
Saccadic eye movements are made by humans and other 
higher animals in order to intermittently shift the high-
 acuity region of the eye retina, or fovea, to different areas 
of the visual scene. However, achieving a higher resolution 
is not the only reason why saccades are made. Saccadic eye 
movements may be influenced by cognitive demands—
purposefully (endogenously) generated or stimulus (exog-
enously) driven, in any combination (Godijn & Theeuwes, 
2002). In fact, it is also possible, under certain conditions, 
to inspect a scene adequately without making saccades, 
which is actually faster, although human subjects typically 
prefer not to do so (Zelinsky & Sheinberg, 1997). Studies 
of visual search have often been limited in the past—and 
still are, to some extent—to investigations of the reaction 
times (RTs) needed to find target stimuli. Further record-
ing and studying of eye movements and fixations is sup-
posed to provide more pertinent information and deeper 
understanding of underlying visual search and cognitive 
processes. Although those two types of measures are 
clearly related (Zelinsky & Sheinberg, 1997), one should 
always keep their distinction in mind when assessing cor-
responding studies and simulations.1

In order to extract and characterize the basic elements 
of the visual processing of naturally complex scenes, sci-
entists have also devised a host of visual search tasks in 
which fewer stimuli with more elementary, or primitive, 

features are displayed to the viewing subject. A great deal 
about vision in general has indeed been learned from 
fundamental studies of such paradigmatic visual search 
tasks. On the other hand, one should always keep in mind 
the distinction and possible major differences that can 
occur between the results of studies and models of visual 
inspection in real-world scenes and settings (e.g., Canosa, 
2005, 2009; Torralba, 2003; Torralba, Oliva, Castelhano, 
& Henderson, 2006) and the results of studies and models 
of visual search through more or less artificial or remote 
representations or elements of those scenes (e.g., Najem-
nik & Geisler, 2005; Treisman & Gelade, 1980).

By exploiting major advances in information science 
and technology, computational models and simulations 
have been increasingly used in conjunction with empiri-
cal evidence in supporting or even formulating theoretical 
models of visual search in general and active visual search 
in particular.2 In this article, we will present a contribu-
tion of ours to the latter. But first, we should mention at 
least some previous and most notable contributions to that 
literature and anticipate some of their relations or com-
parisons with ours.

That raises immediately the question of what is meant by 
computational models and how meaningful comparisons 
can be drawn between very different kinds of these. In a 
specialized psychoneural sense, a bona fide computational 
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on the basis of a fixed set of optimized parameters (Wolfe, 
1994). On the other hand, GS2 simulations have been lim-
ited to RT predictions and relatively paradigmatic visual 
search tasks.

Greater emphasis on and development of a saliency 
map have appeared in the computational model of Itti and 
Koch (2000, 2001), which further mimics the underlying 
neural circuitry of visual attention (Itti, Koch, & Niebur, 
1998; Koch & Ullman, 1985). That model is more closely 
inspired by consideration of the neural correlates of visuo-
spatial attention, and it has been applied both to para-
digmatic visual search tasks, such as those with feature 
pop-out and feature conjunction introduced by Treisman 
and Gelade (1980), and to more complex visual searches 
of natural scenes. Unlike our computer simulations, the 
Itti–Koch model attempts to predict search trajectories 
without any direct input from observations of actual eye 
movements. This type of modeling is evidently more fun-
damental and explanatory than ours. On the other hand, it 
was originally developed with some notable limitations. 
Mainly, bottom-up mechanisms of attention and inhibi-
tory tagging were emphasized, but top-down mechanisms 
needed for object recognition or search planning were 
initially ignored. Distinctions between covert orienting 
of attention and eye movements were also blurred. Com-
parison between the performance of the model and that of 
actual human subjects was thus indirect.4

As an alternative to item-based activation maps, a 
smoother area-based activation map has been proposed 
and computationally implemented (Pomplun, Reingold, & 
Shen, 2003). Its purpose is to extend GST so as to better 
account for distractor grouping effects that figure more 
prominently in the attentional engagement theory (AET) 
of Duncan and Humphreys (1989, 1992). Conversely, the 
area activation model of saccadic selectivity of Pomplun 
et al. (2003) does not perform well in relatively sparse dis-
plays, where too many simulated saccades land between 
guiding items, rather than mostly on them, as observed 
empirically and assumed in our simulations, for example. 
Potentially more relevant to our own simulations are com-
putational models of visual tagging that compare empiri-
cal with computer-generated scanpaths (Pomplun, Car-
bone, Koesling, Sichelschmidt, & Ritter, 2006).

The existence of scanpaths in eye movements, idio-
syncratic to each individual subject viewing a complex 
scene, has long been established (Noton & Stark, 1971). 
This finding clearly challenges computational models 
whose aim is to predict human scanpaths based exclu-
sively or primarily on bottom-up processes generated by 
a saliency or activation map (Itti & Koch, 2000, 2001; 
Pomplun et al., 2003). A saliency map, whether biologi-
cally based or not, can hardly account for the idiosyn-
cratic biases of the viewing subject, which require fur-
ther consideration of top-down processes, at a minimum. 
On the other hand, it is possible to compare regions of 
interest (ROIs) generated with bottom-up context-free 
image-processing algorithms (IPAs) with human ROIs, 
which further depend on top-down context-dependent 
representations of a scene (Privitera & Stark, 2000). That 

model may be one that tries to represent or mimic various 
computations presumably conducted by the brain while 
performing certain corresponding cognitive operations. A 
prototypical example of that is the computational model 
of visual attention of Itti and Koch (2001). To begin with, 
it computes the response of (lateral geniculate nucleus) 
neurons, tuned to center–surround intensity contrast, by 
convolving the luminance channel of the input image by 
a difference-of-Gaussians filter. It then proceeds similarly 
through higher and higher levels of visual processing, by 
computationally modeling the architecture presumed to in-
form, control, and deploy visuospatial attention. At the op-
posite extreme, a computable phenomenological model may 
attempt to merely reproduce through computer simulations 
the observed behavior of eye movements in a particular vi-
sual search task—for example, on the basis of a few empiri-
cal equations presumed to capture the essential functioning 
or manifestations of the major underlying psychoneural 
mechanisms. Our own model provides a primary example 
of that. Between or beside those modeling extremes, there 
are many kinds of variations or hybrids. For short, we may 
loosely refer to any of those as computational models in the 
generic sense of those words, but in each case, we will be 
careful to specify or classify more precisely what the model 
is or does.

Historically, it is appropriate to begin our brief survey 
with guided search theory (GST), which has been exten-
sively simulated (Cave & Wolfe, 1990; Wolfe, 1994) for 
the following reason in particular:

Explicitness. Simulation of GS2 requires that un-
derlying assumptions, parameters, and so forth be 
made explicit. A number of more qualitative mod-
els in the literature contain some intriguing ideas. 
There is nothing inherently wrong with qualitative 
models, but the models of visual search are becom-
ing sufficiently complex so that the qualitative de-
scription may not capture their behavior. The parts of 
the models interact, sometimes in unexpected ways. 
Only by implementing the model can we be reason-
ably sure that it does what we say it does. (Wolfe, 
1994, p. 233)

This describes just as well the intent of our effort, although 
a different kind of source model and eye-movement obser-
vations are simulated (Keech, 2006; Keech, Greenwood, 
Resca, & Parasuraman, 2009; Keech & Resca, 2010). As 
has already been mentioned, the difference is that our 
source model (Motter & Belky, 1998a, 1998b) is purely 
behavioral and phenomenological. Vice versa, GST at 
least starts with the computational realization of an acti-
vation map, as presumably generated by the brain, reflect-
ing preattentive processes that combine bottom-up (simi-
larities among items) and top-down (target specifications) 
information.3 That accounts for both kinds of feature and 
conjunction searches, set along a continuum. What differs 
across visual search tasks is the effectiveness of preatten-
tive processes at guiding the attentional focus. Observa-
tions from a broad set of fairly disparate search tasks have 
been accounted for, rather than fitted, by GS2 simulations 
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other investigators have subsequently used, redefined, or 
further elaborated. See Motter and Simoni (2008) for a 
most recent investigation and a definitive review. The AC 
is a critical element also in our computational model. On 
the other hand, no other computational model has previ-
ously attempted to incorporate and account for the work-
ing of the AC in the way that either our model or that of 
Najemnik and Geisler has fundamentally done.

Najemnik and Geisler (2005) have also concluded that 
“simulations show that to achieve human performance 
levels it is necessary to have some coarse memory for 
past fixation locations so as to reduce the likelihood of 
returning to the same display region” (p. 390). They thus 
support inhibition of return (IOR), but only for one or two 
prior fixations. Our simulations indicate that some form 
of long-range memory is further involved in our type of 
visual search, which differs considerably from theirs. In 
Supplemental Appendix A, we discuss a possible origin 
for this apparent discrepancy.

Starting from the opposite idea of a random walk model 
of visual search (as we also did), Brockmann and Geisel 
(2000) have further assumed a power law dependence in 
the tail of the saccade amplitude distribution (SAD), for 
which they found empirical support in free viewing of nat-
ural scenes. Minimization of the time needed to scan the 
entire visual space then led them to predict that eye move-
ment trajectories behave as Lévy flights, as opposed to 
more common diffusive random walks, which would result 
from a Gaussian SAD. But in order to obtain simulated 
eye trajectories that look like their observed scanpaths, 
an empirical determination of a salience field for the cor-
respondingly viewed scene is still needed. Brockmann and 
Geisel derived that salience field from the spatial distribu-
tion of fixations made by observers throughout the scene 
(a picture of a party).

The stochastic assumptions of saccade generation made 
by Brockmann and Geisel (2000) involve no memory, 
consistent with an interpretation of visual search origi-
nally proposed by Horowitz and Wolfe (1998). However, 
the predictions and results of the Brockmann–Geisel 
model do not change substantially if those assumptions 
are relaxed so as to allow a sufficiently rapidly decaying 
correlation in the saccade sequences. Our simulations re-
quire a possibly coarse but long-range form of memory in 
order to be compatible with our observations based on a 
conjunctive visual search task, in contrast to their observa-
tions based on free viewing of natural scenes.

Various refinements of the basic Brockmann–Geisel 
model have been proposed by Boccignone and Ferraro 
(2004), particularly with regard to salience field deter-
mination, measurement of scanpath complexity in terms 
of information entropy, and relations to scanpaths alter-
natively characterized (Privitera & Stark, 2000). Further 
evidence and characterization of Lévy-like diffusion in 
eye movements associated with spoken-language compre-
hension have recently been provided by Stephen, Mirman, 
Magnuson, and Dixon (2009).

Following another line of research, attempting to dem-
onstrate that visual search has memory (or at least that 

can be done on a host of suitable measures, which thus 
indicate which IPAs treat an image more or less similarly 
to human viewers. Further considerations of top-down 
search templates for locating saliency peaks have been 
proposed (Rao, Zelinsky, Hayhoe, & Ballard, 2002; Tsot-
sos et al., 1995).

Stimulus salience—hence, its modeling—must defi-
nitely play a basic role in object selection and guidance 
of eye movements, especially in free-viewing situations 
(Le Meur, Le Callet, Barba, & Thoreau, 2006; Parkhurst, 
Law, & Niebur, 2002; Peters, Iyer, Itti, & Koch, 2005). 
On the other hand, top-down influences, such as object 
relevance in relation to a more specific task, must also 
play a critical role—for example, in generating a priority 
map for object selection (Fecteau & Munoz, 2006). Vari-
ous computational models have recently been extended 
to integrate bottom-up processing with top-down influ-
ences (Navalpakkam & Itti, 2002, 2006a, 2006b, 2007; 
Peters & Itti, 2007a, 2007b; Torralba, 2003; Torralba 
et al., 2006).

Integration of bottom-up processing with top-down 
constraints becomes even more imperative in natural en-
vironments in which subjects perform goal-driven active 
tasks coupled with viewing, such as making a cup of tea, 
washing hands, or walking down a hallway. Portable head-
mounted eyetrackers have been developed to study eye 
movements outside of the laboratory, allowing demonstra-
tions that saccade amplitudes and fixation locations and 
durations are highly dependent on the task that is being 
executed (Land, Mennie, & Rusted, 1999; Pelz & Canosa, 
2001; Pelz, Canosa, & Babcock, 2000). Most notably (and 
understandably), fixations concentrate mainly on objects 
that are relevant to that task, rather than on visually salient 
but task-irrelevant stimuli. Canosa (2005, 2009) has cor-
respondingly developed a biologically inspired computa-
tional model that combines bottom-up saliency elements 
with top-down task-related constraints into a conspicuity 
map that predicts more robustly the concentration of fixa-
tions in the task environment. This work fits into a broader 
framework and even more ambitious plan to model the 
brain as a computational system organized on a temporal 
scale and using deictic codes for the embodiment of cog-
nition in performing complex tasks in real-world settings 
or simulations (Ballard, Hayhoe, Pook, & Rao, 1997).

As an alternative to heuristic computational models of 
visual search that can be applied to arbitrary stimuli (Itti 
& Koch, 2000; Rao et al., 2002), Najemnik and Geisler 
(2005) have developed “a formal, parameter-free analysis 
for a particular class of naturalistic stimuli” (p. 390), mod-
eling the sensory and perceptual processing of an ideal 
Bayesian observer. For that ideal searcher, however, “the 
optimal eye movement strategy depends critically on how 
the visibility (detectability) of the target varies across the 
retina” (p. 387). That is, of course, the retina of real ob-
servers—that is, the human subjects in the experiments of 
Najemnik and Geisler. Now, the equivalent of the visibil-
ity maps or signal-to-noise ratio in Figure 2C in Najemnik 
and Geisler is precisely the area of conspicuity (AC) that 
Engel (1971, 1974, 1977) defined originally and many 
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& Olami, 1995). At this point, we shall proceed with the 
presentation of our own computational model.

PURPOSE AND BASIC ELEMENTS  
OF THE MODEL

The purpose of our computable phenomenological 
model is to first identify from experiments the essential 
mechanisms that guide the conjunctive visual search 
and then express those essential mechanisms in a math-
ematical form and in computable terms so that we may 
understand and account for their interactions coherently 
and quantitatively, as opposed to merely describing those 
processes with words. In order to avoid the risk of get-
ting immediately lost in its mathematical and numerical 
implementations, it is preferable first to discuss in general 
terms the working of the source model that we are trying 
to simulate numerically and its basic features that we are 
trying to represent mathematically.

Source Model
In our case, the visual search task is a paradigmatic one 

in FIT (Treisman & Gelade, 1980), where the target is 
characterized by a unique conjunction of color and ori-
entation (black bar, tilted 45º to the right), among equal 
numbers of distractors that differ in either color (red) or 
orientation (tilted 45º to the left). The corresponding ex-
periments were conducted originally with monkeys (Mot-
ter & Belky, 1998a, 1998b) and subsequently with human 
subjects (Keech, 2006; Keech et al., 2009). On the basis 
of their observations, Motter and Belky described the con-
junctive visual search process in terms of a basic model, 
which mainly accounts for the role of the AC in guiding 
eye movements. Keech et al. expanded the scope of the 
Motter–Belky model by demonstrating the considerable 
presence of a mnemonic component.

The basic tenets and working of the Motter–Belky 
model, which we will try to simulate, are the following. 
(1) Recognition of the target typically occurs with high 
probability only within a restricted area surrounding the 
current fixation location. The size of this zone of atten-
tional focus, which according to Engel (1971, 1974, 1977) 
is the AC, decreases with increasing density of relevant 
stimuli. (2) If the target is not detected within the cur-
rent AC, a saccade is most likely made to an item just 
beyond that AC. That item most likely has the same color 
as the target, rather than the same orientation. (3) Except 
for those constraints, the item providing the new fixation 
point is selected apparently at random. (4) A forward bias 
is nevertheless apparent in consecutive saccades.

Some discussion of the literature on the AC has already 
been provided in the introduction to “Attentional Re-
sources” in our companion paper (Keech & Resca, 2010). 
Here, more specifically for our purposes, we note that both 
attentional and mnemonic mechanisms are involved and 
deeply intertwined in how the AC works. Attentionally, 
the AC operates so that objects that currently fall within it 
can be effectively and simultaneously processed for target 
recognition, whereas objects that lie outside the current 

it can depend on some form of memory under relatively 
common or “normal” conditions), Peterson, Kramer, 
Wang, Irwin, and McCarley (2001) studied eye move-
ments in a paradigmatic “T & L’s” conjunctive search task, 
quite similar or equivalent to those studied extensively by 
Motter and his colleagues (Motter & Belky, 1998a, 1998b; 
Motter & Holsapple, 2000, 2001, 2007; Motter & Simoni, 
2007, 2008) and by ourselves (Keech, 2006; Keech et al., 
2009; Keech & Resca, 2010). Essentially, they compared 
the observed proportions of item reinspections after vari-
ous delays with those obtained by performing Monte 
Carlo simulations with three models: memoryless, miss, 
and miss  realization. Those comparisons allowed them 
to conclude that (with their stable displays) visual search 
has a memory of at least 12 items. The computational 
model that we present in this article is, to some extent, 
more fundamental and elaborate than theirs, since it takes 
explicitly into account other critical features of the visual 
search process, such as the SAD, the AC, and the forward 
bias in consecutive saccades. Nonetheless, with regard to 
the issue of long-range memory, their experiment, simu-
lations, results, and conclusions are all quite similar to or 
compatible with ours.

A more basic model and computer simulations of visual 
search with variable memory (intermediate between sam-
pling with and without replacement) were provided earlier 
by Arani, Karwan, and Drury (1984). As in most models 
but ours, they did not include any probability contribution 
for saccading to items as a function of distance from the 
current fixation, which is instead reflected in SADs. Also 
notable is an earlier modified random walk model and 
corresponding scanpath simulations used by Scinto, Pil-
lalamarri, and Karsh (1986) in a study of visual search in 
texture structures.

Following an alternative line of research, there have 
been many neural network (NN) or connectionist mod-
els of visual search. Some are interesting for particular 
reasons. For example, Cohen and Ruppin (1999) have ac-
counted for the transition from parallel to serial processing 
in visual search, and also for the role of vertical symme-
try. Whereas they support revisions of feature integration 
theory (FIT; Treisman & Sato, 1990) and GST (Wolfe, 
Friedman-Hill, Stewart, & O’Connell, 1992) more than 
they support AET (Duncan & Humphreys, 1989, 1992), a 
SERR model of Humphreys and Müller (1993) does the 
opposite. A neural theory of attentive visual search that is 
an alternative to both FIT and GST has been advanced by 
Grossberg, Mingolla, and Ross (1994).

From our perspective, certain NN models are particu-
larly interesting, since they may provide alternative views 
and underlying explanations of major features and find-
ings of our phenomenological model. An adequate review 
and analysis of such models and issues are beyond the 
scope of this article. However, in a subsection of Supple-
mental Appendix A, we discuss, to some extent, the ap-
plication of time series analysis and methods of complex 
dynamics in the study of active visual search (Aks, 2005, 
2009; Aks, Zelinsky, & Sprott, 2002; Sprott, 2003) and re-
lated NN models (Kwok & Smith, 2005; Usher, Stemmler, 
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AC is then defined as a steeply decreasing probability of 
target recognition with increasing retinal eccentricity of 
the target (or its distance from the foveation center): See, 
for example, the “sensitivity curves” shown in Figure 5A 
in Motter and Belky (1998b) or, equivalently, the “signal-
to-noise ratio” shown in Figure 2C in Najemnik and Geis-
ler (2005). The AC also “zooms” as a function of stimulus 
spacing. Figure 5B in Motter and Belky (1998b) typically 
demonstrates this remarkable scaling property of the AC, 
which becomes essentially independent of array size once 
distances are expressed in average nearest-neighbor dis-
tance (ANND) units. Correspondingly, the AC decreases 
in size with increasing stimulus density, and the probabili-
ties of target capture shown in Figure 5A in Motter and 
Belky (1998b) decrease overall with increasing number 
of stimuli in the display.

As captured (although not fundamentally explained) by 
Point 2 in the Motter–Belky model, there is an inherent 
relation between the AC, or its defining sensitivity curve, 
and the SAD observed phenomenologically. Namely, ac-
cording to Point 2 of the Motter–Belky model, we expect 
that the maximum of the SAD corresponds roughly to the 
radius of the AC. But how could one define more pre-
cisely the AC radius? Perhaps one could fit the measured 
sensitivity curve with a Gaussian or a similar curve, de-
termine its standard deviation, and then call that the AC 
radius. In our computational model, we take the following 
cruder approach, which is nonetheless adequate for our 
ultimate purposes. With regard to the attentional aspect 
of the AC, we will simply use the empirical SAD to op-
eratively implement Point 2 of the Motter–Belky model. 
With regard to the mnemonic implication of the AC, which 
must be emphasized much more here than in the original 
Motter–Belky model, we assume an equipotent AC with a 
parameterizable radius. By that, we mean that if the target 
falls anywhere within the AC radius in a simulation, the 
target is recognized with certainty by our computational 
observer, and the simulation ends there. Conversely, as 
long as the target stays outside of the AC radius, the target 
is definitely considered as not-recognized, and the simula-
tion proceeds to the next AC.

During the whole process, all the items that fall within 
each AC and are recognized as nontargets are added con-
tinuously to the memory store of our computational ob-
server and are used to reduce the probabilities of fixat-
ing them in subsequent ACs. Now, starting with an initial 
estimate, the AC radius is varied as a parameter (together 
with other parameters of the model) until the computer 
simulations may eventually reproduce optimally the ob-
served distributions of the number of saccades needed 
to capture the target, the observed failure rates to detect 
the target, and the observed return rates to previously in-
spected locations.

So, our equipotent definition of the AC amounts to 
approximating its correct probabilistic definition, repre-
sented by the observed sensitivity curve, with a step func-
tion that is 1 for target eccentricity within the AC radius 
(meaning certainty that the target is recognized therein) 
and 0 for target eccentricity beyond the AC radius (mean-

AC cannot be sufficiently identified for that target recog-
nition purpose.5 Now, as objects within the current AC are 
processed to a certain extent, the following can happen. If 
the target is recognized, the search essentially ends. If the 
target is not recognized, for whatever reason, two things 
happen. First, the inspected items are provisionally clas-
sified as nontargets or distractors and, correspondingly, 
retained in some sort of memory store. Second, an eye 
movement is made somewhat randomly to an item just 
outside or beyond the current AC. That item thus becomes 
the center of a new AC, comprising mostly, but not exclu-
sively, not-yet-inspected items. Then the target recogni-
tion process starts anew. However, when the eyes are ready 
to jump (with a second saccade) to a third AC, there is 
also a tendency to avoid not only the preceding (second) 
AC, but also the (first) one that preceded that, in order to 
avoid, as much as possible, reinspections of items still ac-
cumulating in the memory store. This mechanism is called 
and understood by various authors6 as IOR, which thus 
has both an attentional component, related to previously 
attended ACs, and a mnemonic component, expressed as 
inhibitory tagging of items already inspected and still re-
maining in the memory store. As a result, IOR may also 
be responsible for a forward bias in consecutive saccades 
(Klein & MacInnes, 1999).7

At this point, we should immediately acknowledge that 
what generates or influences eye movements at a more 
fundamental or neural level is a question of much greater 
scope and complexity. Our computations will not attempt 
to address that question more precisely. Other, more “fun-
damental” computational models have tried to do so (e.g., 
Itti & Koch, 2000, 2001; Najemnik & Geisler, 2005). 
Rather, we attempt to (1) define mathematically and 
(2) implement computationally just the features and steps 
of the eye movements that we have described in the previ-
ous paragraph. Our purpose is thus to confirm, reject, or 
modify the Motter–Belky model, and to do so by deter-
mining whether simulated eye trajectories agree more or 
less with observed eye movements on various measures. 
Anticipating a major conclusion of ours, the memory store 
that is actually needed in order to reproduce various types 
of observations—and return rates, in particular—far ex-
ceeds, in terms of its capacity, current estimates associ-
ated with IOR in particular. So, the Motter–Belky model, 
augmented with some form of long-range memory, is 
what we shall call our source model.

Area of Conspicuity and  
Saccade Amplitude Distributions

The AC is alternatively known as the functional visual 
field (Motter & Simoni, 2008; Sanders, 1970), the use-
ful field of view (Ball, Beard, Roenker, Miller, & Griggs, 
1988), and the visual lobe area (Kraiss & Knäeuper, 1982; 
Widdel, 1983). It may be regarded as angularly symmetric 
around the foveation center (or point of fixation) within 
relatively uniform or random displays of stimuli, including 
regions near the display boundary. See the corresponding 
“sensitivity curves” in Figure 3B and the discussion of 
these in section 3.1.3 of Motter and Holsapple (2007). The 
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case in FIT (Treisman & Gelade, 1980) of presumably se-
rial conjunctive search, where the target is characterized 
by a unique conjunction of two primitive features—that 
is, color and orientation. Color segmentation or filter-
ing must figure prominently in that search (Egeth, Virzi, 
& Garbart, 1984; Pashler, 1987; Treisman & Gormican, 
1988; Treisman & Sato, 1990). Indeed, distractors shar-
ing target color are inspected a lot closer and at a much 
higher rate than are distractors sharing target orienta-
tion (Keech et al., 2009; Keech & Resca, 2010; Motter 
& Belky, 1998a, 1998b). In an extreme scenario, the lat-
ter, irrelevant distractors are rejected in parallel, whereas 
the former, relevant distractors are inspected sequentially. 
That extreme scenario is what we have actually assumed 
in our modeling. Of course, that is not exactly what hap-
pens. So, a fairly straightforward refinement of our mod-
eling would have been to assume small, but nonzero, prob-
abilities of fixating also near irrelevant distractors, while 
assuming a high probability, but not a certainty, of fixating 
only relevant distractors. These probabilities could have 
been extracted from corresponding observations—such as 
those shown in Figure 9 in Keech et al., for example. On 
the other hand, the overall effect of this refinement would 
have been fairly limited, having little or no consequence 
for the main conclusions (and purpose) of our computa-
tional model and simulations. So, for the time being, we 
ignored it.

In any case, it is useful to recall once more, in this con-
text, that our model is not at all intended to predict, let 
alone explain, how attention is actually driven by environ-
mental information, such as attentional capture by pop-out 
features, for example. So, we have hardly anything funda-
mental to say about either feature or conjunction searches 
in FIT or GST. All that we do is to model and simulate 
phenomenologically the behavioral data of a particular 
conjunctive search experiment. That sharply distinguishes 
our model from more general and explanatory models of 
neural activities and computations in visual search, such 
as those of Itti and Koch (2000, 2001) and others men-
tioned in the introduction, which do make predictions of 
attentional guidance through various saliency or activa-
tion maps.

Monte Carlo Procedure
In our computable model and simulations, we begin by 

assuming that only relevant objects (sharing target color) 
are precisely fixated and that the probability pi j of ex-
ecuting a saccade from a relevant object i to a relevant 
object j has the form

 pi j  f (r) g(r, ) h(l ). (1)

In Equation 1, the factors f (r), g(r, ), and h(l ) represent 
(not normalized) probabilities associated separately with 
the saccading distance, forward bias, and long-range 
memory involved in the incipient i j saccade. The pre-
cise definitions and determination of these three critical 
factors will be discussed in the three following subsec-
tions. Here, we just mention that r represents the distance 
between the current fixation point on the i object and any 
other j object on which the incipient saccade may land, 

ing certainty that the target is not recognized therein). Of 
course, that is not exactly what is observed. For example, 
about 3% of the times that the target is even directly fove-
ated, it is still not recognized (Motter & Belky, 1998a, 
p. 1808). Nevertheless, that is not enough to affect, over-
all, the main conclusions of our computational model, 
which, by the way, could be refined in principle by includ-
ing the more precise probabilistic characterization of the 
AC through the observed sensitivity curves.

Forward Bias in Consecutive Saccades
A forward bias in consecutive saccades has been con-

sistently observed and reported (Keech et al., 2009, Fig-
ures 10B and 11; Keech & Resca, 2010; Motter & Belky, 
1998a, Figure 7B; Williams, 1966, p. 81). As has already 
been mentioned, it is likely a result of IOR, at least accord-
ing to Klein and MacInnes (1999). An alternative view 
of IOR and forward bias has been advanced in terms of 
attentional momentum, attributing to attention some sort 
of “inertia,” reminiscent of that of linear momentum in 
Newtonian mechanics (Spalek & Hammad, 2004). In our 
investigation and computational model, we do not commit 
to either interpretation. Rather, we take into account the 
observed forward bias in consecutive saccades through 
an empirically determined probability factor of saccading 
consecutively in a forward direction.

Long-Range Memory
In visual search tasks with stable displays, various ob-

servations of low proportions of item reinspections, even 
after long delays, have consistently indicated the presence 
of some form of long-range memory (Dickinson & Ze-
linsky, 2007; Keech et al., 2009; Keech & Resca, 2010; 
Peterson et al., 2001). That memory persistence, observed 
even after as many as 12 lags in item refixations, consider-
ably exceeds current estimates of IOR capacity, which ap-
pears to be limited to three to five spatially noncontiguous 
locations (Danziger, Kingstone, & Snyder, 1998; Snyder 
& Kingstone, 2000). Peterson et al. (2001) have suggested 
that their finding of an effectively larger visual memory 
capacity may be due to a grouped representation, or chunk-
ing, of items (see also Pashler, 1987). Dickinson and Ze-
linsky have more specifically, but not incompatibly, sug-
gested a form of high-capacity but low-resolution memory 
for the search path. Had we known of such results and sug-
gestions, it might have been possible, although not neces-
sarily simple, to implement and test more directly similar 
ideas in our computational model. However, we originally 
designed and conducted our study independently and with-
out any knowledge of either of those articles (Dickinson & 
Zelinsky, 2007; Peterson et al., 2001). So, we modeled a 
long-range memory contribution, which was indispensable 
for accounting for our observations as well, in a simpler (or 
simplest) form—that is, with a probability factor of IOR 
type, but with a long range, adjusted empirically so as to 
optimize our simulations of the observed eye movements.

Color Segmentation
The visual search task whose conduct we are trying to 

model and simulate phenomenologically is a paradigmatic 
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fixation–saccade pair—namely, 4.0/(0.200  0.030)  
18—we obtain our estimate of the maximum number (18) 
of fixations and saccades allowed on any simulated trial.8

Just to provide a simplified illustration, let us consider 
a hypothetical array comprising only four relevant objects, 
denoted as 1, 2, 3, and 4, with the target being Object 2. 
Suppose that the current fixation point is on Object 1 and 
that the probabilities p1 j have been evaluated as .4, .1, 
and .5 for j  2, 3, and 4, respectively. We may then as-
sign to Object 2 a probability interval of 0  12  .4, 
to Object 3 a probability interval of .4  13  .5, and 
to Object 4 a probability interval of .5  14  1. Now 
we generate a random number from a uniform probability 
distribution in the unit interval and compare it with those 
intervals. The interval within which the random number 
falls will select the saccade to the corresponding object. 
For example, suppose that the random number first drawn 
is .7812. Then, the selected saccade is to Object 4. At this 
point, the distances d4j from Object 4 to all the other three 
objects are computed, along with the angles from Object 4 
to Objects 1, 2, and 3. These angles are then subtracted 
from the angle from Object 1 to Object 4 to yield all three 
angle-shift 4j candidates. Assuming that only Object 1 
fell within the AC of the previous fixation, a memory 
factor h(2) is also assigned only to Object 1, with l  2 
corresponding to the two intervening saccades. The rela-
tive probabilities of saccading to each other object from 
Object 4 are thus computed, normalized, and used to as-
sign probability intervals to each of those three objects. 
At this point, another random number is generated in the 
unit interval and is used to select the object of the ensuing 
saccade, according to which probability interval it selects. 
This process is repeated until either the target is captured 
or the upper limit of 18 iterations is reached. At that point, 
a new search array is randomly generated, and the next 
trial begins.

A final determination of the AC radius is reached as 
follows. At first, the AC radius is taken to coincide with 
the average distance between color-relevant nearest neigh-
bors, or c-ANND. A set of simulations is then executed 
using this initial choice of AC. If two critical benchmarks 
of performance for the simulations—namely, the saccade 
number distribution and the failure rate for detecting the 
target— satisfactorily match the measured results, the data 
for that set of simulations are considered acceptable and 
recorded. Otherwise, the AC radius is modified by multi-
plying the c-ANND by an extension coefficient (typically, 
slightly greater than one, except for 12-distractor arrays: 
cf. Table 2). Another set of simulations is then generated 
and assessed, and so on, systematically modifying the 
extension coefficient until those critical benchmarks of 
performance for the simulations eventually satisfactorily 
match the corresponding measured data. The optimal AC 
radius and corresponding extension coefficient are thus 
obtained and recorded.

PROBABILITY FACTORS

In the previous section, we assumed that the probability 
of saccading from object to object in our phenomenologi-

 represents the angle shift between the incipient saccade 
and the preceding saccade that landed on the i object, and 
l represents the number of intervening saccades from a 
possible previous inspection of the j object, starting with 
l  2 for an immediate reinspection.

A computer simulation begins with the determination of 
a search array, which is generated as in the display seen by 
a subject in our experiment (Keech et al., 2009). Namely, 
the search items are positioned randomly over a 24.4º  
16.3º field of view, with a minimum center-to-center sepa-
ration of 1.4º. However, the target is always present in the 
virtual display, which was not always the case in the actual 
experiment. The initial (virtual) fixation is always located 
near the center of the display, at its closest relevant object, 
labeled as i  1. From that—or subsequently, from any 
relevant object i corresponding to the current fixation—
the distance dij to every other relevant object j in the dis-
play is computed. This distance dij is introduced in the 
distance factor f (r) to obtain a corresponding probability. 
The angle shift ij, ranging between the direction of the 
saccade just performed to the relevant object i and the 
direction of the potentially ensuing saccade to any other 
relevant object j, is then computed and associated to the 
j object—except when i  1 corresponds to the initial 
fixation, of course. This angle shift ij and the distance 
dij are thus introduced into the angle shift factor g(r, ) to 
obtain a corresponding probability. Each relevant object 
within the current (equipotent) AC is then entered (with 
certainty) into the program memory of the computational 
observer, in order to be used in subsequent fixations to 
compute intervening h(l ) memory factors. Each relevant 
object is also evaluated to determine whether or not it has 
previously fallen within the AC of any preceding fixation. 
For relevant objects that have already been explored, the 
appropriate memory factor h(l ) is computed. For relevant 
objects that have not been previously explored, a factor 
of 1 is assumed in place of h(l ).

Now, the product of the distance, angle shift, and mem-
ory factors yields the relative probability of saccading to 
each relevant object from the current fixation point. Once 
computed for all relevant objects in the array, such relative 
probabilities must be normalized with a common factor K, 
so that their sum equals 1. The absolute probability of any 
possible i j saccade then takes the final form

 pi j  K f (r) g(r, ) h(l ). (2)

Once all pi js are so determined, corresponding seg-
ments are defined in the unit interval, and generation of a 
random number in that interval determines which j object 
is actually selected as the next fixation. This Monte Carlo 
procedure is then repeated from that point, until either the 
target is eventually captured by the program, by falling 
within an equipotent AC, or the computer search fails to 
find the target within the maximum allotted search time. 
Namely, failure is declared if the target, which is always 
present in our simulations, is not captured within 18 fixa-
tions (beyond the starting one). Such an upper limit of 
fixations is intended to match the experimental condition, 
in which a time limit of 4 sec was enforced on each trial. 
By dividing that time limit by the typical duration of a 
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mum center-to-center separation between search items, and 
terminates around 29º, corresponding to the diagonal of 
the rectangular display. In Appendix B we provide a more 
mathematical discussion of probabilities and distributions 
associated with f (r), SAD, ISD, and their relations.

As has been noted elsewhere (Keech, 2006; Keech 
et al., 2009; Motter & Belky, 1998a), there is a qualitative 
difference in the saccade amplitude distributions for the 
first saccade and for midtrial saccades. In Figure 2, we 
show the saccade amplitude distributions for 48-distractor 
arrays for the first, second, and fourth saccades. One may 
notice some differences between young (panel A) and 
older (panel B) adults. In both groups, however, the ampli-
tude distributions for the second and fourth saccades are 
relatively similar, and that is actually the case for any other 
midtrial saccade. On the other hand, the first-saccade am-
plitude distribution is more peaked and decays faster with 
distance, particularly for young adults. Therefore, at least 
two distinct probability distributions must be considered 
in our computational model—namely, one referring to 
the first saccade and another one representing all the sub-
sequent midtrial saccades. We obtained the latter practi-
cally by averaging the measured second, third, and fourth 

SADs. We may refer to Aks (2009) for a broader perspec-
tive on the functional dependence of SADs and for further 
reference to studies of characteristic differences between 
initial and subsequent saccades.

The probability factors f (r) used in the computational 
model (obtained by dividing the SADs by the ISD dis-
tribution) for the first saccade and the average of the 
second, third, and fourth saccades are shown in Figure 3 
for young (panel A) and older (panel B) adults searching 
48- distractor arrays. One may note a somewhat greater 
probability that young adults saccade farther away than 
older adults, which is consistent with young adults’ hav-
ing slightly greater ACs, as has been suggested elsewhere 
(Keech, 2006; Keech et al., 2009).

Angle-Shift Dependence of the  
Saccade Probability

For saccades with amplitudes shorter than about 7º, 
which corresponds roughly to the average saccade am-
plitude, there is a bias to saccade in a forward direction, 
relative to that of the preceding saccade. This is illustrated 
in Figure 11 in Keech et al. (2009), which shows that the 
highest concentration of shorter saccades occurs for rela-
tively small angle shifts on either side of the direction of 
the preceding saccade. On the other hand, for longer sac-
cades, a more balanced concentration occurs also around 
the backward direction.9 We may account phenomenolog-
ically for this angle shift dependence of the saccade prob-
ability pi j with a partly Gaussian and a partly constant 
factor—namely,

 g r
G r

r

S S( , )
exp / º

º

1 7

1 7

2
for

for ..
 (3)

In Equation 3,  denotes the angle shift between consecu-
tive saccades, expressed in radians between  and . 
After completion of our computational model and perfor-

cal modeling of a conjunctive visual search experiment 
depends on three elements—namely, the distance between 
search items, the angle shift between consecutive sac-
cades, and some (additional) form of memory, presumably 
coarse but with a long range. Correspondingly, we intro-
duced three basic factors in the construction of our com-
putational model. These factors represent probabilities 
that either are extracted initially from experimental data, 
as in the case of f (r), or reproduce finally experimental 
data through some parameter adjustments, as in the case 
of g(r, ) and h(l ), which allow the computer simulations 
to reproduce optimally the observed eye movements. A 
critical element of randomness in the visual search is cap-
tured in the computer simulations through a Monte Carlo 
selection of a particular saccade, from one relevant object 
to another, based on the probability of that particular sac-
cade. That probability, in turn, depends on the values as-
sumed by the three factors for the considered consecutive 
fixations and their connecting and preceding saccades and 
fixations. Each of the angle shift g(r, ) and memory h(l ) 
factors depends on two parameters, adjusted computation-
ally to reproduce measured angle shifts and return rates, in 
particular. The memory factor h(l ) further depends on the 
size of the AC, which, in turn, is adjusted so that computer 
simulations optimally reproduce the observed distribution 
of the number of saccades needed to capture the target, the 
observed failure rate to detect the target, and the observed 
return rates to previously inspected locations. Complete 
color segmentation or filtering in parallel of the stimuli 
is assumed in the simulations, which is a simplification 
reasonably consistent with observations. In the next three 
subsections, we describe and discuss in greater detail the 
forms and features of these three factors that determine 
the simulated saccade probabilities.

Distance Dependence of the Saccade Probability
The distance factor f (r) in the saccade probability pi j is 

obtained by dividing the measured SAD by the interstimu-
lus distance (ISD) distribution. The average ISD distribu-
tion, shown in Figure 1, is obtained by sampling the dis-
tance from each search item to all other items over 10,000 
randomly generated search arrays of all sizes. The ISD dis-
tribution is indeed independent of either array size or color 
segmentation. It begins at 1.4º, corresponding to the mini-
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Figure 1. Average interstimulus distance distribution.
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In Equation 4, l represents the number of intervening sac-
cades, starting with l  2 for an immediate return, and the 
coefficient RI and the exponent n are treated as two adjust-
able parameters. After completion of our computational 
model and performance of extensive computer simulations 
of the eye trajectories, we determined that the observed re-
turn rates and other key measures are optimally reproduced 
by selecting the exponent n  3 for 12- and 24-distractor 
arrays and the exponent n  1 for 48- and 96-distractor 
arrays, for both young and older adults. On the other hand, 
optimal values of the RI coefficient are listed in Table 1.

The empirically determined parameter values imply the 
following. Since the probability of reinspection associated 
with the h(l) factor decreases with longer delays, or larger 
l, that contributes more to primacy than to recency effects.11 
Thus, memory has a considerable long-range contribution 
(like a primacy effect). Also, on account of the values of 
both the RI and n parameters, there is a lower probability of 
reinspection, especially after longer delays (larger l), in the 
smaller than in the larger arrays. This agrees with the smaller 
normalized return rates that are observed, overall, in the 
smaller arrays (see Figure 20 in Keech et al., 2009). Thus, 
there is more “memory” in searching smaller array sizes, al-
though that is at least partly a consequence of the eye trajec-
tories’ having, on average, fewer saccades in smaller arrays. 

mance of extensive computer simulations of the eye tra-
jectories, we determined that the GS parameter can be op-
timally adjusted to the values GS  0.5, 1, 5, and 5 for both 
young and older adults searching arrays with 12, 24, 48, 
and 96 distractors, respectively. This trend of increasing 
GS values reflects, at least in part, a relatively greater mani-
festation of the forward bias in larger array sizes, which is 
allowed by a correspondingly greater delay in reaching the 
display boundary from the initial central fixation. This, in 
turn, is consistent with observations of saccade direction 
cosine autocorrelations, as in Figures 1A–1D in Keech and 
Resca (2010). On the other hand, the S parameter can be 
adjusted optimally to one radian (57.296º) in all cases.10

Memory Dependence of the Saccade Probability
Normalized return rates indicate fairly low probabili-

ties of return to locations previously inspected, no matter 
how early (see Figure 20 in Keech et al., 2009). This sug-
gests some form of long-range memory, which we tried 
to represent with (inverse) power laws in a corresponding 
memory factor in the saccade probability pi j of our com-
putational model—namely,
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movement trajectories on major statistical characteristics, 
which include (1) distributions of the number of saccades 
needed to capture the target, (2) failure rates for detecting 
the target, (3) saccade amplitude distributions, (4) saccade 
direction cosine autocorrelations, and (5) distributions and 
scatterplots of measures of circulation, C, and subtended 
area, A. In the following two subsections, the results of 
simulations are presented, and their abilities to match ob-
servations on those characteristics are assessed.

Simulation Results
Table 2 summarizes measured and simulated results, 

including averages and standard deviations, for some key 
performance measures.

Simulations were repeated in sets of 630 trials for each 
array size, in order to match the measurements for 90 
target-present trials by 7 subjects, in each age group of 
the corresponding experiment (Keech et al., 2009). Since 
the inverse square root of 630 is about 4%, and standard 
deviations are found to be about half the corresponding 
means for both the saccade number and amplitude dis-
tributions, one expects a relative standard error of about 
2% for those means. Indeed, repeating sets (i.e., samples) 
of 630 simulations with the model parameters that pro-
duce the closest matches to the measured data, we found 
that the average number of saccades needed to capture the 
target remains within 2% of the means listed in Table 2. 
Other measures of performance of the simulations involve 
the same order of relative stability. By the same token, an 
agreement within 2% or so between measured and simu-
lated averages indicates a satisfactory match. So, we note 
in Table 2 that this is the case for saccade average numbers 
for all array sizes, but not so for saccade average ampli-
tudes for any array size. We shall return to that shortcom-
ing of the model at the end of this subsection and in the 
Discussion section.

It is also worth noting that, in Table 2, the extension 
coefficient is increasingly greater than 1.0 for 24-, 48-, 
and 96-distractor arrays, implying that multiple objects 
are entered in memory during each fixation for those array 
sizes. On the other hand, for 12-distractor arrays, the av-
erage number of saccades required to capture the target 
can be matched to measured data only by assuming an 
extension coefficient smaller than 1.0. That implies that 
only the fixated object can be inspected for target dis-
crimination, and memorized if it is not the target, as the 
search continues. From an analysis of their data, Motter 
and Belky (1998a) also suggested the possibility that “the 
small number of potential targets in the small arrays may 
shift the efficiency of the search toward an item-by-item 
basis” (p. 1810).

Figure 4 shows the simulated saccade number (panel A) 
and saccade amplitude (panel B) distributions for 
48- distractor arrays searched by older adults. The simu-
lated saccade direction cosine autocorrelation is shown 
in Figure 5, and Figure 6 shows the simulated circulation 
distribution (panel A) and area–circulation scatterplot 
(panel B). With some exception, again, for the saccade 
amplitude distribution in Figure 4B, the simulation results 

In any case, by noting that the RI values reported in Table 1 
are much smaller than 1, whereas h(l)  1 is assumed for 
items that have not yet been inspected, we must conclude 
that memory influences the search very strongly—a conclu-
sion that will be later confirmed and further demonstrated 
by comparisons with memoryless simulations.

We should remark at this point that, although the memory 
factor h(l) in the saccade probability pi j is closely related 
to normalized return rates in eye movement observations, 
one should not require or expect a precise correspondence, 
let alone a numerical fit, between the two. Indeed normal-
ized return rates, like any other experimental observation, 
do not reflect exclusively the memory component, but also 
its interactions with other psychoneural mechanisms and 
geometric-spatial constraints that are involved in this par-
ticular visual search task (Keech & Resca, 2010). In our 
computational model, we attempt to isolate and charac-
terize those mechanisms and constraints by attributing to 
each one a mathematical expression or a computational 
procedure. However, direct comparisons can be made only 
between observations and final products of the simulations, 
rather than between observations and individual compo-
nents that are initially devised in the model construction. 
Ultimately, it is only a final product agreement that may 
give us confidence that individual components of the model 
capture at least some essential elements of the mechanisms 
that underlie the observations, thus permitting some further 
understanding and interpretation of those.

We should also remark that an optimal fit of simulated 
normalized returns to observed normalized returns equiv-
alently implies an optimal fit of simulated plain returns to 
observed plain returns and conversely, because the num-
ber of opportunities to return depends only on the number 
of intervening saccades, whether simulated or observed 
(Keech et al., 2009).

Finally, we should report that at the beginning of our 
investigation, we tried to represent h(l ) with direct power 
laws, proportional to (l  1)m with some positive m inte-
gers, for l up to a maximum of 5 or 6. That was assumed 
to represent only short-range memory or “conventional” 
IOR. However, we were not successful in generating ac-
ceptable simulations on that basis alone. So, we had to 
switch to inverse power laws to represent h(l ), which im-
plies long-range memory.

COMPUTER SIMULATIONS

The viability of our computational model depends on a 
reasonable agreement between simulated and observed eye 

Table 1 
Optimal Values of the RI Coefficient for Young  

and Older Adults Searching Arrays of Each Size

Search RI Coefficient

 Array Size  Young Adults  Older Adults  

12 0.004 0.005
24 0.008 0.008
48 0.060 0.050

 96  0.125  0.100  
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responding eye movements. These results derive substan-
tially from the following two basic factors that drive the 
simulated trajectories and mainly reflect two correspond-
ing psychoneural mechanisms that underlie the observed 
eye movements. The first one is h(l), reflecting long-range 
memory, and the other is the angle shift factor g(r, ), 
which reflects an additional forward bias in consecutive 
saccades (presumably related to short-range memory or 
“conventional” IOR). These two factors critically contrib-
ute to a tendency toward saccading around the periphery 
of the display, once that boundary has been reached by the 
eye trajectory within an AC radius or so, rather than re-
turning to previously inspected central regions. Thus, spi-
raling or circulating patterns in the eye trajectories appear 
prevalently in both simulations and observations (Keech 

agree qualitatively with those of corresponding observa-
tions, which are superimposed in Figures 4A and 4B and 
referenced in the captions of Figures 4–6.12

Simulation results corresponding to those shown in 
Figures 4–6 for all array sizes searched by both young 
and older subjects have been generated and compared 
with the corresponding observations, providing the same 
quality of agreement (Keech, 2006). That already leads 
to the following conclusions. First, a qualitatively good 
agreement can be consistently attained with regard to sac-
cade number distributions for both young and older adults 
and for all array sizes. Second, the distributions of the 
circulation, C, and its scatterplots with the area measure, 
A, computed for the simulated trajectories, follow basic 
trends that are the same as those observed for the cor-

Table 2 
Summary of Simulated (S) and Measured (M) Results

Array

Radius of Area  
of Conspicuity,  

in Degrees  
(Extension 

Coefficient)

 
Average  
Saccade  
Number  

(SD)

Average  
Saccade  

Amplitude,  
in Degrees 

(SD)

 
 

Search Failure 
Rate 
(%)

Size  Young  Older  Young  Older  Young  Older  Young  Older

12 S 4.83 
( 1)

4.75 
( 1)

3.4 
(1.9)

3.4 
(1.9)

8.0 
(4.2)

8.2 
(4.2)

0 0

12 M – – 3.4 
(2.0)

3.3 
(2.0)

6.3 
(3.4)

6.2 
(3.5)

0 0

24 S 4.05 
(1.1)

3.78 
(1.004)

4.0 
(2.2)

4.0 
(2.3)

8.1 
(4.1)

8.1 
(4.1)

0 0

24 M – – 4.0  
(2.3)

4.2 
(2.4)

6.5 
(3.4)

6.4 
(3.7)

0 0

48 S 3.56 
(1.32)

3.25 
(1.20)

6.1 
(3.5)

6.5 
(3.8)

7.5 
(3.9)

7.6 
(4.2)

0 0

48 M – – 6.1 
(3.7)

6.5 
(3.8)

6.7 
(3.6)

6.6 
(3.9)

0.9 2.1

96 S 3.48 
(1.64)

3.13 
(1.43)

7.8 
(4.6)

8.5 
(5.0)

7.1 
(3.7)

6.9 
(3.9)

3.5 11.4

96 M  –  –  7.8 
(4.7)

 8.4 
(4.7)

 6.4 
(3.4)

 6.5 
(4.0)

 7.8  15.1 
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Figure 4. Simulated saccade number (A) and saccade amplitude (B) distributions for 48-distractor arrays searched by the 
older adults. The means/standard deviations are (A) 6.47/3.76 and (B) 7.59/4.28. The corresponding observed distributions 
are shown as thin lines in Figures 2C and 7C in Keech, Greenwood, Resca, and Parasuraman (2009) and are superimposed as 
broken lines here. Their means/standard deviations were (2C in 4A) 6.5/3.8 and (7C in 4B) 6.64/3.92.
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in Equation 4 and Table 1). Deactivating memory, which 
corresponds to setting h(l )  1 in the simulations, rees-
tablishes the match with the observed SADs. On the other 
hand, elimination of memory is unacceptable, as will be 
demonstrated more specifically later by comparisons 
with memoryless simulations. This current limitation of 
the model in consistently accounting for the interaction 
between attention and memory through the AC modeling 
will be discussed further in the Discussion section.

Sensitivity to Parameter Selections
In order to investigate the sensitivity of key measures 

of simulation performance to parameter values, a series of 
630-simulation sets were executed with the AC extension 
coefficient, the angle shift factor, and the RI coefficient 
alternatively varied. In each instance, only one param-
eter was varied, and the others were kept at the values 
found for matching the measured data optimally. These 
additional simulations were conducted using 48-distractor 
arrays and the model calibrated for the older adults, using 
their corresponding distance factor, f (r). For each varia-
tion of one parameter, three independent 630-simulation 
sets were executed, thus forming a threefold repetition for 
each given parameter change. So, the overall results show 
the main effects of parameter variations on the model 
predictions, whereas the threefold repetitions confirm, in 
particular, the stability of key performance measures with 
respect to sampling distributions for 630-simulation sets 
(i.e., samples). The results are shown in Table 3, except 
for the circulation, C, which is found to remain relatively 
stable under all the considered variations.

The first five main rows in Table 3 show the variation in 
key performance measures as the AC extension coefficient 
(which generates the AC radius through multiplication by 
c-ANND) is varied from 1.0 to 1.4 in increments of 0.1. 
In correspondence to Figures 4–6 in particular, the third 
(shaded) main row shows the results of three independent 
630-simulation sets where all the model parameters have 
values that optimize matching to all the measured data. 
This Set Group 3 thus corresponds to the model’s best 
performance, or baseline. As the AC extension coeffi-

& Resca, 2010). This interpretation is further supported 
by the study of saccade direction cosine autocorrelations 
in simulations. For example, R(l  1) is slightly positive 
in Figure 5, indicating forward progression in consecu-
tive saccades, whereas R(l  2, 3, 4) values are negative, 
indicating 90º–270º turning of direction in subsequent 
saccades, caused by reaching the display boundary. The 
same results are observed experimentally (cf. Figure 1C 
in Keech & Resca, 2010).

On the other hand, equally good agreement cannot be 
attained between simulations and experimental obser-
vations with regard to SADs, especially for the smaller 
array sizes. In particular, measured SADs exhibit a greater 
number of saccades with amplitudes shorter than the AC 
radius than is predicted by the computational model. This 
originates, at least in part, from the modeling assumption 
that all relevant objects within an AC must be entered in 
memory, which greatly reduces the chance that subsequent 
saccades may target objects already fallen within previous 
ACs, particularly for the smaller array sizes (see also the 
previous discussion of the values of n and RI parameters 
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Figure 5. Simulated saccade direction cosine autocorrelation 
R(l ) corresponding to 48-distractor arrays searched by older 
adults. The experimentally observed autocorrelation is shown in 
Figure 1C in Keech and Resca (2010) on an expanded scale. A 
standard error of about 0.0012 was estimated for the latter in 
Appendix A in Keech and Resca (2010). This also implies that 
“error bars” are completely negligible on the scale of this Figure 5 
or Figure 7 later, and differences in R(l) values as small as .0012 
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substantially (by about 62%). Similarly, the average area 
measure A decreases by about 18% as the AC extension co-
efficient is increased from 1.0 to 1.4. The failure rate rises 
to about 9% from the baseline value around 0 when the 

cient increases from 1.0 to 1.4 in the first five main rows 
in Table 3, the average saccade amplitude increases sig-
nificantly (by about 11%), whereas the average number of 
saccades needed to capture the target decreases even more 

Table 3 
Changes of Simulation Results Caused by Variations in Model Parameters  

for 48-Distractor Arrays Searched by the Older Adults

 
 
 

Set  
Group

 
 
 
 

 
 

Area of 
Conspicuity 
Extension

 
 
 
 

 
 
 
 

g(r, )

 
 
 
 

 
 
 
 

RI

 
 
 
 

 
Average 

Number of 
Saccades 

(SD)

 
 
 
 

Average 
Saccade 

Amplitude 
(deg)  
(SD)

 
 
 
 

Average 
Area 

Measure 
(deg2) 
(SD)

 
 
 
 

 
 

Failure 
Rate 
(%)

1 1.0 enabled 0.05 8.80 6.92 285 9.0
(4.97) (4.08) (130)

9.25 6.93 299 9.4
(4.93) (4.20) (122)

9.36 6.96 298 7.3
(4.92) (4.09) (123)

2 1.1 enabled 0.05 6.94 7.47 259 0.3
(4.18) (4.27) (125)

7.31 7.42 268 0
(4.15) (4.21) (126)

7.14 7.40 269 0
(4.13) (4.19) (127)

3 1.2 enabled 0.05 6.59 7.53 256 0
(3.86) (4.23) (128)

6.50 7.64 260 0
(3.72) (4.33) (123)

6.69 7.54 264 0
(3.81) (4.15) (124)

4 1.3 enabled 0.05 5.83 7.63 244 0
(3.45) (4.17) (122)

5.80 7.64 245 0
(3.41) (4.25) (121)

6.13 7.55 250 0
(3.62) (4.18) (126)

5 1.4 enabled 0.05 5.65 7.96 253 0
(3.42) (4.30) (126)

5.53 7.67 243 0
(3.17) (4.16) (121)

5.68 7.75 255 0
(3.41) (4.18) (124)

6 1.2 disabled 0.05 6.60 8.05 236 0
(3.90) (4.42) (117)

6.53 8.12 256 0
(3.79) (4.41) (122)

6.40 7.98 259 0
(3.64) (4.44) (123)

7 1.2 enabled 1 7.13 7.37 258 3.8
(4.71) (4.05) (128)

7.11 7.34 257 3.7
(4.65) (4.03) (125)

7.36 7.34 264 4.1
(4.61) (3.94) (125)

8 1.2 enabled 5 7.63 6.87 264 32.6
(5.03) (3.56) (126)

7.76 6.90 263 32.6
(5.03) (3.59) (127)

7.71 6.93 267 34.1
(4.95) (3.60) (126)

Note—Shaded row shows the results of three independent 630-simulation sets where all the model 
parameters have values that optimize matching to all the measured data.
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still a reasonably good approximation of our model). In 
turn, the failure rate is expected to substantially increase, 
since the target may not be detected within the maximum 
number (18) of allowed saccades. Indeed, the failure rate, 
which is 0% for the baseline case, increases to about 4% 
for RI  1 and jumps to about 33% for RI  5.

From all these observations and comparisons, we may 
conclude that the AC extension coefficient, the RI coef-
ficient, and the angle shift factor are all critical, and in-
dependently so, for the model’s ability to faithfully repro-
duce measured results. Still, the most essential parameter 
is the first one, followed by the other two, in that order.

“Memoryless” Simulations
We recall that setting h(l )  1 means that after any 

number l of intervening saccades, there is no memory 
of objects in the corresponding AC fixated originally. 
Conversely, either h(l )  1 or h(l )  1 implies that after 
l intervening saccades, memory is used to either inhibit 
or favor the chance of returning to objects in the corre-
sponding AC fixated originally. Since we wish to establish 
whether memory operates critically in the visual search 
process under investigation, we have generated and ana-
lyzed a series of “memoryless” computer simulations, by 
setting h(l )  1 identically for all l  2, 3, 4, . . . 

Figure 8 shows the return rate of a memoryless simula-
tion, which should be compared with the corresponding 
observations for young adults searching arrays with 48 
distractors, shown as a thick line in Figure 19C in Keech 
et al. (2009) and superimposed as a thick line in the present 
Figure 8 as well. The disparity between the memoryless and 
the observed return rates is both qualitatively and quantita-
tively overwhelming, with the former exceeding the latter 
by a factor of 5 or more, depending on the delay. Likewise, 
Figure 9 shows the frequency distribution of the number of 
saccades needed to detect the target for memoryless com-
puter simulations (panel A) and the corresponding observa-
tions for young adults searching arrays with 48 distractors 

AC extension coefficient is reduced to 1.0 from the base-
line value of 1.2. Upon reflection, all these results follow 
precisely the trends that one should expect. On the other 
hand, these results also indicate that the performance of 
the computational model depends rather sensitively on the 
selection and parameterization of the AC and its radius.

Set Group 6 corresponds to three 630-simulation sets for 
which the angle shift factor is disabled—that is, g(r, )  1, 
meaning that no specific bias to saccading consecutively in 
a forward direction is assumed (contradicting experimental 
evidence). Comparing Group Set 6 with the baseline, the 
average saccade amplitude is further increased by about 
6%, whereas the average number of saccades needed to 
capture the target and the average area measure A remain 
virtually unchanged. The saccade direction cosine autocor-
relation with the angle shift factor disabled is further shown 
in Figure 7. Its comparison with Figure 5, corresponding to 
the baseline, confirms that the bias toward consecutively 
saccading forwardly has indeed been removed, since even 
R(l  1) has become negative in Figure 7. So, there is al-
ways prevalence of 90º–270º turning of direction for all 
intervening saccades in Figure 7, as a result of reversals 
at the display boundary, unlike in the baseline case, where 
the forward bias in consecutive saccades overcomes that 
effect for l  1. Thus, as was expected, the fidelity of the 
simulated saccade direction cosine autocorrelation is most 
compromised when the angle shift factor is disabled, as 
compared with the observed autocorrelation, shown in Fig-
ure 1C in Keech and Resca (2010) on an expanded scale.

In Set Groups 7 and 8, the RI coefficient is increased 
from the baseline value of 0.05 to 1.0 and 5.0 values, re-
spectively. For the 48-distractor arrays, we have n  1 in 
Equation 4; hence, h(l)  RI/(l  1), where l is the number 
of intervening saccades.13 Increasing RI to 1.0 and 5.0 pro-
duces a substantial increase in the average number of sac-
cades of approximately 9% and 17%, respectively, and a 
corresponding decrease in the average saccade amplitude 
of 3% and 10%, respectively. Increasing RI corresponds to 
decreasing memory or even favoring returns, which evi-
dently results in a greater number of useless saccades to 
previously inspected locations (assuming that there was 
nearly perfect identification of all the search items that fell 
within each previous AC, which is not exactly the case but 
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Figure 8. Memoryless simulation of the return rate (percent-
age) to an original fixation location after l intervening saccades, 
corresponding to young adults searching arrays with 48 distrac-
tors. The observed return rate is shown as a thick line in Fig-
ure 19C in Keech, Greenwood, Resca, and Parasuraman (2009) 
and is superimposed as a thick line in the present Figure 8 for 
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for 48-distractor arrays searched by older adults, with the angle 
shift factor disabled. Compare with Figure 5 and with the corre-
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of corresponding eye movements and fixations (Keech, 
2006; Keech et al., 2009; Keech & Resca, 2010). We ex-
pected that to deepen our understanding of three basic 
psychoneural mechanisms (AC, forward bias, long-range 
memory) and two task-specific geometric-spatial con-
straints on the eye trajectories (central start and display 
confinement14) that appear to underlie and regulate the 
conjunctive visual search task that we investigated.

Although the ideal of the model would be to generate 
computer simulations that mimic in every respect the ob-
served eye movements of an average or ideal viewer, that 
would be asking too much, of course. We thus identified 
some most salient features and characteristics of the eye 
trajectories and some corresponding measures that should 
be optimally reproduced in the simulated trajectories, on 
average. Those include autocorrelation functions of the 
saccade direction cosines and scatterplots of certain mea-
sures of circulation and subtended area that we previously 
introduced for the analysis and characterization of the 
observed eye trajectories (Keech, 2006; Keech & Resca, 
2010). We further considered saccade number distribu-
tions, failure rates to detect the target, and saccade ampli-
tude distributions as critical benchmarks of performance 
for our simulations.

The results of our simulations and their comparison 
with the observed eye movements generally support the 
Motter–Belky model, provided that it is adequately aug-
mented by a form of long-range memory. More specifi-
cally, salient measures and benchmark comparisons in-
dicate that our computational model can be consistently 
parameterized to simulate observations to the following 
extent. (1) The saccade direction cosine autocorrelations 
derived from the simulations follow the same trend with 
increasing array size as the saccade direction cosine au-
tocorrelations obtained from the measurements, confirm-
ing, in particular, the competing effects of the forward 
bias and of the display boundaries on the progression of 
the eye movement trajectories. (2) The distributions of the 
circulation C derived from the simulations show the same 
bimodal characteristics as those derived from the observa-
tions, both indicating the presence of spiraling or circulat-

(panel B). The memoryless search typically requires many 
more saccades per trial than observed, resulting in a much 
further stretched distribution: Its mean of 7.23 saccades has 
been stretched by 18%, and its standard deviation of 4.76 
saccades has also increased by 21%, as compared with the 
observed saccade number distribution. Correspondingly, 
the failure rate for detecting the target jumps to about 33% 
for the memoryless simulations, as compared with 0.9% for 
the actual observations (cf. Table 2).

Similar major discrepancies for memoryless simula-
tions are obtained for either young or older adults search-
ing arrays of all sizes—and the larger ones, in particular. 
Substantial discrepancies remain even if we match the 
observed return rate for immediate return—that is, if we 
reinstate in the simulations a correspondingly optimized 
h(l ) for l  2 exclusively. That represents visual search 
with only the “shortest memory,” which was already noted 
in Figure 7B in Motter and Belky (1998a). Still, return 
rates for shortest memory simulations greatly exceed the 
observed return rates for subsequent (l  2) numbers of 
intervening saccades.

We have further verified that no change in other factors 
or parameters in our computational model—for example, 
the angle shift factor or the AC extension coefficient—
can compensate in any way for the major failures of either 
the memoryless or the shortest memory computer simula-
tions. This demonstrates that the memory factor is criti-
cal to our computational model and simulations—hence, 
that a corresponding long-term, although possibly coarse, 
form of memory definitely supports the visual search task 
that we investigated experimentally (Keech et al., 2009).

DISCUSSION

The main purpose of our computational model and sim-
ulations was to confirm or reject the Motter–Belky model, 
augmented with some form of long-range memory, if nec-
essary. We did that by translating the basic points of such 
a source model into a precise mathematical and probabi-
listic formulation, whose computational implementation 
and simulations we then compared with our observations 
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On the other hand, we should also point out that we 
were able to understand more deeply the connection and 
discover the internal consistency between the observed 
SAD and the average number of saccades per trial. That 
is essentially the result of the intertwined roles that the 
AC plays in both the identification of objects and their 
memory tagging to avoid reinspection. In just one sen-
tence, one cannot remember as a nontarget what has not 
first been identified as a nontarget, whether correctly or 
incorrectly. We present in Appendix C such a revealing 
and independent analytical formulation and statistical es-
timate of that connection.

Furthermore, despite the difficulty in consistently re-
producing measured SADs and the crude assumption of 
an equipotent AC, Point 2 of the Motter–Belky model still 
seems to be supported by our computer simulations, at 
least qualitatively. Indeed, in units of c-ANND, the most 
probable saccade amplitudes for young adults searching 
arrays with 12, 24, 48, or 96 distractors are 1.0, 1.4, 1.8, 
and 1.9, respectively, whereas those for the older adults are 
0.8, 1.1, 1.1, and 1.4, respectively (cf. Figure 8 in Keech 
et al., 2009). If saccades are most likely made to items just 
beyond the current AC, those most probable amplitudes 
should roughly correspond to the extension coefficients 
that multiply the c-ANND to yield the AC radius, by defi-
nition. The extension coefficients reported in Table 2 for 
the optimally parameterized simulations seem to confirm 
that expectation, at least qualitatively.

However, Figure 5B in Motter and Belky (1998b) shows 
a remarkable scaling property of the sensitivity curves 
corresponding to the AC, which become essentially in-
dependent of array size once distances are expressed in 
ANND units. That would suggest that the extension coef-
ficient should always remain relatively close to one and 
independent of array size, which is not what our model 
and simulations predict, as is reported in Table 2. Our 
crude assumption of an equipotent AC may allow such 
apparent inconsistency with the results just reported in the 
preceding paragraph.

Finally, it may be enlightening to further compare our 
computational model and results with those of (1) an al-
ternative approach to active visual search based on time 
series analysis and complex dynamics (Aks et al., 2002), 
(2) a previous set of models and simulations asserting that 
visual search has memory (Peterson et al., 2001), and (3) a 
contrasting perspective of an ideal Bayesian observer (Na-
jemnik & Geisler, 2005). Since these comparisons require 
fairly detailed reviews and analyses of corresponding ar-
ticles, they are reported in the three separate subsections 
of Supplemental Appendix A, posted online.

CONCLUSION

We have demonstrated through extensive computer 
simulations that a model of conjunctive visual search 
derived originally by Motter and his collaborators from 
many years of insightful studies and careful observations 
“does what we say it does” (to use Wolfe’s phrase) with its 
basic psychoneural mechanisms—that is, AC and forward 
bias. However, that model can account quantitatively for 

ing trajectories. (3) The scatterplots of the area measure A 
and circulation C display consistent curvilinear regressions 
for both the simulated and the measured eye trajectories, 
which also provides a signature of spiraling or circulating 
trajectories (Keech & Resca, 2010). (4) The distributions 
of the number of saccades and the failure rates for target 
capture derived from the simulations reasonably match 
the measured number distributions and failure rates for 
all array sizes. (5) Vice versa, the saccade amplitude dis-
tributions emerging from the simulations cannot always 
consistently reproduce the measured distributions.

The outcome mentioned in (5) is clearly at odds with all 
the previous ones (1–4), indicating a difficulty or limita-
tion in our computational model, which has the following 
origin and price. Unlike in most other models of saccade 
generation, we wished to take into account the fact that 
items at different distances from the current fixation have 
different probabilities of being selected for the ensuing 
saccade. Indeed, according to Point 2 of the Motter–Belky 
model, if the target is not detected within the current AC, 
a saccade is made most likely to an item just beyond that 
AC. We have thus assumed a specific distance factor f (r) 
that is meant to contribute, to the probability pi j of sac-
cading from object to object, the “a priori” probability 
of saccading to a point at a distance r from the current 
fixation. We know from empirical evidence, subsumed in 
Point 2 of the Motter–Belky model, that such “a priori” 
probability is somehow related to the AC, but we have no 
way of knowing precisely how. So, we can only turn to the 
measured SAD to determine f (r) empirically, by simply 
dividing that SAD by the ISD distribution (see Appen-
dix B). For the very first saccade from the central fixation, 
that works just fine, since only f (r) contributes to pi j 
in Equation 2. However, for the following saccades, the 
angle shift g(r, ) and memory h(l ) factors also contribute 
to pi j in Equation 2. Then, the measured SAD no longer 
reflects exclusively the “a priori” distance probability but, 
rather, some aggregate of all psychoneural mechanisms 
(and task-specific constraints) that are involved in the 
search. That interaction limits the attainment of complete 
self-consistency by the model when it tries to reproduce 
“a posteriori,” through the computer simulations, the mea-
sured SAD that it assumed “a priori.”

As was noted in the Computer Simulations section, just 
setting h(l )  1 in the simulations allows recovery of the 
measured SAD self-consistently. However, far greater 
discrepancies with other observations—and return rates, 
in particular—arise for those memoryless simulations. 
In principle, one could solve the problem by initially 
guessing f (r)—and its range, in particular—more or less 
independently of the SAD and then by adjusting f (r) 
iteratively until the observed SAD and everything else 
is ultimately reproduced. On the other hand, that could 
quickly escalate into a cumbersome and rather pointless 
curve-fitting exercise, undermining the original intent of 
relative simplicity and transparency of the model. Until 
a more fundamental understanding (and a corresponding 
modeling) of the relation between the AC and SAD is at-
tained, we may as well accept provisionally this current 
limitation of our model.
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color), it is just impossible for the visual system to use 
“the world as its memory.” For our visual search task 
(and many similar ones routinely performed in laborato-
ries), the one and only critical element that can make the 
search drastically more efficient is to use some form of 
long-range memory. Evidence from a survivor function 
approach (Keech et al., 2009), power spectra (Keech & 
Resca, 2010), and the computational model presented 
in this article, combined with similar evidence provided 
by other authors (Dickinson & Zelinsky, 2007; Peterson 
et al., 2001), leaves no doubt that the eye–brain system 
is quite capable of resorting to long-range memory, when 
that is critically needed.15

Surely, the eye–brain system is unimaginably “smart” 
and “adaptable” in carrying out most efficiently the 
multitude of extremely different search tasks that it con-
fronts daily. It has certainly developed a broad range of 
psychoneural resources and search strategies that it can 
bring to bear most effectively for whatever and whenever 
is needed. There is no single experiment or condition that 
can possibly tell us all that the eye–brain system can or 
cannot do, or how it does it “normally.” Rather, we may 
have to accept some sort of an “uncertainty principle”: 
What we measure always depends on how we measure it.

Last, but not least, we have developed a complemen-
tary approach to determine the average number of sac-
cades per trial and its relation to the SAD from a basic 
understanding of the combined roles that the AC plays in 
attention and memory. We report that method in a separate 
Appendix C.
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observations such as return rates only if it is augmented by 
some form of long-range memory. The precise nature of 
that form of memory stands to be further investigated and 
determined. The possibility of a high-capacity but low-
resolution memory for the search path, suggested by Dick-
inson and Zelinsky (2007), is compatible with our results 
and particularly appealing, but other alternatives are also 
possible (Pashler, 1987; Peterson, Beck, & Vomela, 2007; 
Peterson et al., 2001). On the other hand, ideal Bayesian 
searcher simulations by Najemnik and Geisler (2005) sug-
gest that “all that is actually needed is a coarse memory 
sufficient to support the inhibition of return” (p. 390) at 
short range. We have attributed the origin of this appar-
ent discrepancy to the profoundly different nature of the 
displays presented to our subjects and to those who par-
ticipated in the experiments of Najemnik and Geisler (see 
Supplemental Appendix A).

Horowitz and Wolfe (2001) have previously suggested 
the following:

The visual system appears to perform adequately 
without relying on a rich memory representation. 
The attentional system acts like a “cognitive miser” 
(S. E. Taylor, 1981), preferring rapid, adequate per-
formance to slow, accurate performance. This is 
consistent with an emerging body of evidence con-
cerning the transient nature of visual representations. 
Recent research suggests that, instead of building up 
a rich, detailed visual representation, the visual sys-
tem quickly and efficiently constructs a brief sketch 
of the visual world, which is discarded in the next 
instant. . . . If vision in general consists of a series 
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of the attended areas of the scene. A visual system 
that uses the world as its memory (O’Regan, 1992) 
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a salience map; Koch & Ullman, 1985) to direct at-
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locations. . . . Since the data indicate no savings from 
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attention during search. This conclusion agrees with 
our previous experiments (Horowitz & Wolfe, 1998), 
as well as with the emerging view of “just in time vi-
sion.” While memory is certainly crucial to perform 
various components of this search task, it is not em-
ployed to improve attentional “foraging.” (p. 282)

All that may be true, but it may not be the whole story. 
Perhaps the “attentional system” is a “virtual memor-
ist” that often acts or looks like a “cognitive miser.” 
Namely, the visual system may not use memory (pos-
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sential to improve search efficiency—for example, if it 
is possible to use “the world as its memory.” That may 
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 exp[ ( / S)2]. On the other hand, those two factors practically coincide 
for   1/ 2  2/ S

2  2, since they are both narrowly peaked within the 
two forward quadrants (where /2    /2).

11. Note, however, that this represents just a phenomenological de-
scription. For example, the reduction of the recency effect expressed by 
h(l ) is at least partly due to a small but consistent tendency for about 
3%–4% of all saccades to return to the item just previously fixated, 
presumably for an attentional purpose of immediate verification, rather 
than because of lack of recent memory (Keech et al., 2009; Motter & 
Belky, 1998a, Figure 7B). Furthermore, the forward bias expressed by 
g(r, ) generates itself some recency effect, or short-range memory, re-
moving the need to account for a corresponding contribution in the h(l ) 
memory factor. See later discussion of this and other interaction effects 
among psychoneural and task-constraint mechanisms in the Discussion 
section.

An alternative approach to accounting for long-range memory or a 
primacy effect would be to first realize that, in our visual search task and 
setup, the eye trajectories already tend to spiral outward from the display 
center with a forward bias and then further reduce the probability of re-
turn to central locations inspected initially through some form of coarse 
memory for those already inspected regions, rather than for the items 
inspected specifically. Such more complex type of modeling, which we 
did not attempt, could represent more closely the idea of some form of 
high-capacity but low-resolution memory for the search path (Dickinson 
& Zelinsky, 2007) or some form of systematic searching and prospective 
memory (Peterson, Beck, & Vomela, 2007).

12. Ill-fated circumstances prevented us from completing some statis-
tical tests that were planned for some distributions, such as chi-square 
tests between the simulated results shown in Figure 4 and the corre-
sponding observations, or between the simulations and observations 
shown in Figures 9A and 9B. Some of our inferences thus remain based 
on our subjective pattern recognition. Nevertheless, we believe that all 
the major features that we have identified are in fact unmistakable, and 
none of our major conclusions would have minimally changed had we 
also been able to complete whatever standard statistical test. Of course, 
each reader can and should reach his or her own conclusions by compar-
ing the same figures that we have observed and presented. Unfortunately, 
to say the least, the same circumstances also limit our presentation of 
return rates.

13. The number l of intervening saccades in the memory factor h(l ) 
exceeds by one unit the lag considered in the saccade autocorrelation 
R(l ), which is also labeled as l, unfortunately.

14. Saccades tend to target search items, and the oculomotor system 
perceives that there are none of those outside the display, thus prevent-
ing saccades from straying out of the display boundary, for the most part 
(Keech & Resca, 2010). Our computational model assumes all that as 
occurring exactly.

15. Horowitz, Wolfe, Alvarez, Cohen, and Kuzmova (2009) also sug-
gested that possibility, but in a different context and for a different type 
of experiment. By comparing voluntary shifts of attention, associated 
with a search strategy precisely determined by a certain experimental 
condition, with automatic shifts of attention, driven by an alternative 
experimental condition, they found that voluntary shifts of attention may 
only proceed at a much slower pace than involuntary shifts. Since the 
voluntary shifts were associated with prospective memory, whereas the 
task-driven shifts of attention may have been amnesic, Horowitz et al. 
further concluded that some form of long-range memory is possible in 
visual search but that it comes at the cost of slow and inefficient shifts 
of attention. That was not the condition in our experiment, however. Our 
visual search task required shifts of attention as fast and as efficient as 
possible, in order to complete the search in the short amount of time 
permitted (4 sec). Moreover, shifts of attention were mainly task driven 
in our experiment, and yet they definitely carried some form of long-
range memory.

SUPPLEMENTAL MATERIALS

The full text of Supplemental Appendix A, containing comparisons 
of our model with those of Aks et al. (2002), Peterson et al. (2001), 
and Najemnik and Geisler (2005), may be downloaded from http://app 
.psychonomic-journals.org/content/supplemental.

sual search: A failure to replicate. Perception & Psychophysics, 48,  
357-362.

Zelinsky, G. J., & Sheinberg, D. L. (1997). Eye movements during 
parallel-serial visual search. Journal of Experimental Psychology, 23, 
244-262.

NOTES

1. For example, Aks (2009) reminds us that “a critical point about the 
most common use of RTs in cognitive research is this: These reflect dis-
tributions of manually recorded ‘finishing times,’ and thus miss the time 
course leading up to the final response. Because they are a cumulative 
measure (a net combination of multiple implicit processes), RTs are by 
definition ‘confounded’” (p. 135). Conversely, eye movements “(a) pro-
vide a real-time behavioral record, (b) they are highly correlated with 
attention, manual RTs, and various physiological measures, and (c) they 
operate at the interface of sensory–motor processes.”

2. Active visual search is performed with eye movements, or overt 
shifts of attention, as distinguished from covert visual search, in which 
it is possible or required to maintain eye fixation at a given location 
while searching elsewhere through covert shifts of attention. This is the 
terminology that we adopt here, which should not be confused with that 
of active vision used in another context (Canosa, 2005, 2009).

3. For further review and investigation of the interplay between bottom-
up and top-down factors in visual search guidance, see Wolfe, Butcher, Lee, 
and Hyle (2003) and Wolfe, Horowitz, Kenner, Hyle, and Vasan (2004).

4. For example, the scatter diagram reported in Figure 8 in Itti and 
Koch (2000) between simulated and actual “reaction times” does not 
appear to produce a significant correlation.

5. One may further recall that this is not merely a perceptual problem 
of acuity threshold in peripheral vision (Motter & Simoni, 2008).

6. For a brief review and summary of research on inhibition of return, 
see a corresponding subsection in the introduction of our companion 
paper (Keech & Resca, 2010).

7. The forward bias that is observed in consecutive saccades (Keech 
et al., 2009; Motter & Belky, 1998a) may also have other origins (Aks, 
2009; Spalek & Hammad, 2004). Our investigation does not determine 
the origin(s) of such forward bias; hence, our computational model ac-
counts for it phenomenologically.

8. This time-equivalent constraint on the maximum number (18) of 
fixations and saccades allowed in our simulations, in which the target is 
always present, should not be confused with the altogether different issue 
of when a search without any time constraint may nevertheless terminate 
spontaneously when subjects decide that the target may be absent (Chun 
& Wolfe, 1996; Cousineau & Shiffrin, 2004). A time limit of 4 sec was 
imposed in our visual search task in order to stimulate fast and efficient 
shifts of attention. On the other hand, reduction or removal of any time 
constraint could have produced alternative valuable information, such 
as that just mentioned, or allowed further study and characterization of 
saccade number distributions, for example, which may obey power laws 
(Brockmann & Geisel, 2000). For such scale-free distributions, consid-
eration of tails and outliers is essential, whereas those are curtailed by 
a time constraint on the search. Studies of complex dynamics in visual 
search tasks relatively similar to ours, but with reduced or removed time 
constraints, have been conducted by Aks (2005, 2009) and Aks et al. 
(2002). See Appendix A for a brief review.

Failure to detect the target within 18 fixations in a simulation is as-
sumed to reflect failure to press a button within the time limit of 4 sec 
by a subject in the experiment (Keech et al., 2009). On the other hand, 
there were cases in which a subject signaled target presence when, in 
fact, the target did not appear to fall within any terminal AC during the 
search (see Figure 9C in Keech & Resca, 2010, for such an instance). 
Such cases likely represent false alarms. They appeared to be relatively 
rare, but we did not attempt to identify them computationally and study 
their statistics more precisely. Correspondingly, we assumed no chance 
of false alarms in our simulations, which cannot be exactly the case but 
should not significantly affect our main conclusions either.

9. This trend is at least partly a consequence of reversals in saccade 
directions that occur more frequently at the display boundary for larger 
saccade amplitudes (Keech et al., 2009; Keech & Resca, 2010).

10. Since  is an angular variable, it may have been preferable to 
use a von Mises factor exp( cos ) rather than our Gaussian factor 
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SUPPLEMENTAL APPENDIX A

In this Appendix A, we compare in particular our computational model and results with those of (1) an alter-
native approach to active visual search based on time series analysis and complex dynamics (Aks et al., 2002), 
(2) a previous set of models and simulations asserting that visual search has memory (Peterson et al., 2001), and 
(3) a contrasting perspective of an “ideal Bayesian observer” (Najemnik & Geisler, 2005). These comparisons 
further require reasonably detailed reviews and analyses of those three papers in particular and are thus provided 
as supplemental material accessible online at http://app.psychonomic-journals.org/content/supplemental. All 
references cited in Supplemental Appendix A are included among the present article’s references.
 

APPENDIX B 
Local and Averaged SAD and ISD Distributions and Their Ratios

Here, we explain mathematically the meaning of probabilities associated with saccade amplitude and inter-
stimulus distance distributions, their ratios, averaging, and local dependence.

Associated with the SAD, there is a probability PSAD(x,r)dr of generating a saccade from the current fixation 
point at the tip of the two-dimensional vector x to all other point vectors y at distances between r  | y x | 
and r  dr, regardless of the relative angle between the x and y x  vectors. Likewise, associated with the ISD 
distribution, there is a probability PISD(x,r)dr of having another search item at any distance between r  | y x | 
and r  dr from the original item at x, regardless of the relative angle between the x and y x  vectors.

Now, suppose that search items were randomly and uniformly distributed throughout a disklike display of 
radius R. Then, PISD(r)dr  2 rdr/( R2) would clearly correspond to the ISD distribution, provided that the 
original item was located at the center of the disklike display. However, if the original item was located at any 
other point x, then PISD(x,r)dr would have to change and depend on x also, the more so the more x moved away 
from the center of the disklike display. But we could still define an average PISD(r)  dr that depends only 
on the r distance by averaging over all x values for the possible location of the original item. That is exactly 
the procedure that is implemented computationally, in particular for the rectangular display in our experiment 
(see Figure 1 and its discussion in the present article). Now, for small r, the ISD distribution should still be 
proportional to r, as it would be in a boundless display, or in the disklike display with x at its center, because the 
item distribution is still uniform and 2 rdr is just the area of the annulus of radius r and infinitesimal thickness 
dr. However, when r approaches and eventually exceeds the diagonal of our rectangular display, the ISD must 
evidently vanish, since there are no search items beyond that distance from any x within the display, even if x 
lies at one of the display corners. The initial proportionality to r, followed by the predicted decrease, are indeed 
evident in the computed ISD distribution shown in Figure 1.

Now, the PSAD(x,r)/PISD(x,r) ratio represents the probability of generating a saccade from the current fixation 
point at x to just a single point y at a distance r  | y x | away from x. After averaging over x, we obtain the 
probability factor f (r)  PSAD(r) / PISD(r)  that enters the probability pi j of executing a saccade from a 
search item i to another specific item j, rather than to any other item that may lie at the same distance r  | y x | 
from the given i item. The selection of a single j item in the pi j probability is what prompts the introduction of 
the ISD distribution and the division by it to obtain the probability factor f (r)—which is a ratio of distributions 
and not a distribution itself, by the way.

One could be further interested in studying the local dependence of PSAD(x,r) and PISD(x,r) on the initial 
fixation location at x. Motter and Holsapple (2007) have thoroughly examined that dependence by partitioning 
the rectangular display into various zones from which each saccade may originate (see their Figure 3A). Their 
Figures 3C and 3D then report the corresponding local ISDs and SADs. Remarkably, the PSAD(x,r)/PISD(x,r) 
ratio, which they define in their Equation 1 as the “probability of making a saccade by chance,” PS(r), times the 
number of search items, N, turns out to be rather independent of the initial fixation location at x (see Figure 3E 
in Motter & Holsapple, 2007). Thus, even the PSAD(x,r)/PISD(x,r) ratio may essentially coincide with our aver-
aged probability factor f (r), independent of x.
 

(Continued on next page)
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APPENDIX C 
Relation Between the SAD and the Average Number of Saccades per Trial

Deeper understanding and further confirmation of the basic mechanisms underlying the conjunctive visual 
search that we have studied derive from an analytical formulation and a statistical estimate of the relation be-
tween two critical observations—namely, the SAD and the average number of saccades needed to capture the 
target. Here, we explain their deeper connection purely on the basis of the combined roles that the AC plays in 
attention and memory.

We start by considering the idealization of perfect memory tagging and assume a corresponding model of 
sampling without replacement. We thus generate an initial estimate of the number of fixations FI required to 
capture the target by simply dividing the number N of relevant objects (having the same color as the target) in 
the whole display by the average number of relevant objects that are processed in parallel during each fixation. 
The latter number equals the AC times the density  of relevant objects. The radius RAC of the AC may be further 
expressed as the c-ANND times the extension coefficient, determined from computer simulations and shown in 
Table 2. An extension coefficient smaller than 1 (for 12-distractor arrays) implies that only one relevant object is 
sampled during each fixation. In the present context and equations, such an extension coefficient is equated to 1 
numerically. The estimated number of fixations required to inspect all the N relevant objects is thus given by

 F N
R

I
AC

Screen Area
AC2

. (C1)

Namely, FI represents the number of samples of area AC  R2
AC needed to cover the entire display area, which 

is 16.3º  24.4º. Sampling without replacement, the average over many trials of the number of fixations required 
to capture the target is about one half the number FI required to inspect all relevant objects. The corresponding 
average number of saccades required to capture the target then is

 S FC I
1
2

1.  (C2)

Figure C1 shows the prediction by this initial estimate for each array size searched by young (panel A) and 
older (panel B) adults. Evidently, this prediction underestimates systematically the measured values. The reason 
is that the number of fixations FI estimated in Equation C1 requires sampling of a different set of relevant objects 
during each fixation. In turn, that requires that the distance between consecutive fixations—hence, the amplitude 
of the intervening saccade—be at least twice as large as the AC radius. However, it is clear from Figure 2 and 
others showing measured saccade amplitude distributions that many saccades have amplitudes less than twice 
the AC radius. This implies that some relevant objects within an AC may be sampled again during the following 
fixation. As a result, more fixations are typically required to sample the entire set of relevant objects than FI 
estimated in Equation C1.

Removing the number of relevant objects that are sampled once more during consecutive fixations requires 
estimating the overlap of consecutive ACs during the search. Let us then consider two circles, denoted as F1 and 
F2, with the same radius r and centers separated by a distance d, as shown in Figure C2. The area of F2 outside 
of F1 equals the area of F2 minus the “lens area” F1  F2, which is in turn given by

 AL Cos2 2
2

2 22 1r d r d d r d r( / ) ( )( ) .  (C3)

By varying di between 1.4º and 25º, in increments of 0.1º, in the abscissas of saccade amplitude distributions, 
such as those shown in Figure 2, we can determine the fraction SAi of saccades whose amplitudes have di values 
within those increments. Using Equation C3, we can then find the corresponding lens areas ALi. So, we can 
replace the AC in Equation C1 with the more appropriate SAi-weighted average of (AC  ALi), yielding

 F N

SA
I

i i
i

AC AL
14

250
. (C4)

With this refined estimate of FI, Equation C2 should provide a more reasonable prediction of the average number 
of saccades SC per trial.

Figures C3A and C3B show the measured average number of saccades needed to capture the target and the 
corresponding prediction based on Equation C4 for each array size in both age groups. Their reasonably good 
agreement confirms that our basic understanding of the roles played by the AC in both attentional sampling 
and the corresponding memory tagging of relevant objects allows us to predict reasonably well the observed 
average number of saccades per trial from the observed saccade amplitude distribution, for all array sizes in 
both age groups. 



COMPUTATIONAL MODEL OF EYE MOVEMENTS    307

(Manuscript received April 15, 2008; 
revision accepted for publication September 16, 2009.)
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Figure C1. Measured and predicted numbers of saccades needed to capture the target, assuming sampling without replace-
ment, for young (A) and older (B) adults.
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Figure C2. Area of circle–circle intersection.
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Figure C3. Measured and predicted average numbers of saccades needed to capture the target, assuming sampling with area 
lens replacement, for young (A) and older (B) adults.
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