and given an informed consent form. They were asked
to read the consent form and prompted for questions. If participants had no questions, or
after the researcher answered any questions, the participants were asked to sign the
consent form. Once consent was obtained, the participants were asked to complete two
brief demographic questionnaires. After completing the demographic forms participants
were seated at an isolated computer station for the norming procedures. Each norming
procedure took approximately 20 minutes to complete. Once norming was completed,
participants were given a debriefing form and prompted for questions. After the
researchers answered any questions the participants had, the participants left.
Two between participant norming procedures were completed. Participants were
provided category labels prior to image presentation for one procedure (prelabel), and for
the other procedure category labels were presented after object exemplars (postlabel).
Each norming procedure consisted of one block of 704 experimental trials. Both
norming procedures started with an instruction screen that was followed by two practice
Note7. The hardware setting was 75 Hz but the screen was drawn at a mean 74.99714 Hz (SD = 0.000867
Hz, calculated across both experiments.
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trials. Feedback was provided for the practice trials. The final feedback screen prompted
participants for questions. If a participant had no questions, or after the researcher
answered any questions a participant had, the participant initiated the test trials by
pressing a go button. No feedback was provided for the test trials.
Prelabel norming. After the practice trials, during the prelabel condition, a
category label was presented. The label remained visible until participants pressed a “go”
button to initiate stimuli presentation. The stimulus was presented for 66.067 ms (SD =
1.87 ms) followed by a response screen. The response screen remained visible until a
response was made. The prelabel norming procedure is illustrated in Figure 16.
Participants were expected to determine whether the stimulus matched the label. The
response was a yes/no decision. Another category label was presented after the response,
and the trials proceeded in the same fashion until a participant had completed all trials.
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Figure 16.

Prelabel Norming Procedure.

Note. Example stimuli were enlarged for illustration.
Postlabel norming. During the postlabel procedure a “go” screen was presented
after the practice trials, and participants initiated stimulus presentation by pressing the
“go” button. The stimulus was presented for 66.090 ms (SD = 1.79 ms) followed by a
category label/response screen. The label/response screen remained visible until a
response was made. The postlabel norming procedure is illustrated in Figure 17. The
response was a yes/no decision. The response was followed by another “go” screen, and
the trials similarly proceeded until a participant had completed all trials.
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Figure 17.

Postlabel Norming Procedure.

Note. The example stimuli are not to scale.
Norming Results
Norming data was initially screened for outliers. Z scores were calculated for
prelabel and postlabel object accuracies, and a repeated measures ANOVA was
calculated on the standardized prelabel and postlabel results to determine the
appropriateness of combining prelabel and postlabel norming data. No differences were
found and the data were combined.
Outliers. The norming data were screened for outlier responses. Four responses
with reaction times of 0 ms were excluded because they were likely measurement error.
Mean reaction times were calculated for each object (across participants), and responses
that were 2.5 standard deviations from the mean for an object were deemed outliers and
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excluded from analyses. The process was iterative. The farthest outlier was removed
first, and means and standard deviations were calculated again in order to determine if it
was necessary to disqualify another datum point for a particular object. Mean object
reaction times ranged from 244 ms to 1500 ms for the prelabel condition and from 34 ms
to 2099 ms for the postlabel condition. Approximately 8.3% of the data were
disqualified.
Reaction times and accuracies. Based Grill-Spector and Kanwisher’s (2005)
results, Volkswagen Beetle was believed to be a subordinate category of car. The mean
combined prelabel and postlabel norming accuracies and reaction times are presented in
Table 19). The combined mean accuracy rate for Volkswagen Beetle 8 was 87.9% (SD =
2.73) in the current norming. Police car performance was of particular interest. If police
car was a subordinate level of car, categorization performance should have been worse
than car and about the same as Volkswagen Beetle. The mean accuracy rate for police
car was 95.8% (SD = 1.84) and the mean reaction time was 575.8 ms (SD = 156) while
the mean accuracy rate for car was 94.3% (SD = 2.09) and the mean reaction time was
624 ms (SD = 172). Norming performance did not suggest that police car was a
subordinate level of car, and therefore, police car was considered a valid category for the
detection and categorization tasks.

8

Note. Similarly, based on Grill-Spector and Kanwisher’s (2005) results for German Shepherd and dog,
Dalmatian was thought to be a subordinate category level of dog. However, Dalmatian performance was
considerably higher than Volkswagen Beetle performance and Dalmatian accuracy was almost as good as
dog accuracy while Dalmatian reaction times were faster than dog reaction times. Dalmatian accuracy and
reaction times suggested that Dalmatian was not a subordinate level category of dog. Dalmatian may be a
unique category or people may have Dalmatian expertise that could have developed from portrayals of
Dalmatians in the modern media.
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Table 19
Norming Accuracy and Reaction Time Means and Standard Deviations
Category
Backpack
Bird
Bottle
Car
Cat
Chair
Cow
Cup
Dalmatian
Dog
Guitar
Hat
Leaf
Lighter
Police car
Purse
Shoe
Suitcase
Teapot
Toolbox
Umbrella
Volkswagen Beetle

Accuracy
94.9
95.9
90.6
94.3
95.6
94.9
96.1
93.6
96.2
97.1
94.1
96.8
93.3
92.1
95.8
93.1
93.4
90.3
96.4
93.1
95.5
87.9

(SD)
(1.92)
(1.97)
(2.90)
(2.09)
(2.01)
(2.20)
(2.07)
(2.43)
(2.52)
(1.66)
(1.89)
(1.70)
(2.19)
(2.91)
(1.84)
(2.28)
(2.42)
(2.67)
(1.85)
(2.22)
(1.69)
(2.73)

Reaction Times

(SD)

631.3
598.1
700.4
623.8
612.1
631.2
631.9
628.8
584.4
600.2
633.9
614.2
616.4
662.1
575.8
639.9
627.7
671.9
633.9
617.4
608.7
648.6

(208.6)
(180.5)
(269.9)
(172.5)
(184.0)
(182.4)
(207.6)
(193.8)
(183.2)
(184.5)
(195.7)
(173.0)
(198.4)
(227.5)
(156.4)
(191.6)
(183.3)
(212.2)
(185.4)
(174.0)
(174.3)
(209.3)

Note. These figures represent the means of the combined mean accuracies and mean
reaction times of the prelabel and postlabel conditions.
Item analyses. Although lighter, bottle, and suitcase were assumed to be basic
level categories, an item analysis was performed because participant accuracies were low
when those categories were compared to the other categories. The item analysis revealed
that performance for 6 exemplars was unacceptable (2 each from the 3 categories).
Specifically, performance was at chance for 2 lighter exemplars and 2 bottle exemplars.
The suspect lighter exemplars were atypical in that one was cased in wood and brass, and
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the other was a marble table lighter. The questionable bottle exemplars were also
atypical in that one was polished aluminum with red paint and the other was a large
brown jug.
Suitcase performance was lower for hard-sided carry-type rectangular suitcases
than newer soft suitcases with wheels. Three of the suitcase images were hard
rectangular suitcases and they pulled down overall suitcase performance. It may have
been that participants thought they were briefcases rather than suitcases. Context may be
needed to provide a unifying background to distinguish between suitcases and briefcases.
Without a naturalistic background for relative size judgments, a large hard-sided suitcase
could easily be thought to be the size of a briefcase. Another possibility is the
participants may be unfamiliar with the hard side suitcases and, for that demographic
(approximately 19 years of age), a suitcase may need wheels in order to be categorized as
a suitcase.
Performance for the cow category was acceptable at 96.5% but the item analysis
also revealed problems with 2 low salient cow images and 1 high salient cow image. The
suspect cow images were actually images of bulls/steers and an image of a calf.
Apparently, participants distinguished between cows, bulls/steers, and calves rather than
categorizing all the exemplars as cows. Therefore, the item analysis indicated that the
lighter, bottle, suitcase, and cow categories were not suitable categories for the behavioral
experiments.
Norming Discussion
Because accuracies were higher and reaction times were faster for police car than
car, police car may be a unique category. However, all participants were drivers, so
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superior police car performance could also suggest participants have expertise
categorizing police cars. No conclusion about the categorical levels of Dalmatian or
police car is warranted without further investigations that are outside the scope of the
current research. As previously noted, norming was primarily conducted to determine if
the labels were appropriate for the categorization task.
Based on the norming results and other considerations, 8 of 22 salience ranked
categories were excluded from the detection and categorization tasks. The subordinate
level categories were included as a validity check. Generally, performance is worse for
subordinate level categories than basic level categories. Because performance for a
known subordinate level category for the current norming was 87.9% (Volkswagen
Beetle), a minimum accuracy criterion of 93% was used for inclusion in the detection and
categorization task. Lighter, bottle, and suitcase were disqualified for failing to meet the
minimum criterion of 93%. Volkswagen Beetle was disqualified because it was assumed
to be a subordinate category of car. Dalmatian was excluded because it was initially
assumed to be a subordinate category of dog, and dog was excluded because it was a
mixed black/white and color category. Car was excluded to prevent possible confusion
between the shapes of car and police car. Despite the accuracy of the cow category being
acceptable, the item analysis revealed problems with 2 of the 4 low salience cow images
and 1 high salience cow image. Therefore, cow was excluded due to having bad
exemplars.
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APPENDIX C
TEXTURE SELECTION
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Nonobject Textures
Initial textures were generated by scrambling at 1 × 1 pixels as well as 5 × 5
pixels. However, the 1 × 1 scrambled textures resembled a square noise mask, and due to
Gestalt continuity, many of the 5 × 5 scrambles resembled squares. Refer to Figure 18
for sample textures at each scramble level. The 10 × 10 scrambled textures were used
because they were less square than lower level scrambles, and they preserved many
features of the original object.

Figure 18.

Scrambled Nonobject Textures and Corresponding Objects

Note. The sample textures were made from the objects at the left.
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Visual salience is a difference calculation and most naturalistic object exemplars
are not square. An 800 × 600 pixel computer monitor is a two dimensional plane that
constrains the manipulation and use of images. Common practice is to define objects as
having equal length horizontal sides and equal length vertical sides. Although it is not
necessarily an equilateral square, it essentially forces irregularly shaped two dimensional
images to operate in a flat pixilated squared world. The initial object exemplars were
created by making their longest dimension 100 pixels and the background was used to fill
the difference between shorter object dimensions and the object area defined as 100 ×
100 pixels. In other words, the 127 RGB background filled in the area where no object
parts were present to make the 100 × 100 pixel square area defined as an object extent.
By scrambling the exemplars, the salience of the nonobject textures should have
been different than the objects from which they were generated, because the textures had
10 × 10 pixel background squares interspersed in the areas previously occupied by solid
portions of the objects which increased the line distance differences between where the
background met the object parts. For example, in Figure 18 the high and low salience
textures for their respective categories are from the top to the bottom of the 10 × 10
textures. However, the objects that generated them were not ranked as the highest or
lowest salience exemplars from the respective categories, because textures may have
additional differences not in the original objects. For example when a 10 pixel gray
background square was surrounded by a previously solid portion of an object, the image
would have a 40 pixel long line where gray met the object (10 pixels for each side of the
square) that the original object did not have. Additionally, gradual shading and subtle
color variations due to the naturalistic lighting of an image could abruptly change when
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an object is scrambled, which can also translate into higher visual salience for nonobject
textures than original object exemplars.
As previously noted, the primary measure of interest for categorization and
detection tasks was intended to be d’ prime sensitivity based, in part, on false alarms. If
the nonobject textures were higher salience than the objects being detected, and detection
depended on salience as proposed, participants could be better at correct rejections for
high salience textures than detecting high salience objects which could have biased
sensitivity. Using a similar procedure as that used to rank the object exemplars by
salience, the textures made from the exemplars of each category were placed on 127
RGB backgrounds to create a nonobject texture array for each category, and fixations to
the textures were predicted to rank order the textures for each category. As anticipated,
the rankings of the textures were usually different than the object exemplars from which
the textures were generated.
The highest salience and lowest salience textures from each category were placed
into an array with the 8 object exemplars of their respective categories. Thus, each array
consisted of the highest salience texture, the lowest salience texture, the 4 high salience
objects, and the 4 low salience objects from a single category. In order to determine the
relationship between the saliency of the objects and the saliency of the textures, fixations
were predicted for each array. Refer to Figure 19 for an example of fixation predictions
for an object-texture array.
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Figure 19.

Fixation Predictions for the Backpack Object-Texture Array.

Note. The high salience backpacks are located above the textures with the most salient at
the 300x by 100y coordinate. The left texture is the high salience texture and it was
predicted to be fixated after the fourth highest backpack but before any of the low salient
backpacks.
Nonobject textures were chosen with lower salience than the salience object
groups. For example, if the highest salience texture was not predicted to be fixated after
the 4 high salience objects but before the 4 low salience objects, it was replaced with the
next highest salience texture until a texture was found that was predicted to be the fifth
cluster fixated. Similarly, low salience textures were selected that were predicted to be
fixated after the low salience objects. The process was repeated for all categories, but
two categories were problematic.
There were no 10 pixels scramble purse or teapot textures that fell into the desired
high salience texture range. A 5 pixels scramble purse texture was used instead of a 10
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pixels scramble. However, other size scrambles (1, 2, & 5 pixels) failed to produce a
suitable teapot texture. Initially, varying amounts of black (0 RGB) was added to several
10 pixels scramble teapot images. The texture that was changed the least (e.g., had the
least amount of black added), and that was higher salience than the low salience teapot
exemplars but lower salience than the high salient teapot exemplars was used. It was
made by replacing 1 solid block (a 10 × 10 pixels square) of teapot image with black (100
pixels), replacing 1 solid block of gray background with black (100 pixels), and by
adding black to the background gray portion only of a block that was about 25%
background gray (about 75% of that block was part of the image). Therefore,
approximately 225 pixels of black color were added to a high salience teapot texture to
produce a texture in the acceptable range. However, the modified textures did not impact
the results because performance for the modified textures fell near the middle of the
variability range of the nonmodified textures.
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APPENDIX D
PILOT TESTING
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Pilot Method
Informal, as well as formal, pilot testing was completed in order to determine the
best parameters for the detection and categorization tasks. Different stimulus
presentation rates, different masks and mask presentation rates, as well as different cue
sizes and cue presentation rates were tested. Additionally, several computers, monitors,
and computer-monitor combinations were tested in order to test different screen refresh
rates.
Participants
Fourteen volunteer undergraduate and graduate students served as pilot task
participants. Six were lab assistants in the lab where the current research was conducted,
and each completed partial or full task blocks multiple times for the primary purpose of
determining the physical parameters of the nontest object stimuli. Lab assistants were
also used to narrow the possible timing parameters. However, object exemplar
familiarity affected task performance. People who previously worked on the images
could do a task at image presentation rates that other people, who had not worked on the
images, reported being unable to see the stimuli. The additional volunteers were naïve to
the images and their purpose was to test the timing parameters for naïve participants.
A final method change was made after collecting data from 12 experiment
participants. They were Mississippi State University undergraduate students recruited
from the Psychology Research Program. Participants received 1 hour of credit for
participation.
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Apparatus
Different computer and monitor combinations were used in order to determine the
acceptable refresh rate for stimulus displays. Several refresh rates were tested (60, 70,
72, 75, 85, 100 & 120 Hz). Although one computer/monitor combination supported 100
and 120 Hz refresh rates, time audits indicated it wrote at 85 Hz regardless the hardware
settings. Software and driver updates failed to generate the desired refresh rates. The
apparatus in question was several years old, and the failure was probably due to
insufficient random access memory (RAM) and front side bus to adequately write full
screen bitmap images. However, the RAM could not be increased because no additional
memory slots were available. The tested apparatuses had vertical blinks of 16.66, 14.29,
13.88, 13.33 and 11.76 ms.
Timing Parameters
Rationale. The capability of the apparatuses constrained all possible timing
parameters and several overarching timing considerations beyond the mechanical
limitations of an apparatus were also considered. One objective was to present the cue at
a duration rate that would sufficiently capture attention, but not allow for an eye
movement to be deployed to the cue. Similarly, another consideration was that test image
duration rates needed to be fast enough that attention could shift but also be too fast for
an eye movement to be made while allowing participants access to enough information
that an object could be detected and categorized. Additionally, in order to collect
reaction time data, the timing from cue onset to mask offset had to be faster than a person
could physically respond.
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Test image duration. Based on previous detection and categorization research
(Grill-Spector & Kanwisher, 2005; Mack et al., 2008; Bowers & Jones, 2008) and
previous research on scene gist extraction (Thorpe et al., 1996) the optimal stimulus
presentation time was thought to be between 20 ms and 50 ms. Verbal reports from the
initial pilot participants and the results from naïve participants indicated that they could
not see the images when they were presented at fast durations (e.g., 28.58, 27.76, 26.66
or 23.52 ms). However, some lab assistants could perform the tasks at the faster
durations. Therefore a stimulus presentation time of 33 ms was selected.
Nontest stimuli durations. Due in part to the variability of the vertical blinks of
the tested apparatuses and in part to refinements made from pilot participant feedback,
various nontest stimuli timing parameters were piloted. However, all timing refinements
were mindful of the previously mentioned timing objectives.
Nontest Stimuli Composition
Rationale. Pilot testing was used to refine cue and mask composition as well as
to test presentation rates of the cue and mask. All text and non-test objects, except for the
mask, were initially blue.
Cue. An 80 × 80 pixel solid blue circular cue (255, 0, 0 RGB) was initially tested
followed by a 60 × 60 pixel solid blue circular cue. During invalid cue trials, both
produced afterimages that bled through the initial mask. The cue was finally reduced to
25 × 25 pixels and rather than further adjusting the cue, the mask was adjusted.
Mask. The dimensions of all tested masks were 388 × 100 pixels. The purpose
of the mask was to abbreviate bottom-up processing by wiping the sensory registers. A
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mask was needed that would be strong enough to prevent an afterimage, because an
afterimage could be processed after the physical presentation of a stimulus ceased.
Although the effect of visual salience on afterimages is unknown, it seems likely that
higher salient stimuli could have more persistent afterimages than lower salient stimuli.
Any differences in afterimage persistence between high and low salience stimuli could
essentially result in differential time rates that objects were available for processing.
Mask 1. The first tested mask was a Gaussian noise mask with a low noise level
created from a solid white 388 × 100 pixels image (depicted in Figure 20). However,
object after afterimages persisted and were visible through it.

Figure 20.

Mask 1: Low Level Gaussian Noise Mask

Mask 2. A second mask was created by placing two concentric 2 pixel width
black circles (40 and 80 pixels diameters) with 2 pixel width vertical, horizontal, and
diagonal lines that bisected the center of the circle on a 100 × 100 pixel swatch of 127
RGB background. The image was duplicated 5 times and placed side-by-side to make an
image that was 500 × 100 pixels and it was scrambled at 10 pixel intervals. In other
words it was cut into 10 × 10 pixels parts that were randomly rearranged. It was cropped
to 388 × 100 pixels. It was not piloted by participants. I initiated one trial and the cue
and a colored test object left afterimages that bled through the mask.
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Mask 3. Another mask was created by placing equal sized vertical swatches of
black, white, red, yellow, green, and background gray in an image and scrambling it
(depicted in Figure 21). However, it failed because it unfairly biased against detection of
the nonobject textures. The textures were also scrambled images and the textures were
not discriminable from the mask.

Figure 21.

Mask 3: Multicolor 10 Pixel Scrambled Mask

Mask 4. Another Gaussian noise mask with the maximum noise level was created
from a swatch of 388 × 100 pixels background (see Figure 22). No pilot participants
reported problems with the Gaussian high noise mask and it was thought to be suitable
for the behavioral experiments. However, 4 of the first 12 regular experiment
participants reported being able to do the task because an afterimage was visible in the
mask. Therefore, their data was spoiled and another mask was generated.

Figure 22.

Mask 4: High Level Gaussian Noise Mask
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Mask 5. The final mask was created from Mask 3 (the colored scramble mask).
The “ocean ripple” effect in the “distort” function of a popular image editing software
was used in modify Mask 3. The multicolored scrambled ocean rippled distorted mask
(Mask 5) was used for all behavioral experiments and it is depicted in Figure 23.

Figure 23.

Mask 5: Multicolored Scrambled Ocean Rippled Distorted Mask

Fixation cross. The initial fixation point for all experimental trials was blue
fixation cross that was made by placing a 40 × 4 pixels horizontal line over a 4 × 40
pixels vertical line. The purpose of the cue was to capture attention via a sudden onset
(see Yantis & Jonides, 1984). Although it was not measured, during pilot trials a blue
cue presented at the same location as a blue fixation cross appeared to have a more subtle
onset than when the cue appeared at locations other than the central fixation point. When
the cue followed the blue fixation cross the cue appeared to be an extension of the
fixation cross (a single object). Therefore, a black fixation cross was piloted, and the
cross and the cue appeared separate. The black fixation cross was used for all behavioral
experiments.
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Behavioral Experiment Consent Form
INFORMED CONSENT
Title of Study: Detection and Categorization 1
Study Site: Psychology Department
Name of researchers and university affiliation: Dr. Carrick C. Williams, Assistant Professor, MSU
Mark D. Thomas, Graduate Student, MSU
What is the purpose of this research project? We are interested in the detection and categorization of everyday
objects. Specifically, we want to know how people detect and identify objects differently.
How will the research be conducted? You will be viewing objects on a computer. Before we begin, you will fill out
two demographic forms and then you will be seated in front of a computer monitor equipped with a button box. You
will be asked to complete 2 tasks. In one task an object label will be provided followed by object pictures. You are to
decide if the object in the picture matches the label. In the other task you will see pictures of objects and non-object
textures. You are to decide if an object is present. When you have made your decision, you will press the appropriately
labeled button on a button box. You will see many trials and if you would like to take a break, please inform the
experimenter and he or she will pause the experiment. The experiment will last approximately 1 hour.
Are there any risks or discomforts to me because of my participation? There are no foreseeable risks to your
participation.
Does participation in this research provide any benefit to others or myself? Broadly, we hope to better understand
detection and categorization processes.
What incentive is there for participation? You will receive one hour of experimental credit for participation.
Will this information be kept confidential? All information will be kept confidential. You will be assigned a subject
number that will be kept with your data; however, it cannot be connected to your name or identity. This informed
consent form will not be associated with your data and it will be kept in a locked cabinet in the laboratory where only
the investigators will have access. Please note that these records will be held by a state entity and therefore are subject
to disclosure if required by law. The results will only be reported in the aggregate and individuals will not be identified.
All data that is collected will be retained for a minimum of 5 years after publication of the data.
Who do I contact with research questions? If you should have any questions about this research project, please feel
free to contact Dr. Williams at 662-325-1146. For additional information regarding your rights as a research
participant, please feel free to contact the MSU Regulatory Compliance Office at 662-325-3994.
What if I do not want to participate? Please understand that your participation is voluntary, your refusal to
participate will involve no penalty or loss of benefits to which you are otherwise entitled, and you may discontinue
your participation at any time without penalty of loss of benefits.
You will be given a copy of this form for your records.

_________________________________________
Participant Signature

___________
Date

_________________________________________
Investigator Signature

___________
Date
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Behavioral Experiment Demographic Form 1
Participant #____________

Detection and Categorization 2 (1)
Please do not put your name on this form.
What is your age to the nearest year? _________

Please circle the appropriate responses.
My class year is:
I am:

Freshman

Female

Sophomore

Junior

Senior

Other

Male

I have normal vision:

Yes

No

Unsure

I use corrective vision devices (e.g., contacts, glasses):

Yes

No

If you use corrective vision devices, are you wearing them now?
I have normal color vision:

Yes

No

English is my first language (native language):

Yes

Unsure
Yes

No

Have you ever had a brain injury or brain trauma (including loss of consciousness)?
Yes

No

If yes, please describe:

In what city and state did you learn to drive?
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No

Behavioral Experiment Demographic Form 2

Detection and Categorization 2 (2)

Please do not put your name on this form.
The following information will be kept separate from all other data collected in this
experiment and it is not identified.
Please indicate your ethnic/racial identification(s). Mark as many as are appropriate.
Hispanic or Latino
Native American/Alaska Native
Native Hawaiian/Pacific Islander
Black/African American
White/Caucasian
Asian

________
________
________
________
________
________
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Behavioral Experiment Debriefing Form
Detection and Categorization 2 Debriefing Form
Thank you for participating in this research experiment.
Traditionally, it was generally accepted that object detection preceded object categorization. However,
recent research has challenged the traditional assumption because it found no difference between object
detection and object categorization. The purpose of the research project that you were involved in was to
investigate relationship between detection and categorization. Additionally, we are particularly interested in
whether or not a black and white police car or a white police car can be better detected.
If you have any questions, the experimenter will be happy to answer those. For more information you may
also contact Dr. Carrick Williams in the Psychology Department, Magruder Hall 202, phone 325-1146. For
additional information regarding your rights as a research subject, please feel free to contact the MSU
Regulatory Compliance Office at 662-325-3994.
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Additional Results
Due to the task order effect, the reported analyses were confined to participant
blocks 1 – 4. Results and analyses that were not related to the hypotheses or the main
thesis of the dissertation are reported in the present section.
Experiment 1A

Table 20
Experiment 1A: Sensitivity Analysis of Variance for Participant Blocks 1 through 8 with
Decision as a Within Participant Factor
Source

df

Decision (D)
D × Task order (TO)
Block2 (B)
Salience1 (S)
D×B
TO × B × D
TO × S × D × Validity

1
1
3
1
3
3
1

Error df
78
78
234
78
234
234
78

F

ηp 2

27.8
38.2
12.3
6.9
6.0
23.5
5.2

.26
.33
.14
.08
.07
.23
.06

p
< .001
< .001
< .001
.010
.001
< .001
.025

Note1. Overall sensitivity was better for high salient stimuli (M = 2.477, SE = .07) than
low salient stimuli (M = 2.416, SE = .067).
Note2. Sensitivity increased from blocks 1 to 4 across the experiment.
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Table 21
Experiment 1A: Sensitivity Analysis of Variance for Participant Blocks 1 through 4 with
Decision as a Between Participant Factor
Source

df

Decision (D)
Block (B)
Salience (S) × Validity

1
3
1

Error df
78
234
78

F

ηp 2

9.6
52.9
5.1

.11
.89
.06

p
.003
< .001
.027

Table 22
Experiment 1A: Reaction Time Analysis of Variance for Participant Blocks 1 through 8
with Decision as a Within Participant Factor
Source
Decision (D)
Salience (S)
S × Task order (TO)
TO × D × OT
TO × D × OT × B
Object type (OT)
Block (B)
D×B
D×B
B × OT
D × OT
D×S
OT × TO
TO × S × D × OT

df

Error df
1
1
1
1
3
1
3
3
3
3
1
1
1
1

66
66
66
66
198
66
198
198
198
198
66
66
66
66
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F

ηp 2

11.9
6.4
3.3
43.5
4.6
80.2
55.9
4.3
4.3
3.4
28.7
7.9
3.7
3.0

.15
.09
.05
.40
.07
.55
.46
.06
.06
.05
.30
.11
.80
.04

p
.001
.014
.076
< .001
.004
< .001
< .001
.006
.006
.020
< .001
.007
.053
.088

Table 23
Experiment 1A: Reaction Time Analysis of Variance for Participant Blocks 1 through 4
with Decision as a Between Participant Factor
Source
Decision (D)
D × Salience (S)
Object type (OT)
S × Task order (TO)
D × OT
Block (B)
S× B
S× B × D
B× D
B × OT

df

Error df
1
3
1
1
1
3
3
3
1
3

68
205
66
68
68
205
204
204
68
205
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F

ηp 2

4.6
7.4
80.2
85.0
5.9
69.3
2.6
2.6
3.1
4.8

.06
.10
.55
.56
.08
.51
.04
.04
.04
.07

p
.036
.008
< .001
< .001
.017
.026
.052
.053
.026
.003

Experiment 1B

Table 24
Experiment 1B: Sensitivity Analysis of Variance for Participant Blocks 1 through 8 with
Decision as a Within Participant Factor
Source

df

Task order (TO)
Decision (D)
Block (B)
TO × D
TO × D × B
Salience (S) × D
TO × B × Validity
TO × S × Validity

1
1
3
3
3
1
3
1

Error df
38
38
114
114
114
38
114
38

F

ηp 2

314.7
14.0
13.9
10.3
10.3
4.6
4.3
3.3

.89
.27
.27
.19
.22
.11
.10
.08

p
< .001
.001
< .001
.005
< .001
.037
.006
.078

Not1. Participants who did detection first (M = 1.554, SE = .110) were more sensitive
than participants who did categorization first (M = 1.195, SE = .110).

Table 25
Experiment 1B: Reaction Time Analysis of Variance for Participant Blocks 1 through 8
with Decision as a Within Participant Factor
Source

df

Task Order × Decision1 (D) 1
Block (B)
3
Salience × Validity × D
1

Error df
36
108
36

F

ηp 2

44.2
31.7
8.7

.55
.47
.45

p
< .001
< .001
.006

Note1. Participants who completed detection (M = 679 ms, SE = 34) first were faster at
their second task (categorization M = 520 ms, SE = 20) while participants who did
categorization (M = 628 ms, SE = 20) first was faster at detection (M = 474 ms, SE = 34).
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Table 26
Experiment 1B: Reaction Time Analysis of Variance for Participant Blocks 1 through 4
with Decision as a Within Participant Factor
Source

df

Block (B)
Block × Decision (D)
D × S × V1

3
3
1

Error df
111
111
37

F

ηp 2

33.9
3.5
5.1

.48
.09
.12

p
< .001
.017
.030

Note1. D × S × V = Decision × Salience × Validity. Additionally, paired samples t-tests
found no differences between the within decision variables (ps > .05).
Experiment 2

Table 27
Experiment 2: Sensitivity Analysis of Variance for Participant Blocks 1 through 8 with
Decision as a Within Participant Factor
Source

df

Error df

F

ηp 2

Decision1 (D)
D × Task order (TO)
TO × Block (B) × Validity
D × B × Validity
D × Salience × Validity

1
1
3
3
1

24
24
72
72
24

7.0
214.4
4.2
2.7
4.1

.22
.69
.20
.10
.15

Note1. Participants were less sensitive to detection (M = 1.02, SE = .154) than
categorization (M = 1.395, SE = .120).
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p
.014
< .001
.008
.053
.054

Table 28
Experiment 2: Sensitivity Analysis of Variance for Participant Blocks 1 through 4 with
Decision as a Between Participant Factor
Source

df

Error df

F

ηp 2

Decision (D)
Object type1 (OT)
Block (B)
Validity (V)
D×V
V × OT
Salience × V × D

1
1
3
1
1
1
1

12
12
36
12
12
12
12

4.0
14.5
22.6
14.5
15.6
6.9
.1

.25
.55
.65
.25
.57
.37
.01

p
.068
.003
< .001
.068
.002
.022
.817

Note1. Targets (M = 690 ms, SE = 35) were faster than textures/foils (M = 795 ms, SE =
55).
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Table 29
Experiment 2: Reaction Time Analysis of Variance for Participant Blocks 1 through 4
with Decision as a Between Participant Factor
Source

df

Error df

F

ηp 2

Task order (TO)
Decision (D)
TO × D
Object type (OT)
Block (B)
Validity (V)
V × TO
D × OT × TO
D × B × TO
D×V
TO × D × OT × V
OT × S × V

1
1
1
1
3
1
1
1
3
1
1
1

11
11
11
11
33
11
11
11
33
11
11
11

4.3
9.8
4.3
20.3
17.8
15.5
10.6
4.2
18.0
11.7
12.1
4.8

.28
.47
.28
.65
.62
.59
.49
.28
62
.52
.53
.30

155

p
.062
.009
.062
.001
< .001
.002
.008
.065
< .001
.006
.005
.051
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Norming Consent Form
INFORMED CONSENT
Title of Study: Object Norming
Study Site: Psychology Department
Name of researchers and university affiliation: Dr. Carrick C. Williams, Assistant Professor, MSU
Mark D. Thomas, Graduate Student, MSU
What is the purpose of this research project? We are interested in the categorization of everyday objects. Specifically,
we want to know how people identify the objects.
How will the research be conducted? You will be viewing objects on a computer. Before we begin, you will fill out two
demographic forms and then you will be seated in front of a computer monitor equipped with a button box. An object
label will be provided followed by object pictures. Your task is to decide if the object in the picture matches the label.
When you have made your decision, you will press the appropriately labeled button on the button box. You will see many
trials and if you would like to take a break, please inform the experimenter and he or she will pause the experiment. The
experiment will last approximately one-half an hour.
Are there any risks or discomforts to me because of my participation? There are no foreseeable risks to your
participation.
Does participation in this research provide any benefit to others or myself? You will receive one-half an hour of
experimental credit for your participation.
Will this information be kept confidential? All information will be kept confidential. You will be assigned a subject
number that will be kept with your data; however, it cannot be connected to your name or identity. This informed consent
form will not be associated with your data and it will be kept in a locked cabinet in the laboratory where only the
investigators will have access. Please note that these records will be held by a state entity and therefore are subject to
disclosure if required by law. The results will only be reported in the aggregate and individuals will not be identified. All
data that is collected will be retained for a minimum of 5 years after publication of the data.
Who do I contact with research questions? If you should have any questions about this research project, please feel
free to contact Dr. Williams at 662-325-1146. For questions regarding your rights as a research participant, or to express
concerns or complaints, please feel free to contact the MSU Regulatory Compliance Office by phone at 662-325-3994, by
e-mail at irb@research.msstate.edu, or on the web at http://orc.msstate.edu/participant/.
What if I do not want to participate? Please understand that your participation is voluntary, your refusal to participate
will involve no penalty or loss of benefits to which you are otherwise entitled, and you may discontinue your
participation at any time without penalty of loss of benefits.
You will be given a copy of this form for your records.
_________________________________________
Participant Signature

___________
Date

_________________________________________
Investigator Signature

___________
Date
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Norming Demographic Form 1
Object Norming Demographics (1)

Participant ____________

Please do not put your name on this form.
What is your age to the nearest year? _________

Please circle the appropriate responses.
My class year is: Freshman
I am:

Female

Sophomore

Junior

Senior

Other

Male

I have normal vision:

Yes

No

Unsure

I use corrective vision devices (e.g., contacts, glasses):

Yes

No

If you use corrective vision devices, are you wearing them now?
I have normal color vision:

Yes

No

English is my first language (native language):

Yes

No

Unsure
Yes

No

Have you ever had a brain injury or brain trauma (including loss of consciousness)?
Yes

No

If yes, please describe:
______________________________________________________________________________________
______________________________________________________________
__________________________________________________________
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Norming Demographic Form 2
Object Norming Demographics (2)
Please do not put your name on this form.
The following information will be kept separate from all other data collected in this
experiment and it is not identified.
Please indicate your ethnic/racial identification(s). Mark as many as are appropriate.
Hispanic or Latino
Native American/Alaska Native
Native Hawaiian/Pacific Islander
Black/African American
White/Caucasian
Asian

________
________
________
________
________
________
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Norming Debriefing Form
Object Norming Debriefing Form
Thank you for participating in this research experiment.
It is generally accepted that categories are represented hierarchically in the mind. Basic level categories are
the level at which most people identify objects. Subordinate levels are more specific than basic level and
superordinate levels are broader than basic level categories. For example, when seeing a picture of a pigeon
most people would identify it as a “bird.” Bird is a basic level category. Pigeon is a subordinate level
category of bird and animal is a superordinate category of bird. Generally, people are more accurate and
faster at basic level categorization than subordinate or superordinate categorization. However, exceptions
exist. For instance ostrich and penguin are subordinate categories of bird but people treat them as basic
level. The research project that you were involved in was interested in finding out how people identify
common everyday objects.
If you have any questions, the experimenter will be happy to answer those. For more information you may
also contact Dr. Carrick Williams in the Psychology Department, Magruder Hall 202, phone 325-1146. For
questions regarding your rights as a research participant, or to express concerns or complaints, please feel
free to contact the MSU Regulatory Compliance Office by phone at 662-325-3994, by e-mail at
irb@research.msstate.edu, or on the web at http://orc.msstate.edu/participant/.
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