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ABSTRACT

Eye movements are essential to acquire relevant information during

time-to-contact judgments. However, the relevance of such information can change

while colliding objects approach, and reliably perceiving a potential collision

depends on the spatiotemporal locus of fixation. In addition, this ability to

effectively perceive collisions is affected by age. Current models of visual attention

and eye movements do not integrate the changes in relevant information during

time-to-contact judgments, and do not account for age related differences in

perceptual judgments of time-to-contact. This study introduces a model based on

reinforcement learning (RL) to reproduce and predict eye movements on a

moment-by-moment basis during time-to-contact judgments.

The present study employed a novel method in which eye movements,

recorded from observers who moved a joystick to continuously report which of two

approaching objects would reach them first, were used to identify visual strategies

for TTC judgments. The occurrence and time of TTC responses (joystick

movement), and the time and location of fixation locus were identified. The

majority of observers changed their response during the approach event. Responses

made during early moments when the objects were far from the observer appeared

to be influenced by optical size, and responses made late in the approach event

seemed to be based on expansion rate. Further analysis revealed that the

distribution of TTC responses highly correlates with the η function.

Younger observers demonstrated a greater proportion of correct

time-to-contact judgments. Different visual strategies for younger and older

vii
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observers who correctly detected the first-arriving object were found. In general,

younger observers fixated significantly more time on the first-arriving sphere, while

older observers fixated significantly more time on the more salient sphere (the

last-arriving one). These results provided plausible explanations for the differences

in correct time-to-contact judgments between age groups. Analyses of the

distributions of fixation onset revealed that the frequency of fixations on the

first-arriving sphere remained larger than that of the last-arriving sphere on final

moments of the approach event. In addition, fixation-response sequences revealed

that observers relied more on foveal vision to judge time-to-contact, and that

responses relying more on peripheral vision were more likely to incorrectly judge the

first-arriving object.

Finally, the results obtained in this experiment were used to set different

parameters in the proposed RL model. The η function found was used as a reward

mechanism for eye movements. And, the distribution of fixations from younger and

older observers was used to set the probabilities of the policy for executing actions

(i.e., saccades and fixations). This model was able to learn the better actions for

any given state.

viii
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CHAPTER 1

INTRODUCTION

1.1 Research Motivation

The motivation for this research has its origins on a previous study concerned

with the effects of experience and age on visual search during driving (Meza,

Patterson, & Nakayasu, 2009). During selected driving scenarios generated in a

driving simulator, this study compared the sequence of eye movements between

trained and untrained drivers of similar ages, and between older and younger drivers

of similar experience using this simulator. Figure 1.1 presents representative

snapshots that summarize the relevant results of the study. These results were

characterized by less scattered fixation points, shorter eye-movement distances, and

longer fixation durations in the young trained group, suggesting that these drivers

learned to perceive the environment more efficiently with fewer eye-movement

distances and longer fixations. And at the same time, it also suggested that

untrained and older drivers had greater uncertainty about where to look for

information by showing more scattered and shorter fixations.

Similar studies have found different results for specific driving scenarios

where experienced drivers made shorter fixations and longer eye-movement

distances, suggesting that experienced drivers perceive relevant objects by

increasing the frequency of eye movements (Chapman & Underwood, 1998a;

Underwood, Chapman, Brocklehurst, Underwood, & Crundall, 2003; Underwood,

Phelps, Wright, van Loon, & Galpin, 2005; Chapman & Underwood, 1998b). One

reason for these conflicting results is due to the dynamic nature of driving scenes.
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Older Driver Young Untrained Driver 

Young Trained Driver 

Figure 1.1: Representative scan paths of a young trained, an untrained driver, and
am older driver. The scene shows a moment while turning into a blind corner.

During actual driving, the number of elements and the visual information available

in the environment change constantly, making the sources of information available

to the driver difficult to quantify. Another reason is the multiple driving tasks or

goals that a driver may be attending within the same driving scenario (e.g.

changing lanes, passing another car, regulating speed, etc.). In any possible scenario

and within a short period of time, drivers may have the same visual information

available but different goals or tasks at hand. And therefore, they would adopt

different visual strategies depending on the current task (Seya, Nakayasu, &

Patterson, 2008). These methodological issues affect the use of variables such as
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fixation duration and eye-movement distances as unique factors to study the effects

of experience on visual search in a dynamic environment.

There is, however, consensus that the significant factors differentiating these

groups do not reside on the mere differences between eye-movement distances and

fixation durations, but instead on the location and timing of the sequence of

fixations – i.e., extracting relevant information with anticipation or at the

appropriate time (Underwood et al., 2003; Seya et al., 2008; Nakayasu, Seya, Keren,

& Patterson, 2007; Meza et al., 2009). Taking figure 1.1 as an example – turning

into a blind corner – trained drivers gazed more often to precise locations where

relevant information to safely maneuvering around the corner appeared on the road,

while untrained drivers tended to scattered their fixations over the visual field

giving them less chances of anticipating any incoming events. These results gave rise

to the curiosity of understanding how active observers learn (or know) where to look

and effectively extract the information relevant to the task at hand. More

specifically, these results provided the motivation to develop a model that could

help us understand and predict eye movements in a dynamic environment.

To fulfill this curiosity, the present study focused on a single task relevant

not just to driving, but to a wide range of human activities: time-to-contact

judgments. This task was studied in a controlled dynamic virtual environment

where visual information could be manipulated and quantified. This environment

was based on previous experiments investigating the roles of perceptual information

on time-to-contact (TTC) judgments during the approach of computer-generated

objects (DeLucia & Novak, 1997; DeLucia, 2005; DeLucia et al., 2014; DeLucia,

Bleckley, Meyer, & Bush, 2003; López-Moliner & Bonnet, 2002; López-Moliner &
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Keil, 2012; López-Moliner, Supèr, & Keil, 2013). The general theme in these

experiments was to present approaching objects to observers who judged, by

pressing a button or moving a joystick, which object would ‘hit’ them first, with the

purpose of understanding how these judgments change during the approach event.

The key advantage of using a visual environment is that the visual information an

observer may use to a make a decision about the first-arriving object can be easily

modified such that, for a specific period of time, each source of information leads

the observer to a different conclusion. And therefore, any response made by an

observer could be tied to a specific change in information.

The present study focused on better understanding the role that optical size,

optical expansion rate, and tau play on continuous TTC judgments, and of how

observers of different ages learn where and when to look for such information. The

results obtained on the use of visual information were then used to develop a

computational model for eye movements during the same TTC judgment task.

1.2 Need for the Study

It is often the case in the fields of science and engineering that the total

usefulness of new information and knowledge is not a settled case. Here, two

identified areas where this research can contribute to the understanding of TTC

judgments are presented.

1.2.1 On the Effective Use of Visual Information

One of the limitations in previous experiments (Hosking & Crassini, 2011;

López-Moliner & Bonnet, 2002; López-Moliner et al., 2013) is the lack of an

approach event with contradicting information between different pairs of optical
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parameters. For example, Lopez-Moliner et al. (2002; 2013) investigated the changes

for estimating TTC during different presentation times of a single approaching disk.

Their focused was to contrast binocular and monocular information with respect to

the accuracy of TTC estimation. Nevertheless, presenting a single visual stimulus

limits the ability to simultaneously compare information such as optical size and

optical expansion rate. In a different experiment (DeLucia et al., 2014), a set of

virtual scenes with two 3-D spherical objects approached an observer. In such study,

a scene where expansion rate and tau contradict each other during the early and

later moments of the approach event was developed (see section 3.3.3).

The optical parameters (e.g., expansion rate and tau) in these scenes changed

differently for each object throughout the approach event. Responses made by

observers showed that the information used for TTC judgments may change during

the event, and that those changes are tied to changes in information from the

environment. The optical parameters of these scenes allowed for some comparisons

between sources of information during the early and later moments of the approach

event. More specifically, DeLucia et al. (2014) showed that observers did not use

tau early during the approach when objects were far, and did not use optical size

later when the objects were closer. However, no clear distinction about the

information accountable for TTC judgments during the early and later moments of

the approach event was established. To expand on these findings, the present study

replicated the set of scenes presented in DeLucia et al. (DeLucia et al., 2014) and

explored an alternative source of information effective for TTC judgments known as

the η function.
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1.2.2 On the Modeling of Eye Movements

One of the purposes for visually scanning the environment is to reduce

uncertainty (Kahneman, 1973), and different sources of information in the

environment provide a way to reduce it. However, there is no robust model that

integrates these various sources of information for the prediction of eye movements

in a specific situation, or a model that accounts for the effect of experience and the

learning process that occurs with it. Recent findings in neurophysiology,

neuroscience and computer algorithms have shed some light on the cognitive control

of eye movements. Evidence suggests that these types of movements are influenced

by reward-based learning mechanisms (Hayhoe & Ballard, 2005; Hayhoe, 2010; Niv,

2009; Platt & Glimcher, 1999; Schultz, 1997; Sprague & Ballard, 2003). In fact, by

using the normative framework of reinforcement learning (RL), some models based

on reward-based mechanisms have already proven to be effective for explaining eye

movement behavior. These models connect the evidence suggesting that

neurotransmitters provide a structure of signals relaying a reward prediction error

that influences learning and decision-making (Niv, 2009; Barto, 1995; Schultz,

1997). More importantly, some studies have explored eye movement behavior by

using RL models (Lim & Liu, 2009; Lim, 2007; McCallum, 1996; Rothkopf &

Ballard, 2010; Sprague, Ballard, & Robinson, 2007; Sprague & Ballard, 2003). For

instance, Sprague and Ballard (2003) proposed an eye-movement reward

maximization model for a virtual walking man navigating a sidewalk. Their model

assigned a value to each eye movement by estimating the expected cost of the

uncertainty that will result if the movement is not made. The model then chose,

among several candidates, the one with the highest expected reward for the task or
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goal at hand. Their results showed a superior performance than a round robin

protocol and a random allocation strategy for eye movements, suggesting the

influence of a top-down mechanism.

A different study developed a reward-based model to replicate the findings in

the famous experiment done by Alfred Yarbus (1961) for tasks while viewing the

famous painting ‘An Unexpected Visitor’ by Ilya Repin (Lim & Liu, 2009). The

original experiment consisted of 3 tasks: a) to examine the picture freely, b) to give

the ages of the people, and c) to estimate the material circumstances of the family

in the picture. Lim and Liu’s (2009) study used image processing to decomposed

basic characteristics of the picture into edges, luminance and the RGB values, which

represented a set of five states in their RL model. The reward function was defined

by assigning three arbitrary discrete values to pixels relevant to the task. For

instance, for the second task ‘give ages of the people in the picture’, pixels within

the faces in the picture were assumed to have a ‘High’ value of information while

pixels near the faces a ‘Low’ value and for all other locations outside the faces

‘None’. However, this has the disadvantage of manually and arbitrary assigning

reward values to pixels or areas in an image for every viewing task. Hence, this is

not a viable solution for dynamic scenes where reward areas change location every

frame or not even known.

None of these studies integrated the different sources known to provide

information about the layout of the environment and to also drive eye movements.

At the same time, none of them take into account the effect of experience and age

for developing specific eye movement patterns within dynamic visual scenes. It is

proposed here that the set of information sources that can be extracted from the
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environment, in this case, tau, expansion rate and optical size serve as the reward

function in this reward-based mechanism for guiding eye movement behavior. If in

fact the circuitry in the brain in charge of eye movements is mediated by a

reward-based mechanism, the normative framework of reinforcement learning should

provide a strong mathematical and computational foundation for the development

of such model; a model that takes into account dynamic conditions, where the

location and optical properties of the elements change. More specifically, it must

take into account the objects in an environment (or layout) that provide different

sources of information. In section 2.3.3, it is shown that using expansion rate as a

reward function in a reinforcement learning model could be useful towards modeling

eye movements and finding key points in time when an object should be attended.

However, empirical data is necessary to identify the specific sources of information

responsible for TTC judgments.

1.3 Aims of the Study

To achieve the goals of this research, the set of computer-generated scenes

first introduced in DeLucia (2005) and then extended in DeLucia et al. (DeLucia et

al., 2014) was shown to 65 subjects of two different age groups. For the length of

each scene, participants were asked to continuously select, by moving a joystick left

or right, the sphere that would ‘hit’ them first. This experiment was focused on

achieving three main goals:

1. To identify the effective information involved in TTC judgments, more

specifically, the roles that optical size, expansion rate, and tau play in such

task.
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2. To identify the eye-movement strategies adopted by younger and older

observers for the extraction of information during TTC judgments.

3. To develop a model that can help understand and predict eye movement

behavior during a TTC judgment task. This model used a reward function

based on a specific combination between optical size and optical expansion

rate obtained from the results of the experiment.

Each goal listed here required a specific set of questions to be answered and a

corresponding set of hypotheses to be tested. All of these questions and hypotheses

are presented in chapter 3, as each analysis included in this research unravels.
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CHAPTER 2

GENERALIZED LITERATURE REVIEW

This chapter presents a generalized review of the different topics involved

with this research. It starts by providing an overview of the various sources of

information for the perception of depth and space. It briefly defines the formulas

used to calculate optical size, expansion rate and tau, and it provides a more

thorough overview of the optical invariant tau. The chapter then provides a review

of relevant models for eye movements and visual attention. And, it ends by proving

an example of a reinforcement learning model for eye movements during TTC

judgments.

2.1 Sources of Information in the Environment

The effective perception of space and motion of objects is fundamental for

the realization of any human task involving vision. The wide range of perceptual

information provides a ‘good enough’ representation of the world around us. For

example, visual perception provides most of the necessary information to avoid

collisions while driving (Hills, 1980), or to catch a ball while engaging in certain

sports (López-Moliner & Keil, 2012; Hayhoe, 2005). However, the amount of visual

information available in the environment at any moment is too large for any

observer to assimilate (Hollingworth & Henderson, 2002; Luck & Vogel, 1997;

Kahneman, 1973). Even more, just the sensory data contained in a retinal image is

too much for anyone to process. This limitation forces observers to select specific

features relevant to the task or goal at hand (McCallum, 1996).

For a selective and effective visual perception process, humans use different
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sources of information for the perception of the 3-dimensional layout of the

environment around them (Armbrüster, Wolter, Kuhlen, Spijkers, & Fimm, 2008;

Cutting & Vishton, 1995; Cutting, 1997, 2002, 2003). Previous studies have

proposed nine sources of information including occlusion, relative size, and binocular

disparities as examples for the perception of depth and space (Cutting & Vishton,

1995; Cutting, 1997, 2003). Cutting and Vishton (1995) developed thresholds for

the just-noticeable differences (JND) in depth of two stationary objects at different

distances, d1 and d2, for these various sources of information (see Figure 2.1).
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Figure 2.1: Just-discriminable depth thresholds against the distance from the observer
for 3 sources of information. Modified from Figure 1 in Cutting and Vishton(1995).

According to their results, the potential utilization of a source of information

is a function of the mean distance of the objects from the observer. For instance,

binocular disparity is useful to an observer at a specific distance range, from some
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point along the action space (1.5 to 30 meters away from the observers) to anywhere

in the personal space of the observer where it is more effective as shown in Figure

2.1. Similarly, occlusion and relative size offer constant depth thresholds of 0.1%

and 3% correspondingly, regardless of the mean distance from the observer. In other

words, the smaller the threshold the easier it is to detect smaller differences (JNDs,

in this case) between the two objects. For example, figure 2.2 shows that the

interposition of two rectangles of same dimensions provides a strong depth cue

(rectangles in the bottom part of the figure) . One rectangle interrupts the outline

of the other one indicating which of the rectangles is in front. The level of occlusion

for the pair of rectangles on the right is higher than that on the left. This provides a

sense of spatial separation between them and a sense of depth regardless of the

apparent distance from the observer. At the same time, the smaller size square in

the upper part provides the sense that of being farther away from the other two

rectangles in the lower part of the figure.

These findings are of great impact for the understanding of depth and space

perception in pictures and in the real world. However, they are based on the

presence of two stationary objects at different distances from the observer. Once

these objects are set into motion, the depth contrast functions for the different

sources are altered because motion can change the distance between objects, and

the distance between the observer and such objects (Cutting, 1997). More

importantly, other sources of information become available as observers try to

effectively perceive the spatial and temporal properties of the moving objects and

act accordingly, perhaps to avoid a collision or to stop before an obstacle. Take for

instance the objects in figure 2.3, where two spheres of different dimensions moving
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Figure 2.2: Partial occlusion and object size as cues for depth perception.

at different constant velocities approach an observer. Assuming that the task of the

observer is to judge which sphere will ‘hit’ him first, the sources of information to

effectively assess their spatial and temporal properties change as they approach the

observer, and in some cases they also differ from the ones previously identified in

the static environment.

(a) Frame early in the approach, relatively far-
ther from the observer

(b) Frame late in the approach, relatively
closer to the observer

Figure 2.3: An approach event of two different size spheres approaching an observer
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For a dynamic layout like this, different sources of information for the

perception of space and the properties of objects in motion have been identified,

which means identifying the essential information for the judgment of when and

whether collisions will occur (Barbet, Meskali, Berthelon, Mottet, & Bootsma, 2006;

Cantin, Lavallière, Simoneau, & Teasdale, 2009; DeLucia et al., 2003; Gray &

Regan, 1998; Schiff & Oldak, 1990). Previous research indicates that observers use

multiple sources of information in time-to-contact (TTC) judgments and that the

effectiveness of visual information is bounded by sensory and cognitive limitations

(DeLucia, 2004, 2013). Some of these limitations relate to viewing distance and

motion intensity (DeLucia, 2008). For instance, the optical invariant tau provides

reliable information about time-to-collision. However, at far distances this

information becomes less reliable and observers tend to rely more on alternative

sources of information such as the optical size of familiar objects and discrete

warnings in the environment. Previous research on responses to deceleration during

car following has shown evidence of the latter (DeLucia & Tharanathan, 2009). In

this study subjects relied more on brake lights and an auditory signal (discrete

warnings) when the headway of the lead car was far and deceleration rate was slow

– i.e., when information from optic flow was less reliable. On the contrary, observers

relied more on tau when the headway of the lead car was near and the deceleration

rate was faster, indicating the relevance of distance and intensity of motion for TTC

judgments.

2.1.1 Optical size, Expansion Rate and Tau

The present study focused on three different sources of information (i.e., tau,

optical size and expansion rate) following the same approach presented in two
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previous studies (DeLucia, 2005; DeLucia et al., 2014). The integration of these

sources of information for effective TTC judgments was crucial for the RL model

proposed. In this section, optical size and expansion rate are briefly defined, while a

more detailed description is given for tau.

Optical size

Optical size is the angle an object subtends at the eye of an observer, and it

can be calculated using the following formula:

θ = 2 arctan

(
S

2D

)
, (2.1)

where S is the linear size (or height) of an object, and D is the distance between the

object and the eye’s nodal point. Optical size does not provide highly reliable

information about TTC. Nonetheless, objects maintain constant physical sizes, and

thus, objects with larger optical sizes may appear to be closer (DeLucia &

Tharanathan, 2009). This is not always the case. For instance, a previous study

demonstrated that subjects judged a large-far approaching object to hit their

viewpoint before a small-near object arriving sooner (DeLucia & Warren, 1994).

This characteristic of human perception is known as the size-arrival effect, and it

definitely plays an important role in the process of effectively detecting a collision.

Therefore, it is relevant to include it as one of the main sources of information to be

studied.
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Optical expansion rate

In the present study, the optical expansion rate of an object refers to its rate

of change in optical size as it approaches an observer. Mathematically, it is

expressed as the first derivative with respect to time of optical size. Visual stimuli

were presented in digital format, and the values of expansion rate for each frame

were estimated by using the following formula:

θ̇ =
∆θ

∆t
, (2.2)

where θ represents optical size. Just like optical size, expansion rate does not

provide veridical information about TTC, but rather a heuristic relationship to how

fast an object may be approaching (DeLucia, 2004; Sun & Frost, 1998). Hence,

observers can respond in favor of faster expanding objects even if this is not the

correct choice. In fact, some studies have shown that expansion rate plays an

important role during TTC judgments (López-Moliner et al., 2013; Hosking &

Crassini, 2011; López-Moliner & Keil, 2012; Keil & López-Moliner, 2012;

López-Moliner & Bonnet, 2002).

Tau

Both sources of information, optical size and expansion rate, can direct visual

attention and influence judgments for the avoidance of collisions. More importantly,

they are embedded in the optical properties of tau. However, to define tau, a direct

reference to the idea of Direction Perception is necessary. Direct perception builds

on an important set of principles. Perhaps, one of the most important tenets rests

on the concept of invariants (Gordon, 2004b). Invariants can be extracted from light
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of different intensities and in different directions arriving at a particular position in

space, called optic array (Gibson, 1961). In fact, it would be fair to suggest that

notions about the external world arrive through the optic array, as a natural

stimulus for the eye. An essential characteristic of the optic array is that it has

structure, and in such structure invariants can be found. Taking Figure 2.4 as an

instance where one is about to collide with the tree, there would be a radial

expansion of textures around the focal point. As one approaches the tree, the

textures expand and contract at different positions around the focal point. This

actual flow of the texture is regarded as an invariant (Gordon, 2004c).

Figure 2.4: Optic flow representation from the perspective of a driver. Taken from
Gordon’s book (Gordon, 2004a) p. 153.
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Tau is another example of an invariant embedded in the rate of expansion of

the texture elements in the optic flow (D. N. Lee & Reddish, 1981). This invariant

represents the proportion between the optical size of a texture element and its rate

of expansion. To be more precise and thinking about figure 2.4 in a different way,

let us suppose the eye in figure 2.5 is moving from point O along Z(t) from left to

right with velocity V . In this case, E and G represent arbitrary points of texture

Eye

O

E’

E

G’

G

H

R

Nodal

Point

Z(t)

r(t)

v(t)

V

Figure 2.5: Side view of a linear movement and the corresponding optic flow. Adapted
from Lee (1980).

elements, and E ′ and G′ represent the corresponding projections on the retina.

Then, tau can be estimated by following the relationship between time, distance

and velocity, but applied to information embedded in the optic flow. Using the
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graphical representation in figure 2.5, tau [τ(t)] is defined by Lee (1976) as:

τ(t) =
r(t)

v(t)
. (2.3)

Following the notation of the previous sources of information, the value of τ at time

t can be expressed as follows:

τt =
θt

θ̇t
, (2.4)

where θt is the visual angle of an object (i.e., optical size) at time t, and θ̇t is the

rate of change of that visual angle (i.e. expansion rate) at time t. This higher-order

unit gives the perceptual experience of an object looming up, and it also provides

reliable information about the time-to-contact with the observer (D. N. Lee, 1980).

It has also been shown that the first temporal derivative of tau provides information

about whether the observer will stop or collide with an obstacle (D. N. Lee, 1980).

Hence, tau is an essential factor to consider when studying scenarios with potential

collisions. And, if observers base their TTC judgments on tau, changes in this

source of information could play an important role in the configuration of eye

movement patterns.

It is important to note though, that other sources of information, useful for

tracking or reacting to an object approach, have been found to be present across

different species (Hatsopoulos, Gabbiani, & Laurent, 1995; Keil & López-Moliner,

2012). And, evidence of their effectiveness for TTC judgments seems to be

depended on the species being study. The integration and explanation of each one

of these sources of information is beyond the scope of this research. In addition,

most of these sources of information take the form of a mathematical combination
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between two of the three previously explained.

2.2 Modeling Visual Attention in Dynamic Environments

For experiments without the integration of eye movement data, it is rightly

assumed that observers gaze at different places in the environment to extract the

needed information to complete a task (e.g. relative optical size or tau). As

mentioned previously, only a small amount of information can be attended and

retained from an image or scene presented briefly (Hollingworth & Henderson, 2002;

Luck & Vogel, 1997; Kahneman, 1973). Therefore, the visual system engages in

selective perception to filter irrelevant features and selects what deserves attention

(McCallum, 1996).

Among TTC experiments, there is some evidence as to how eye movements

may provide information for TTC estimation. For instance, a previous study

investigated the difference between overt and covert pursuit of eye movements when

estimating the temporal arrival of two moving objects (Baurès, Bennett, & Causer,

2014). In this experiment, participants were asked to overtly pursuit one of the two

objects (such object could be either arrive first or second in the approach event) and

estimate the TTC of just the first-arriving object. Their findings showed that overt

pursuit is sufficient but not necessary for TTC estimation and that covert pursuit

provides accurate TTC estimation for objects close to the overt focus of attention.

These results suggest that, for objects sufficiently close to the focus of attention,

central (foveal) vision may not be necessary for accurate TTC judgments. However,

the reliability of such information decreases as eccentricity increases; in peripheral

vision, for instance, changes in expansion rate can produce illusory variations in

TTC estimations (Regan & Vincent, 1995). In general, a more robust strategy to
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accurately estimate TTC is to actively search for information in the environment by

tracking the objects in motion. For example, Bennet et al. (2010) found that

visually pursuing a moving object was more advantageous than fixating on the

arrival location. Moreover, eye movements are affected by the presence and changes

different sources of information such as rate of expansion (Bennett & Benguigui,

2013). It is relevant, then, to explore how eye movements extract different sources of

information for accurate estimation of TTC. Histories eye movements paired with

continuous time-to-contact judgments opens the possibility of identifying patterns in

the visual search for sources of information milliseconds before observers make a

decision.

Previous models (Horrey, Wickens, & Consalus, 2006; Wickens, Goh,

Helleberg, Horrey, & Talleur, 2003; Y. Liu, Feyen, & Tsimhoni, 2006; Salvucci,

Boer, & Liu, 2001; Salvucci, 2006; Salvucci & Liu, 2002) have not considered these

sources of information as a guiding element for eye movement behavior, and current

research only approaches them in a generalized manner as part of the top-down

versus bottom-up factors. A model taking a simplistic approach to the complexity

of dynamic environments is the SEEV model (Horrey et al., 2006; Wickens et al.,

2003). It has been proven to be useful in the context of aviation and driving. The

model starts by setting areas of interest (AOI) where visual scanning will occur.

The purpose of the model is to predict the percentage of dwell time for each of the

AOIs under the assumption that four factors drive visual attention: the saliency of

the environment, the effort of redirecting attention, the value of information and the

expectancy of a particular location having relevant information. For its simple

experimental setup and for the sake of explanation, the context of aviation
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presented by Wickens (2003) will be taken. In this example, three AOIs were

defined: the instrumental panel, the outside world and the cockpit display of traffic

information (CDTI). According to the author, in the optimal form of the SEEV

model, highly salient events neither should be scanned, and nor should effort inhibit

visual search over long distances. Hence, for this particular example, this version of

the model is based only on the two factors – Expectancy and Value. Each one of the

three AOIs was connected directly in accordance to the tasks, in this case aviate

and navigate (see Figure 2.6). For instance, to aviate, pilots must look at either the

instrumental panel or the outside world to obtain the necessary information. The

Outside World

AOI 2

Instrumental Panel

AOI 1

CDTI

AOI 3

Aviate

Task 1

Navigate

Task 2Eye

R

BW

R

R

BW

BW

BW

R

Figure 2.6: Areas of interest as they relate to the tasks necessary for flying. Modified
from Figure 6 in (Wickens et al., 2003).

model predicts that a particular AOI will be scanned based on frequent changing

information BW (bandwidth), and its value R (relevance), with respect to the task

at hand. To obtain values for BW and R, tasks must be set into a hierarchical order

not only within each other, but also with respect to each AOI. For instance,

aviating (Task 1) is more important than navigating (Task 2) (Schutte & Trujillo,
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1996). Hence, aviating takes a ‘greater’ value. At the same time, a pilot can make

use of the instrumental panel (AOI 1) or the outside world to navigate (AOI 2). In

this case, the instrumental panel (AOI 1) provides information changing more

frequently than the outside world, and similarly the outside world provides a higher

bandwidth than the CDTI (AOI 3). Therefore, values of 3, 2 and 1 can be assigned

to represent these hierarchies. Finally, the expected attention allocation for each

AOI can be calculated using the following equation:

E(AOI) =
∑
tasks

(BW )(R)(Priority) (2.5)

The final results provide the predicted percentages of dwell time for each

AOI, which can be compared against empirical data of pilots flying in similar

conditions. The model showed a strong fit to empirical data accounting for a high

percentage of the variance, as high as 95% depending on the different flying

conditions studied. However, this model only predicts the overall proportions of

time for each AOI where visual attention allocation will occur. It only provides a

general picture of visual allocation over specific areas of interest. In addition, it

neither provides a prediction of attention allocation with respect to time, nor it

provides a direct representation of the changing information (dynamic conditions) in

the surrounding environment. Furthermore, for predicting differences between

novice and experienced pilots (learning process), it would be necessary to setup

different models with different hierarchies and a prioritization of tasks.

There are other models relevant to the purpose of this study. Most of them

try to function within the framework of a cognitive architecture such as ACT-R,

EPIC, SOAR, GOMS or CAPS. These cognitive architectures deal with a wide
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variety of human tasks, including visual scanning. Their realm of theoretical and

practical implications falls outside the scope of this study. Nonetheless, the RL

model presented here can be integrated as a subset algorithm for some of these

architectures. And therefore, they do deserve consideration. One recent instance is

the Queuing Network-Model Human Processor (QN-MHP, see Figure 2.7). It

integrates methods of queuing theory with the framework of the MHP and other

cognitive architectures such as GNOMS, EPIC and ACT-R (Y. Liu et al., 2006).

The main assumption is that the human cognitive system resembles that of a

queuing network, in which specific areas of the brain can be modeled as servers and

the flow of information as customers. Each server provides a unique service to

provide to the task in demand. Three major advantages come with the application

of queuing networks to overall representation of the cognitive architecture. First,

queuing theory provides a mathematical framework to the entire architecture, while

also allowing for logical functions to be implemented at each server in the network.

Second, it integrates parallel and serial processing of information within the

network. Finally, the nature of the model, a set of interconnected servers, allows for

a relatively simple representation of multitask behavior in the form of multiple

customers in a queuing network (Y. Liu et al., 2006).

A model such as the one presented here can fit into the QN-MHP

architecture for learning how to visually scan the environment. In fact, it has been

shown to be useful in real time driving for tasks. In more detail, a multitask

performance experiment was done for the concurrent driving tasks of steering a

vehicle and reading an in-vehicle GPS device for directions. First, the map reading

task was described step-by-step following GOMS-style. Second, the inputs for the
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Figure 2.7: Framework of paths and servers for the QN-MHP. For further reference
on each server refer to Wu (2007).

steering task were made available by modeling focal and ambient vision, and the

near-far dichotomy. In other words, steering coordinates were acquired through

either peripheral vision or focal vision, depending on visual recognition demands as

well as from near and far glances from the vehicle. Far glances serve as an

anticipatory strategy, and near glances are required for stabilizing steering (Donges,

1978). In summary, the QN-MHP model for these two tasks was able to perform

similarly when comparing with actual human experimental data. However, none of

the models currently applied to the QN-MHP framework integrate sources of

information for learning visual scanning and TTC judgments.

Non-computational models approach similar issues from a different
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perspective. For instance, Crundall (2005) shows the relevance of the interaction

between top-down and bottom-up factors in understanding how drivers look where

they look. Crundall explored the idea of teaching drivers where to look by studying

learned driving schemas of experienced drivers and transferring that knowledge to

novice drivers who seemed to rely more on other features, such as bottom-up

factors. Some of these schemas include learned scan patterns, or ‘habits’ of visual

attention, for specific driving scenarios. One example of these patterns came to light

from a study stating that while overtaking a vehicle on the same lane drivers gaze at

the adjacent lane before announcing their intentions (Salvucci & Liu, 2002). In this

case, the information gained by looking at the adjacent lane would be a reward that

determines the next action for the driver.

With a similar motivation, Liu (1998) implemented Markovian analysis to

characterize eye movement patterns associated with specific cognitive processes. His

analysis was focused on finding a Markov transition matrix that would describe a

particular eye fixation sequence for a given driving situation or task. Liu’s model

revealed two clear eye movement patterns on straight roads: an up and down

movement on the roadway ahead, called the ‘preview pattern’; and a ‘side-to-side

pattern’ that occurred from a region on the roadway ahead to either side of the car.

This model also found that on curve roads there was no ‘preview pattern’, whereas

the ‘side-to-side pattern’ remained likely to occur. Although the relationship

between top-down and bottom-up factors is somewhat understood and a fair

amount of scan patterns have been identified, the question of how specific eye

movement patterns are developed remains partially unanswered. Moreover,

Crundall (2005) points out that:
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“. . . if these scan patterns truly represent learned schemas, then we

should also be able to see these schemas develop over time as the driver

gains experience” (p. 295).

Addressing this observation, Chapman and Underwood (1998a) compared sequences

of eye fixations between experienced and novice drivers using Liu’s methodology.

Their findings suggest that under certain road sections experienced drivers do show

specific eye movement patterns by focusing their visual attention to particular

locations. Interestingly, these results also show some specific scan paths for novice

drivers. However, the authors classified these patterns as stereotypical and

predictable, especially under demanding traffic situations. It is important to note

that these results show inconsistent eye movement patterns among experienced

drivers as well. These inconsistencies were primarily present on a visually

demanding dual highway road with a merging traffic road section, where they were

interpreted as an increased flexibility in visual search strategies. One of the

drawbacks of Liu’s methodology is the null representation of the external

environment surrounding drivers and the extraction of specific sources of

information. His analysis of fixations is done over a grid composed of six different

areas with one particular advantage (see Figure 2.8). It is easily transformed into a

matrix representation where the transition probabilities for eye fixations can be

calculated. For example, one can calculate the probability of fixating on the

Far-Right area given that the current fixation location is the Mid-Ahead area. This

representation works well when applied to less visually demanding scenes, such as

straight roads. However, once the dynamic complexity of the environment starts

increasing, there is no accounting for the elements transitioning on the visual scene
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Figure 2.8: Grid representation of the different areas in the visual field. The circle
in the center of the grid represents current visual attention, while the circle in the
Far-Right corner represents the next area to be attended.

and pointing to sources of information in the environment is too complex.

Therefore, it becomes difficult to find specific eye movement patterns. For instance,

on a dual highway road with merging traffic, the moment-by-moment conditions

may be different for each driver. The location and amount of vehicles on the

highway, and in the merging lane, can differ significantly. To characterize the

development of scan patterns in such conditions, it is necessary to account on a

moment-by-moment basis for the dynamic elements present in the environment.

There is evidence showing that observers can learn the dynamic properties of

the environment to optimally distribute gaze location (Hayhoe & Ballard, 2005;

Droll, Gigone, & Hayhoe, 2007). For instance, during natural behavior the goal of

the observer affects the distribution of gaze (Uke & Hayhoe, 2006), because for
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visuomotor tasks, fixation sequences are highly associated, in time, to actions

required to complete a task (Hayhoe, Shrivastava, Mruczek, & Pelz, 2003). This

suggests that fixation sequences provide the information necessary to carry an

action. For instance, drivers tend to fixate on the areas around intersections

expecting useful information (Shinoda, Hayhoe, & Shrivastava, 2001). And as

shown in Section 1.1, there are specific changes in the sequence of fixations between

different types of drivers. There is a need then for a model that accounts for the

interplay between observers’ attention and the dynamic elements in a scene, and the

development and change of eye movement patterns as experience is gained. For

instance, instead of dividing the visual field of view into a grid (as shown in Figure

2.8), the relevant elements to the task on hand can be extracted through video and

image processing. These elements represent states, as defined by a Markov Decision

Processes (MDP), which can be visited through eye movements such as saccades

and fixations. The visual features contained in each state provide relevant

information that can be translated into a reward function. This function should be

based on human experimental data to obtain objective results about eye-movement

behavior. These results would provide important insights about the different

underlying mechanisms that observers use to perceive the environment and objects

in motion around them. They would also have important implications for the

development of technologies focused on improving performance on tasks that

depend on visual perception (DeLucia, 2008).

Further details about the results and implications of this model are discussed

in Section 5.3. First, details about reinforcement learning and how it can be applied

to eye movements are presented in the next section.
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2.3 Modeling Eye Movements using the Reinforcement Learning

Framework

As mentioned in Section 1.1, one of the main goals of this research was to

develop a novel model for eye movements in a dynamic scene, more specifically,

during TTC judgments. This model uses the sources of information in the

environment for depth and space perception as rewards for making a fixation or

saccade to a particular location. In real-life situations, decision-makers are not told

which actions to take or which actions provide the best reward, instead they must

explore different options and figure out which decisions yield the most reward. In an

optimal situation, the decision-maker seeks to maximize his/her rewards. This

concept has been well defined in the framework of Reinforcement Learning. The

following sections provide a) a brief overview of Reinforcement Learning, b) a

typical example for a simple RL model called Grid World, and c) an example of a

reinforcement learning model applied to a visual scene similar to those used in the

actual experiment of this study.

2.3.1 Background on Reinforcement Learning

Perhaps the most common reference to RL is from the field of computer

science, where its framework is implemented in areas such as robotics, computer

algorithms and artificial intelligence (Kaelbling, Littman, & Moore, 1996; Sprague &

Ballard, 2003; Szepesvari, 2010). However, the roots of reinforcement learning trace

back to behavioral psychology research dedicated to uncover the decision-making

processes by which animals and humans select actions in the face of reward and

punishment. A good example of these long ago efforts is the well-known ‘Pavlovian

conditioning’ (Yerkes & Morgulis, 1909). More recently, neuropsychological evidence
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from lesion studies, pharmacological manipulations and electrophysiological

recordings suggest a strong link between neural structures and a mathematical

framework for reinforcement learning (Barto, 1995; Schultz, 1997). For instance, the

Rescorla-Wagner model, possibly the most important model of animal learning,

provided a successful structure for modeling Pavlovian conditioning (Niv, 2009).

This model worked under the assumption that learning occurred only when an event

did not fit an expectation. In more detail, the model associates the strength of i

conditional stimuli V (CSi) with an ‘error-correcting rule’ based on the difference

between the value (or strength) of what actually occurs λUS (see Equation 2.6) and

the value of the prediction
∑

i V (CSi) (or expected reward). This relationship is

discounted by factor of β, which depends on the saliency of the unconditional (US)

and conditional (CSi) stimuli to mediate between sooner and later rewards.

Vnew(CSi) = Vold(CSi) + β[λUS −
∑
i

Vold(CSi)] (2.6)

According to Niv (2009), the Rescorla-Wagner model has two major

limitations. First, it does not explain higher-order conditioning such as the behavior

of human conditioning to monetary outcomes, which are second order predictors of

affective unconditional stimuli such as food. And second, it defines its basic unit of

learning in terms of a discrete temporal object in a trial, which does not account for

whether the conditional and unconditional stimuli appeared simultaneously, serially

or with a time delay between them. Equation 2.6 resembles the form of models

implemented in areas such machine learning and artificial intelligence. Specifically,

Sutton and Barto (1998) proposed Temporal-Difference Learning (TD, which they

described as a combination of Monte Carlo and Dynamic Programming (DP) ideas.
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More importantly, TD learning overcomes the shortcoming present in the

Rescorla-Wagner model, and it strongly correlates with findings concerning the

neural underlying mechanisms of reinforcement learning in the brain (Niv, 2009).

TD learning and most reinforcement learning problems follow the mathematical

framework provided by Markov Decision Processes (MDPs). In most cases, an MDP

comprises five elements {S,A, P (St+1|St), γ, R} to model a dynamic process, in

which the transition from state St to state St+1, after taking action a ∈ A, is defined

by the probability distribution P (St+1|St) (a state transition function). The term γ

is the discount rate on rewards distant in time. Just like in the Rescorla-Wagner

model, the discount factor accounts for the evidence showing that humans and

animals prefer immediate gratification to delayed rewards (Mischel, Shoda, &

Rodriguez, 1989; Niv, 2009). Finally, the term R defines the reward function for a

given set of states S. However, a reward r in a state s is observed with probability

P (r|St). One key difference between the two models is the modification of the

‘error-correcting rule’ to a ‘temporal difference prediction error’, as shown in

Equation 2.7

δt = P (r|St) + γ
∑
t+1

P (St+1|St)V (St+1)− V (St) (2.7)

where any discrepancy between V (St+1) and V (St) would be accounted by this new

rule. Now, to show the resemblance of both models, the value of state St in TD

learning can be defined by substituting the ‘error-correcting rule’ in the

Rescorla-Wagner model with the TD learning prediction error:

Vnew(St) = Vold(St) + βδt (2.8)
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This equation (2.8) can be also seen as a special form of the Bellman equation,

widely present in Dynamic Programming problems (DP). Nonetheless, one problem

remains to be solved in this new model. It requires specific knowledge about the

dynamics of the environment, in other words, a model of the world. Such model is

defined by the probability distributions P (St+1|St) and P (r|St). Outside the context

of Machine Learning and Artificial Intelligence, this is assumption is difficult to

satisfy. Humans and animals need exploration and trial and error for sampling

rewards corresponding to some state in the environment. And, after repetitions over

the same task an expectation of reward and a sense of the transition between states

(a model of the world) are developed (Niv, 2009). Further developments in RL and

Dynamic Programming proposed a model-free method for solving problems

(Bertsekas & Tsitsiklis, 1996; Watkins & Dayan, 1992). An extension of the TD

learning model starts by modifying the temporal difference prediction error and

replacing the model of the world by a process of stochastic sampling

δt = rt + γV (St+1)− V (St) (2.9)

and incorporating Equation 6 into the Rescorla-Wagner model, the following

learning rule can be established:

Vnew(St) = Vold(St) + β [rt + γV (St+1)− V (St)] . (2.10)

A special case of a ‘model-free’ TD learning method is known as Q-learning

(Watkins & Dayan, 1992). It holds the same form of Equation 2.10, but it replaces

the value function V (St) with a function of state-action pairs Q(st, at). Integrating

33



Texas Tech University, Manuel Meza-Arroyo, Spring 2015

states-action pairs provides the ability to model an interactive environment

(Instrumental Conditioning), a situation where the agent (robot, animal or human)

has the ability to influence events by means of its actions. In such case, Equation

2.10 is modified into:

Qnew(st, at) = Qold(st, at) + β[rt + γmax
a
Q(st+1, a)−Q(st, at)] (2.11)

where the maximum over all actions, maxa γQ(st+1, a), in the temporal difference is

believed to be the best action. This learning rule assures that animals can learn

true predictive values of events in a dynamic environment. In fact, recent studies

have shown electrophysiological recordings of no-human primates and smaller

mammals suggesting that dopaminergic neurons propagate a prediction error based

on state-action values Q(st, at), instead of just state values V (St) (G. Morris, Nevet,

Arkadir, Vaadia, & Bergman, 2006; Roesch, Calu, & Schoenbaum, 2007). In terms

of Pavlovian and Instrumental Conditioning, these findings suggest that the

environment rewards actions and not predictions. Therefore, the goal of prediction

learning is to develop action selection (Niv, 2009). The interaction between the

learner, called ‘The Agent’, and the environment is meant to be a straightforward

framing of the reinforcement learning problem (Sutton & Barto, 1998). The agent

takes actions that depend on the current state, and the environment presents new

information to the agent. The environment also provides rewards, a signal that the

agent attempts to maximize over time. Figure 2.9 shows this interaction. For this

research, the agent will be mainly characterized by the eye. Saccades and fixations

will represent its actions. Objects in motion and relevant to the task will constitute

the set of states. And, the sources of information that can be extracted from these
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states will integrate a reward function.
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Figure 2.9: Agent-Environment Interaction

In summary, a significant amount of literature supports the presence of

reinforcement learning in the brain, especially for the phasic firing of dopaminergic

neurons (Barto, 1995; Bayer & Glimcher, 2005; Hikosaka, Takikawa, & Kawagoe,

2000; Montague, Dayan, & Sejnowski., 1996; Montague et al., 2004; Schultz, 1997;

Takikawa, Kawagoe, & Hikosaka, 2004; Tobler, Dickinson, & Schultz, 2003).

However, there is also evidence of the application of the temporal difference

prediction error in aspects of learning that are not associated with phasic dopamine

signals, such as goal-directed responses that do not depend on dopamine (Niv,

2009). More notably, the framework of RL has been applied to a wide variety of

fields and problems. In fact, it can be applied to any problem where a pattern

exists, but there is no direct mathematical formulation to express it (Abu-Mostafa,

Magdon-Ismail, & Lin, 2012; Bertsekas & Tsitsiklis, 1996; Sutton & Barto, 2012).

Given the structure of this dissertation, specific details about models and literature
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will be extended depending on the topic of the corresponding paper. Nonetheless,

models that require no ‘model of the world’ – i.e. Q-learning – will be an intrinsic

part of this research.

2.3.2 The Grid World Example using Reinforcement Learning

A classical example for presenting the key concepts behind reinforcement

learning is that of a robot navigating through a grid world with the goal of reaching

a particular state, in this case a grid, where a reward can be collected. Figure 2.10

shows a similar example, a moving agent represented by a square living in a 4× 4

grid world with the goal of locating a stationary circle. Each cell in this grid, 16 in

total, represents a state of a Markov Decision Process, where the square can take

one of four actions (up, down, right and left) to reach another cell. For this example

and throughout this research, a state is defined as the information available to the

agent, a signal from the environment perceptible to the agent. Given the number of

rows and columns composing each cell, several routes with the minimum number of

steps can be found. Hence, it is the job of the square (i.e., the agent) to learn the

appropriate actions for any given state. In other words, the ultimate task for the

agent is to develop a policy of actions for each cell in the grid. There are many

solutions and variations of the Grid World problem. However, the purpose of this

example is to show how the Q-learning rule in Equation 2.11 is updated after each

step, and to show a sample of the output that can be obtained from solving a RL

problem. Before stepping further, three assumptions for this specific example need

to be mentioned. First, a reward of ‘−1’ for each non-terminal step was assumed.

This means that the square was punished for every step that it takes before

reaching its goal. A direct analogy for this negative reward is energy consumption of
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Figure 2.10: 4× 4 Grid World for a Moving Square and a Static Circle. Each state is
numbered top to bottom starting with cell (1, 1) and finishing with cell (4, 4).

robots or the effort exerted by humans for moving around an environment.

Moreover, a reward of 100 for the terminal state was also assumed. The number 100

has nothing special to it. Any other positive number might have worked just as

well. In any case, it does represent a positive reward for achieving the goal. Second,

the parameters β and γ, with values between zero and one, represent a learning rate

and a discount factor respectively. The learning rate determines the extent to which

new information replaces the old one. For instance, a value of zero for β conveys no

learning at all, while a value of 1 considers only the newest information.

Furthermore, the discount factor determines the importance of future rewards. A

value of zero for γ only considers the current rewards, while a factor closer to 1 gives

more importance to long-termed rewards. For the purpose of this example, the

values of these parameters were based on a previous RL model for eye movements in

a picture viewing task (Lim & Liu, 2009). The learning rate β was set at an initial

value of 0.3, but it decreased after each episode by the following rule:
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βn = 0.99βn−1. This rule decreases the amount of learning after each episode. The

discount factor γ was set at a value of 0.9, to consider long-term rewards more than

immediate rewards. And third, the square follows an ε-greedy method to select

actions and explore the grid world. In more detail, the square takes the action

offering the maximum reward, and it will only explore taking any other random

actions with 10% probability. Moreover, in the case that an action leads to hitting

the virtual walls on the boundaries of the grid world, the agent remained in the

current state. For instance, being in state (4, 1) and taking action ‘Left’ kept the

square in the same state. From the initial and terminal states in Figure 2.10, cells

(4,1) and (1,4), Equation 2.11 can be written as follows for the first step of taking

action ‘Up’ at the begging of the first episode:

Qnew(s(4, 1)1, Up1) = Qold(s(4, 1)1, Up1)

+ β[r1 + max
a
γQ(s(3, 1)1, a1)−Q(s(4, 1)1, Up1)]

(2.12)

In Equation 2.12, the value for being in cell (4, 1) and taking action ‘Up’ is given by

the old value of the same state-action pair plus the learning rule. For this first step

and episode, the values for most of the states except (1, 4) are empty. This leads to

the following result for just one step:

Qnew(s(4, 1)1, Up1) = 0 + 0.3[(−1) + (0.9)(0)− 0] = −0.3 (2.13)

One episode ended when the square found the stationary circle or terminal state

(1, 4), and then another one started with the square in the same initial state (4, 1)

to find its way once again. Based on the Q(s, a) values obtained after several
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iterations a policy of actions can be established. That is to say, a proper action for

each state in the grid world can be found. For instance, Figure 2.11 shows a

comparison of the policies generated after several episodes have occurred. The

upper-left picture shows a set of actions developed after 10 episodes for each state,

which is still not a good policy for navigating within the entire grid world. On the

other hand, the upper-right picture shows a good policy that was developed after

100 episodes. As mentioned before, there are several routes that lead to the goal

with a minimum number of steps, and this process can be repeated for many

iterations with slight differences in resulting policies. In this case and after 100

episodes, each action in the policy follows one of these ‘optimal’ routes.

For most applied problems of reinforcement learning showing optimality is

required. However, for the purposes of this example showing just a sense of steady

state for the collection of rewards as the number of episodes increases suffices. The

two bottom pictures in Figure 2.11 show that differences in the total collected

reward are greater for the first 10 episodes, and that these differences are reduced as

iterations progress. With all other parameters fixed, the variability of such

differences can vary based on the method for choosing actions. For the simulation

ran in this example, the ε-greedy method yielded a steady state around the 20th

episodes, and small differences between episodes thereafter. Furthermore, it is

possible to approximate the probability of taking each action at any given state.

Table 2.1 shows the probability of taking each of the four actions at any of the 16

states in this grid world. The relevance of computing such probabilities emerges

when dealing with other types of agents, where there is no clear method for

choosing actions, and such is the case of humans. Section 5.3 details further this
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Figure 2.11: Q-learning policies for different number of episodes and total collected
reward per episode.

case, where stochastic policies will be calculated using Q(s, a) values.

These probabilities are the proportions of the number of times each action

was selected by the total visits to each state. The two top graphs in Figure 2.11

represent different policies; similarly, a matrix analogous to Table 2.1 can be

calculated after just 10 episodes for the comparison of actions at different points in

time of the learning process. If after 10 episodes the learning process is still active

the Q(s, a) values of the two analogous matrices should differ considerably.
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Table 2.1: Probability of taking an action at any given state after 100 episodes

State
Action

Up Down Right Left

1 0.131 0.082 0.705 0.082
2 0.086 0.093 0.729 0.093
3 0.126 0.069 0.699 0.106
4 0.087 0.074 0.752 0.087
5 0.071 0.087 0.769 0.074
6 0.769 0.066 0.090 0.075
7 0.763 0.082 0.079 0.076
8 0.749 0.094 0.071 0.086
9 0.074 0.075 0.784 0.067
10 0.762 0.059 0.065 0.114
11 0.718 0.072 0.103 0.108
12 0.600 0.144 0.144 0.112
13 Goal State
14 0.786 0.054 0.071 0.089
15 0.667 0.111 0.089 0.133
16 0.563 0.125 0.156 0.156

Another possible point of comparison is looking at the probability of

transitioning from one state to another after the Q(s, a) has reached convergence, or

at least when small changes between episodes are obtained. Figure 2.12 shows a

Markov Chain with the probabilities of transitioning from one to state to another.

For states on the boundary of the Grid World, there is a probability of remaining in

the same state by ‘hitting’ the virtual wall. Such probability was calculated by

addition of the probabilities for each action leading to this wall. These transition

probabilities between states can be useful for comparing different methods for action

selection. For this example, a ε-greedy action selection method was used, and Figure

2.12 reflects this method on the resulting transitions. For instance, actions Up and

Right at the starting point – i.e. state 4 – are equally useful to reach the goal, if the

proper route is followed. However, in this exercise the action Right was favored over

Up because it was most likely randomly chosen as the first action. And thereafter,
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Figure 2.12: Markov Chain for Grid World. The dashed arrows represent the action
with the highest probability.

the greedy policy exploited its known less-negative value. Hence, if a more

explorative action selection were applied the probability of taking either action

would be similar. In summary, these procedures make it possible to identify visual

strategies, or policies, in environments such as the one proposed in this study. In

the following section, an example is provided.
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2.3.3 An Example of a Reinforcement Learning Model for Eye

Movements During TTC Judgments

In this section, the mathematical framework and specific variables of the RL

model are discussed. The visual stimuli used in this simulation were based on a

previous study of two approaching objects of different sizes (DeLucia, 2005). The

optical parameters in this scene (sphere size and velocities), however, were different

and set arbitrarily. The purpose of this simulation was to show that using one

source of information (i.e., expansion rate) as a reward function could use to guide

eye movements during the estimation of TTC.

The conceptual representation of the proposed model follows figure 2.9. Just

as shown in the previous example, this model used the Q-learning rule for updating

the state-action values Q(s, a), and as mentioned previously the Q-learning model is

defined by the 5-tuple {S,A,R, β, γ}. States are defined by the combination of

objects in the environment and the discretization of time (e.g. 2 spheres times the

number of frames in a scene). There were only two actions in any given state: to

make a saccade towards the other object or fixate on the current one. The reward

function, in this case, was defined by the sources of information for the perception

of space and motion. Finally, the learning rate and discount factor parameters were

set equal to those used in the example shown in Section 2.3.2. These parameters are

based on a similar model for eye movements previously proposed (Lim & Liu, 2009).

To visualize actions and states in the framework of reinforcement learning, an

analogy to the Grid World example can be made. Let us suppose a visual similar to

those proposed in this study (see figure 3.4). Assuming that the scene contains 150

frames, then the total number of states is 300 (i.e, [number of time steps] × [number
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of objects which can be gazed by an observer]). A sequence where an observer starts

the task by making a saccade from the left sphere to the right is also assumed. The

total time of this saccade lasts for about 100 ms. Then, the subject fixates on the

right sphere for 200 ms, and makes another saccade to the left (see Figure 2.13).

Hence, a saccade-fixation-saccade sequence takes place over 11 frames. Figure 2.13

diagrams this sequence in the context of moving between cells, similar to the Grid

World. With each fixation on a sphere, the amount of information gained can be

approximated. In this particular case, a fixation occurred over 7 frames early in the

scene and at a far distance obtaining the most distinctive information likely from

their optical size. This model assumes that during saccades no information about

the environment is acquired, since their speed is too fast and their distance too

short for visual processing (McFadden & Wallman, 2001).

The resulting Q(s, a) values provide a policy for visual learning. These values

determine the visual strategies used by participants, by showing the preferred

actions for any given state. In other words, these values determine whether a

fixation was more likely than a saccade for any given frame during the scene. Table

2.2 shows a matrix of the Q(s, a) values. In more detail, ‘state 1’ translates into the

information that the left sphere can provide at frame 1, and ‘state 151’ into the

information that can be provided by the right sphere during the first frame. Hence,

the Q(s, a) values define the value of being in state ‘s’ and taking action ‘a’. For

example, Q(1, sac) gives the value of gazing over the left sphere and making a

saccade while in frame 1. And, Q(1, fix) provides the value of gazing over the same

sphere and remaining there. With each step or action taken, these values update

following the rule in Equation 2.11. After several repetitions of the same task, these
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values determine the better action for each state. Therefore, it is possible to obtain

a policy of eye movements determined by a sequence of saccades and fixations in

time.

Table 2.2: Q(s, a) Table of Values

Frame State Saccade Fixation State Saccade Fixation

1 1 Q(1, sac) Q(1, fix) 151 Q(151, sac) Q(151, fix)
2 2 Q(2, sac) Q(2, fix) 152 Q(152, sac) Q(152, fix)
3 3 Q(3, sac) Q(3, fix) 153 Q(153, sac) Q(153, fix)
...

...
...

...
...

...
...

150 150 Q(150, sac) Q(150, fix) 300 Q(300, sac) Q(300, fix)

2.3.3.1 Model Variables

In addition to saccades and fixations, there are other components related to

the reinforcement learning model that most be defined. As mentioned in Section

2.3.1, the Q-learning rule is defined by the 5-tuple {S,A,R, β, γ}. The two

approaching spheres in the environment at each point in time will define the set of

states. Time will be discretized by the set of frames contained in the scenes. For

instance, assuming then that there are 150 frames in one scene, there are 300 states.

There were only two possible actions in each state, make a saccade or fixate. The

reward function, as mentioned before, was constructed from one of the sources of

information, the expansion rate on each one of the frames in the approach. The

main point was to show that a source of information could be integrated into a

reward function to accurately guide eye movement behavior. As mentioned

previously, the parameters β and γ can take different values depending on the

behavior intended. In this case β, the learning parameter, took the same initial

value of 0.3 as the example in Section 2.3.2, but decreased after each episode by
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following the rule: βn = 0.99βn−1. The discount factor γ was set to 0.5 to consider

immediate reward, as well as future reward.

From these five elements, the formulation of the reward function poses two

challenges. First, just like the human eye the agent in the RL model must extract

information from the environment by means of visual sensory. It is assumed that

only 3 sources of information exist in these scenes, and the model should have the

ability of extracting them. This was accomplished by image processing of the

scenes. Each frame from the set of scenes was extracted and processed to find the

optical size, expansion rate and tau values of both spheres. Optical size was

calculated in terms of visual angle in pixel values for each frame by applying the

following equation:

θt = 2 arctan

(
St
2D

)
, (2.14)

where St is the diameter of a sphere in pixel values, and D represents the distance

from the display to the observer, expressed in terms of pixel values. Expansion rate

was estimating by measuring the change in optical size between the current and

previous frame:

θ̇t = θt − θt−1, (2.15)

where θt represents the visual angle at time t and θt−1 at frame t− 1, both

calculated previously using Equation 2.1. tau was expressed in seconds and

calculated using optical size and expansion rate as follows:

τt =
θt

θ̇t
, (2.16)

The diameters of each sphere were extracted from each frame using ‘regionprops’, a
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MATLAB built-in function part of the image processing toolbox. The distance D

between the point of observation the display for this simulation was 2 ft. (60.96

cm), with a screen of 1920× 1080 pixels of resolution.

The second challenge was the integration of these values into a useful

function for the RL model. This process required some exploration and human

experimental data. Before discussing the details of this challenge, let us explain the

case shown in figure 2.15 (This is not one of the actual scenes used in the

experiment). The middle graph shows expansion rate for each sphere. It is telling us

that expansion rate for the last-arriving sphere is slower than that of the

first-arriving after the 114th frame. In all previous frames, the expansion rate is

faster for the last-arriving sphere, making this source of information critical for its

change in information. Contrary, optical size and tau do not contain any reversal

of information throughout the scene. For optical size and tau, the first-arriving

sphere is the same throughout the approach. However, optical size contradicts tau,

with the latter providing the most reliable conclusion (seen figure 2.15). As

mentioned previously, observers may use multiple sources of information and tau

may not be likely to play a role in the early moments of the scene.

For this simulation, just one source of information was considered, and all

other parameters of the model were set as specified before in this chapter. The

reward function was integrated by two components. The values for expansion rate

were rewarded for each fixation, and a negative reward of ‘−1’ was also rewarded for

each step taken, a sort of cost for the effort. The simulation was done for three

different number episodes: 10, 100 and 500. Figure 2.16 shows the values for making

a fixation at any of the 300 states. The difference between the values for 10 episodes
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and 100 episodes is significant. This suggests an active learning process between

episodes. And as seen in this figure, the difference between the values for 100

episodes and 500 episodes is not as significant, which indicates an approximation to

convergence. Moreover, the circled areas represent states around the 114th frame

where expansion rate reverses. The smaller circle on the left represent the value of

making a fixation over the left sphere and the elongated circle on the right making a

fixation over the right sphere. The values of these states after 100 and 500 episodes

suggest that fixating on the left sphere is less costly than fixating on the right

sphere around this point time, which, based solely on expansion rate represents a

good strategy to identify the first-arriving sphere as soon as possible.

The challenge resides in integrating all these sources into a reward function,

and indicating the source responsible for a response to the environment. For

instance, it can be assumed that expansion rate is less likely to be responsible for

the eye movements at the beginning of the scene, at a far distance. In contrast,

optical size is distinctively different for each sphere at that same distance. This

observation presents a relevant question about the noticeable differences between

sources of information: What are the thresholds for the just-noticeable differences

(JND) for these sources of information? Using expansion rate as an example, how

large does the difference between one sphere and the other one has to be to notice?

A recent study proposes a conceptual framework for visual space perception based

on three dimensions: motion intensity, viewing distance and the nature of the task

(DeLucia, 2008). The three-dimensional framework establishes the characteristics of

space perception. For instance, fast instinctive actions with fast motion and in near

space are characterized to be under a mechanism of direct perception. On the other
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extreme, deliberate perceptual actions with no motion and far in space fall under

the rule of indirect perception.

Based on this framework, it was possible to hypothesize the previous

suggestion that particular sources of information are responsible for eye movements

at different moments in time and space. By using human experimental data from

TTC responses, it was possible to point at the source of information most likely

responsible for such response, and to calculate the virtual distance at which it was

made. This can be used as a policy in the RL model for integrating and choosing

sources of information. One method explored for this example is Principal

Component Analysis (PCA). This method works under the assumption that a

combination of different sources can produce a response to the environment. To

illustrate this method, Table 2.3 presents the values for the three sources

information extracted from the scene for each sphere, one labeled ‘Right’ and the

other one ‘Left’. Applying PCA to these data provides coefficients for each

component. The first component PC1 captures the largest possible variance. In

fact, the total variance explained by the first principal component is 91.47%.

Within it, the coefficients for tau of both spheres have the largest weights making

tau the most important source of information. This result suggests that using only

the information provided by tau is sufficient to make a decision about the arrival of

the spheres, especially about the left sphere. However, as previously mentioned, this

is not always the case and components have to be arranged accordingly.

The application of PCA serves two purposes. First, it can reduce the

dimensions of the data set. For instance, knowing that tau captures most of the

variance the first two principal components can be used as the reward function.
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Table 2.3: Principal Component Analysis coefficients

Sources
Coefficients

PC 1 PC 2 PC 3 PC 4 PC 5 PC 6

Expansion Rate
Right -0.0116 -0.0287 0.4465 0.8930 -0.0428 0.0196

Left -0.0182 -0.0454 0.8920 -0.4481 -0.0100 -0.0138

Optical Size
Right -0.0004 -0.0011 0.0188 0.0411 0.7529 -0.6565

Left -0.0004 -0.0010 0.0211 0.0042 0.6566 0.7539

tau
Right 0.5466 0.8354 0.0565 0.0056 -0.0001 5.38e-6

Left 0.8371 -0.5460 -0.0112 -0.0010 1.54e-5 −2.25e-6

And second, it aids in the interpretation of each variable within a component. For

instance, the coefficients tell a story for each source of information. The 3rd and 4th

components specialize on the information about expansion rate, and the 5th and 6th

on the optical size. Another possible interpretation can be drawn from the second

principal component. It denotes a contrast between the tau values of both spheres.

Therefore, frames have a high value of PC2 if their tau values for the right sphere

are also high. And, for the case of tau smaller values are of more importance to the

observer, meaning less time to make a decision or take an action. It is important to

note that the purpose of the agent is not to press a button or reach one particular

state. Instead, its goal is to accumulate information about the environment to

reduce uncertainty. In that process the agent could miss information from a

particular source. However, after several iterations of trial-and-error the agent

learns a good sequence of eye movements.

There are several considerations to take into account with this

implementation of PCA. For instance, the extracted values for each source of

information is time dependent. Therefore, the data could be auto-correlated. And,

it can violate assumptions of orthogonal components and a jointly normally
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distributed data set. In any case, the aim of this research was to explore several

methods for formulating a reward function that could be integrated into a RL

model.

2.3.3.2 Model Parameters and Assumptions

The purpose of this example was to reproduce, at some level, human-like

behavior. A reward function based on expansion rate was implemented to simulate

saccades and fixations. Also, a possible future implementation of a reward function

based on PCA was explored. This example was developed prior to the collection

and analysis of experimental data. The model developed and presented in later

chapters of this study was derived from these data, and it was also shaped by the

human behavior observed during the experiment.

In the case of this example, to reproduce eye movements, the model was

based on the following parameters and assumptions:

1. Based on previous research (Lim & Liu, 2009), the learning rate β was set to

an initial β0 = 0.3 that decreases by βn = 0.99βn−1. The discount factor γ was

set to 0.5.

2. A fixation provides information from a single source about the state of the

sphere – i.e., tau, optical size or optical size.

3. Any source information is gained only through central vision – i.e., through

foveal vision and not peripheral vision.
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CHAPTER 3

METHODOLOGY

3.1 Summary

The experiment proposed in this section includes a set of scenes with two

computer-generated spheres moving towards the observer. These scenes were

displayed on mobile computer, and subjects were asked to continuously judge, by

moving a joystick, which of the two spheres will ‘hit’ them first. While participants

judge the scenes, their eye movements were tracked using a portable eye-tracking

device. The results obtained from this experiment were then integrated into a RL

model.

3.2 Subjects

A review of the participants involved in previous studies dealing with eye

movements, visual search during driving tasks, and judgments about collisions in

different age groups revealed different characteristics across the literature (see table

3.1). First, the range of ages for older groups varies among studies. In fact, many

institutions have not adopted a standard criterion. For instance, the United Nations

uses 60 years and over of age when referring to elderly population (WHO, 2013),

and the National Highway Traffic Administration (NHSTA) defines older drivers as

65 and older (NHTSA, 2012). However, both standards cluster this group of

individuals as a homogeneous population when it comes to perceptual abilities in

visuomotor tasks, when in fact they are not. In the state of Texas, for example,

drivers must renew their license at the age of 79 and then again at the age of 85

(TxDPS, 2013), demonstrating concern for cognitive and perceptual deficiencies
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developed during this period of time. Based on this information, in the present

research the older group was composed of subjects between 60 and 85 years of age.

Similarly, the definition of a younger group for research purposes varies across

studies. There are a few organizations that agree on 24 years old as the

upper-bound for the youth population (UNESCO, 2013; World Bank, 2013; Eaton

et al., 2012). For this research, the younger group was extracted from the Texas

Tech University population, and it was bounded between 18 and 25 years of age.

Second, sample sizes also vary greatly across studies. However, to determine

the sample size in this study a statistical approach was taken. A previous

experiment carried by DeLucia et al. (2014) was taken as a reference point for the

calculation of the sample size. Since one of the purposes of study was to determine

the influence of the three mentioned sources of information, the times where these

values reversed in one of the previously used scenes were taken as a basis. For

instance, if a correct response was made based on tau, subjects would move the

joystick after the 100th frame or 5.6 sec, but not before the 118th frame or 6.6 sec

when the values of expansion rate reverse (the complete details for each scene are

presented in the next section). Therefore, it was desirable to test whether mean

response reversal times occur significantly after 5.6 sec, but not significantly after

6.6 sec.

Table 3.1: Characteristics of subject samples from cited literature

Type of Study Source Groups Age Sample

Responses to deceleration during car
following

(DeLucia & Tha-
ranathan, 2009)

Younger
Adults

18-22 12

Judgment about collisions in simulated
driving

(DeLucia et al.,
2003)

Younger
Adults

18-29 8

Older Adults 50-64 8

continued on next page

56



Texas Tech University, Manuel Meza-Arroyo, Spring 2015

Table 3.1 – Continued from previous page

Type of Study Source Groups Age Sample

Visual search differences during danger-
ous situations

(Chapman & Un-
derwood, 1998a)

Novice
Drivers

17... 51

Experienced
Drivers

...30 26

Learning to direct gaze (Droll et al., 2007) Undergrad
Students

N/A 9

Visual Attention when interacting with
in-vehicle technologies

(Horrey et al.,
2006)

College
Drivers

19-37 11

Control of attention and gaze for poten-
tial collisions while walking

(Jovancevic, Sul-
livan, & Hayhoe,
2006)

Undergrad
Students

N/A 16

Predicting driver behavior with dy-
namic Markov models

(Pentland & Liu,
1999)

Adults N/A 8

Eye movements to evaluate effects of
driver age on risk perception

(Pradhan et al.,
2005)

Novice
Drivers

16-17 24

Younger
Drivers

19-29 24

Older Drivers 60-75 24

Eye movements and optical flow for
identification of direction during self-
motion

(Warren & Hannon,
1990)

N/A N/A 8

QN-MHP for driver workload and per-
formance

(Wu & Liu, 2007)
Young Drivers 17-30 4

Older Drivers 61-75 4

Visual search of trained and untrained
drivers in a driving simulator

(Seya et al., 2008)
Trained
Drivers

22-24 10

Untrained
Drivers

22-31 9

To define a proper sample size then, the objective was to find a test statistic

T , and look at its distribution under the null hypothesis. If an unusual value were

observed with less than 5% chance of happening when the null hypothesis is true,

then the null hypothesis would be rejected. Alternatively, if the value were not
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unusual then the null hypothesis would not be rejected. In this case, the test

statistic T is the sample mean. Under the null hypothesis the mean was 5.6 sec (or

5600 ms on the horizontal axis in Figure 3.1), the point in time when tau provides

reliable information. The standard deviation was arbitrarily set to 300 ms to

represent a range of time in which subjects could fixate from one sphere to the other

and react accordingly. For this statistical procedure, a sample size of 24 was chosen

based on a previous study (DeLucia et al., 2014) which implemented scenes 1 - 4

described in Section 3.3. The null hypothesis would be rejected if T was in the

shaded region (see Figure 3.1, which is the upper tail of its distribution. This made

this a one-sided test, since T would not be rejected in the lower tail (i.e., a response

before 5.6 sec). Following the significance level of 5%, the cutoff for this shaded

region was 1.6 standard deviations above the mean.

However, considering a scenario – the alternative hypothesis – where subjects

are able to respond very quickly to the environment and extract the information

provided by tau, just after 200 ms, the alternative distribution mean would be 5.8

sec (or 5800 milliseconds as represented by the solid line curve). Following this

statistical exercise, there was a larger chance of rejecting the null hypothesis if the

alternative was true, which is a desirable situation. This can be better visualized by

looking at the cumulative distribution function (cdf) instead of the density (pdf)

(see Figure 3.3). It is possible to read probabilities directly from this graph, instead

of having to compute areas. This graph shows the probability of getting a

significant statistic (rejecting the null hypothesis) for two different µ values when

the sample is N = 24.

A power function is defined as the probability of rejecting the null hypothesis
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Figure 3.1: Distribution Sample Mean

when the alternative is true. This depends on the value of the alternative and on

the sample size. Figure 3.3 show a graph of the power as a function of N (which is

one minus the cdf), fixing the alternative at 5800 ms. For this study, the sample size

N was chosen to achieve a power of 80%. Figure 3.3 shows that about an N = 14 is

needed.

Based on this statistical procedure, the sample size in this study originally

consisted of four different groups of 15 individuals (8 males and 7 females) each for

a total of 60 participants. Two younger adult groups between the ages of 18 and 25,

with no experience playing first-person shooter video games were drawn from the

Texas Tech University population. These two groups were recruited through a flyer
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and personal communication (see appendices A - C). Flyers were located outside the

ergonomics lab and at both entrances of the Industrial Engineering building. Since

the investigators of the present research are involved with the IIE (Institute of

Industrial Engineering) and HFES (Human Factors and Ergonomics Society)

student chapters at Texas Tech University, emails to all of the members in these

organizations were sent. Any student interested in participating was screened using

a screening questionnaire. This questionnaire was designed to evaluate the basic

requirements to participate in the study, and the physical conditions that may

prevent subjects to take part in it. For instance, subjects who participated in

similar experiments (e.g., (DeLucia et al., 2014; DeLucia, 2005)), and subjects who

declared the lack of ability for looking at a computer monitor for more than 30

minutes were excluded. Also, subjects who asserted to having an oculomotor

abnormality (e.g., strabismus, retinal degeneration, among others.) were not allowed

to participate in the experiment (see appendix E).

The remaining two groups consisted of 30 older adults between 60 and 85

years of age, who had some exposure to computer use (i.e., a person who has used a

computer for basic tasks like sending email or using a web browser). These two

groups were selected from various senior citizen centers in Fort Worth, TX. Dr.

Jennifer Severance and Mr. Markus Rockwell at the Sr. Citizen Services of Greater

Tarrant County, Inc. were contacted to obtain all appropriate permits. In total,

four senior centers were visited: COMO, River Oaks, Diamond Hill, and Northside.

Senior participants were also screened using the same questionnaire. All

participants were active drivers. Those who required corrective lenses for driving

were asked to wear them during the experiment. Also, all recruited subjects gave
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their informed written consent to participate in the study and were naive as to the

hypotheses of the experiment.

3.2.1 Changes to Sample Size

As the experiment took place, two different situations altered the number of

recruited participants and the total sample size. First, hardware issues with the

eye-tracking device led to lost data for a few experimental sessions. And second, a

third group of 5 young subjects who identified themselves as frequent players of

first-person shooter video games was also recruited. The initial intention of

recruiting subjects with little to no experience with these types of video games was

to minimize any possible effects from experience using virtual environments.

However, from the recruitment process the influence of first-person shooter video

games seemed ubiquitous among young adults, and therefore some consideration

was taken. In total, 79 persons were recruited. However, 4 participants were

considered just as pilot data, 2 senior participants chose not to finished the

experiment and 1 was ruled out due to an eye disorder. Additionally, in 7

experimental sessions the eye-tracking data collected was not good for final analysis

and these participants were excluded from the sample. This resulted in a sample

size of 65 subjects (32 males and 33 females) composed by 35 young adults between

the ages of 18 and 25, and 30 older adults between the ages of 60 and 85.

In summary, participants were divided into 5 different groups. Thirty-five

younger participants (18 males and 17 females, mean age = 22.61, SD = 2.33) were

divided into three different groups, one group (15 subjects) in which no feedback

about their judgments was given, a second group (15 participants) in which

feedback about their last judgment on each scene was provided for only the last five
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trials, and a ‘gamer’ group (5 participants) in which feedback was also provided

during the last five trials. Thirty older participants (14 males and 16 females, mean

age = 69.93, SD = 7.47) were divided into two groups, one group (15 participants)

in which feedback was not provided and another group (15 participants) in which

feedback was provided during the last 4 trials. Providing feedback was expected to

provide reinforcement for visuo-motor behavior.

3.2.2 Alternative Method for Sample Selection in Future Studies

Researchers looking to expand on these findings or looking to investigate

similar questions to those proposed in the present study should focus on an

alternative method for determining a proper sample size. A possible approach is to

estimate effect sizes based on differences between means found in previous studies.

The effect can be estimated by calculating the measurement known as Cohen’s d

(Rice & Harris, 2005; Ferguson, 2009; S. B. Morris & DeShon, 2002; Cohen, 1988):

d =
x̄1 − x̄2

s
, (3.1)

where s is the pooled standard deviation for two independent samples and it can be

estimated as follows:

s =

√
(n1 − 1)s21 + (n2 − 1)s22

n1 + n2 − 2
(3.2)

For example, in the present study there was interest in comparing mean

fixation times on the first-arriving object between younger and older observers. The

difference between these age groups was significant for scenes 1 and 2. The mean

fixation times on the first-arriving were 3571.30 ms (SD = 1153.80 ms) for the

younger observers and 2620.60 ms (SD = 1382.90 ms) for the older observers (see
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data for trial 2 in appendix J). The standard deviation was s = 1244.80, and

Cohen’s d could be estimated as follows:

d =
3571.30− 2620.60

1244.80
= 0.764 (3.3)

The effect size in this case could be regarded as a ‘medium’ effect size. The

interpretation for the term ‘medium’ suggests that the difference between these two

groups is not trivial (Cohen, 1988). However, this interpretation is relative to the

domain of study and it may be interpreted differently for differently other fields of

research or experiments.

3.3 Visual Stimuli and Optical Parameters

The virtual stimuli in this experiment were integrated by a set of 6 scenes,

four of them (i.e., scenes 1 - 4) identical to those used in a previous experiment

(DeLucia, 2005; DeLucia et al., 2014). Scenes 5 and 6 were introduced in a previous

study (DeLucia et al., 2014) and were also replicated in the present study. The

visual properties of each scene were designed to achieve two main objectives:

1. To determine whether judgments of relative TTC changed during the

approach event.

2. To determine if such judgments were consistent with the use of optical size,

expansion rate, or tau.

For this research, this set of scenes was labeled from 1 to 6, in which there were

three distinctive scenes (1, 3, and 5) and three mirror versions of them (2, 4, and 6).

Table 3.2 presents a basic summary of the characteristics of each scene, and figure
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3.4 shows a sequence of the three main scenes. The main characteristics

distinguishing the 3 main scenes were speed, sphere size, and initial distance from

the observer. In more detail, scenes 1 and 2 had spheres of the same virtual

dimensions moving at different non-constant speeds, and both at the same initial

distance from the observer. Scenes 3 and 4 included a smaller sphere (by a ratio of

0.61) with both spheres moving at different constant speeds, and also at the same

initial distance from the observer. For scenes 5 and 6, both spheres had the same

physical size moving at non-constant speeds, however, the first-arriving sphere had a

longer initial distance from the observer.

The approach event had to be long enough to provide observers with enough

time to reverse their response after an optical parameter reversed, and at the same

time, short enough so that neither object moved past the edge of the display

(DeLucia, 2005; DeLucia et al., 2014). The view time for scenes 1 - 4 was 8.06

seconds, while scenes 5 and 6 had a total view time of 10.78 seconds. The optical

parameters considered in these scenes were optical size, optical expansion rate and

tau. Figures 3.5, 3.6, and 3.8 show graphs of these values with respect to time.

Table 3.2: Summary of the basic components for each scene

Scene Sphere Size Initial Distance Speed of Spheres First-arriving Sphere

1 Equal Equal Non-constant Left
2 Equal Equal Non-constant Right
3 Different Equal Constant Left
4 Different Equal Constant Right
5 Equal Left farther Non-constant Left
6 Equal Right farther Non-constant Right

65



Texas Tech University, Manuel Meza-Arroyo, Spring 2015

Figure 3.4: Graphic representation of the three main experimental scenes. The top
row shows the initial frames, the middle row shows approximately midway through
the scene, and the final row shows to the final frame (DeLucia et al., 2014).

3.3.1 Scenes 1 and 2

In scenes 1 and 2 (see figure 3.5), optical size values start the same. However,

they differ between the second and penultimate frame, with the first-arriving sphere

having a smaller optical size during this time interval. In the last frame the

first-arriving sphere has the larger optical size. Expansion rate remains smaller for

the first-arriving sphere for most of the scene until approximately 6600 ms (118th

frame) where these values reverse. And, Tau is longer for the first-arriving sphere

until approximately 5600 ms (100th frame) where a reversal occurs. This leaves a

period of time between 5600 ms and 6600 ms, in which tau is the only source of
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information indicating the correct first-arriving object.
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Figure 3.5: Values of each source of information in scenes 1 and 2 with respect to
time.

3.3.2 Scenes 3 and 4

In scenes 1 and 2, the values for expansion rate and tau are not smooth due

to the non-constant speeds of the spheres. For scenes 3 and 4, all sources of

information appear smooth due to constant velocity. However, the difference in
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physical sizes brings an interesting caveat. First, tau remains smaller for the

first-arriving sphere during the entire approach event, and optical size and

expansion rate contradict it (expansion rate reverses at the 6389 ms), making the

TTC task not so straight-forward for the observer. In fact, previous research has

identified this phenomenon as the size-arrival effect (DeLucia & Warren, 1994).
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3.3.3 Scenes 5 and 6

One limitation of scenes 1 - 4 is that during the early part of the approach

event expansion rate and optical size provide the same conclusion about the object

that may arrive first (i.e., if observers would based their judgments these sources of

information, they would elect the last-arriving sphere). Later in the approach event,

tau and rate of expansion provide the same information about the first-arriving

object. Therefore, responses made during this period of time would be based on

either tau or expansion rate without clear distinction as to a single source of

information responsible for TTC judgments. To counterattack this limitation, a

scene, first introduced in a previous study (DeLucia et al., 2014), where tau and

expansion rate contradicted each other during either the early and late parts of the

approach event was replicated in this experiment. Here, the details regarding the

development of such scene are explained.

To find a feasible scene, it took some exploration and hundreds of

combinations between initial distance, sphere sizes and speeds. All of these factors

were integrated into a Matlab program, which ran multiple iterations to find a good

fit. The key factor, however, to achieve it was by modifying the velocity functions of

each sphere. The first-arriving sphere started with a velocity of 22 units/s, which

remained constant until 1055.56 ms. It then dropped smoothly to a minimum

velocity of 13.79 units/s which was reached at 5222.20 ms. After this point in time,

velocity starting smoothly increasing to a maximum of 22.39 units/s, which

remained constant from 8055.60 ms to 8722.20 ms (which is the time at which the

spheres disappeared from scene leaving just the background). The second-arriving

sphere started moving with a constant velocity of 9.58 units/s for 2833.34 ms. After
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this time, velocity dropped smoothly to a minimum of 6.92 units/s to remained

constant thereafter (see figure 3.7). The implementation of these velocity functions

allowed us to manipulate the optical parameters in such a way that tau and

expansion rate provided contradictory information during the early part of the scene

(0 - 3388.89 ms), as well as during the last moments of the approach event (7000.00

- 8722.20 ms). As shown in figure 3.8, tau reverses two times during the approach

event while the other two sources of information (i.e., optical size and expansion

rate) never do so.
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Figure 3.7: Velocity functions for each sphere in scenes 5 and 6

A summary of the relevant dynamics in each scene is presented in table 3.3.

Taking scene 1 in the time interval between 0 and 5.6 seconds as an instance, it can

be seen that the optical size of the last-arriving sphere remained larger than the

first-arriving sphere (LA > FA), while tau remained shorter for the last-arriving

sphere than the first-arriving sphere (LA < FA). The events in bold letters mark the

occurrence of an information reversal (e.g., 5.6 s for tau in scene 1, and 6.39 s for

expansion rate in scene 3).
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∗On the final frame, FA>LA
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Table 3.3: Relative optical parameters for the first-arriving (FA) and last-arriving
(LA) spheres. Adapted from DeLucia et al. (2014).

Time Intervals (s)

Scenes 1 and 2 0 - 5.60 5.60 - 6.39 6.39 - 6.6 6.60 - 8.05

Optical Size LA > FA LA > FA LA > FA LA > FA∗

Expansion Rate LA > FA LA > FA LA > FA LA < FA
Tau LA < FA LA > FA LA > FA LA > FA

Scenes 3 and 4

Optical Size LA > FA LA > FA LA > FA LA > FA
Expansion Rate LA > FA LA > FA LA < FA LA < FA
Tau LA > FA LA > FA LA > FA LA > FA

Scenes 5 and 6 0 - 3.40 3.40 - 7.00 7.00 - 8.70 8.70 - 10.70

Optical Size LA > FA LA > FA LA > FA No spheres
Expansion Rate LA > FA LA > FA LA > FA No spheres
Tau LA > FA LA < FA LA > FA No spheres

3.4 Apparatus

The data collection process took place at different locations, at TTU and

around different senior centers in the Fort Worth area. For this reason, it was

necessary to have a mobile research station. To ensure homogenous conditions at all

sites, the computer was put inside a booth made out of a carton box (width = 46.99

cm, height = 53.34 cm, depth = 57.15 cm; see figure 3.9). Markers for the position

of the computer, the angle of the computer screen, and the participants’ elbow were

drawn on the booth. The computer screen was positioned at an angle of 90 degrees,

parallel to the observation plane of the participants, who viewed the scenes from a

distance of approximately 45.72 cm. The height of the display was adjusted using

smaller boxes as needed to match the height of the participant’s sight. The

researcher sat to the side of the subject manipulating the scenes using an external

keyboard and mouse (see figure 3.10).
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Figure 3.9: Distance measurements for the position of the computer inside the booth.

The frames of each scene were generated using an in-house software and then

exported to be used in a different platform. The scenes were programmed using the

Psychtoolbox for Matlab at 18 f/s. The motion of the spheres appeared smooth,

and all participants reported on a post-test questionnaire to have had a realistic

sense of motion and depth. Scenes were displayed on a 2012 MacBook Pro running

at 2.6 GHz with an Intel Core i7 processor and a NVIDIA GT 650M graphics card.

The width and height of the display was measured to be 33× 20.6 cm (39.80×25.34

degrees as viewed from a distance of 45.72 cm) with a resolution of 1440× 900 pixels.

The computer was put inside a booth made out of carton, where its position could

be measured and fixed for all participants. To report judgments during the approach

event, subjects used the Logitech Extreme 3D Pro joystick. This joystick had a

neutral position with resistance when moved to any direction, and when released

the joystick returned to the neutral position. Joystick data were fixed between a

specific range of coordinates (-163.85, 163.84) on the left-right axis, where negative

coordinates represented movement to the left and positive coordinates movement to
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the right, with the middle neutral position at coordinate 0. These data were

sampled at a rate of 50 Hz. However, it was down sampled to match the immediate

time after a frame was presented (18 Hz). In short, the Matlab program was set to

present a frame and then extract the joystick coordinates. The lag between the time

at which the frame was presented and the extraction of the joystick coordinates was

very small with a mean of approximately 3.93× 10−4 s. Gaze point coordinates were

tracked using the EyeGuide eye tracker developed by Grinbath, Inc. It was

connected wirelessly to the mentioned computer, sending data at a rate of 50 Hz

with an accuracy between 2 and 3 pixels. The EyeGuide® was light and adjustable

to different circumstances that presented in the data collecting process.

Figure 3.10: Mobile Research Station
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3.5 Procedure

Testing was carried out in the Ergonomics Laboratory at the Department of

Industrial Engineering Texas Tech University for the two younger groups, and at

different senior centers in the city of Fort Worth, TX. The procedure for this

experiment followed these steps:

1. Recruit participants. The two younger groups were recruited from the Texas

Tech student population through a flyer (see appendix A) and personal

communication with two student organizations, IIE and HFES (see appendix

B). The two older adult groups were recruited at senior centers of Fort Worth.

Managers at these places were approached using the script included in

appendix C.

2. Inform interested persons. The following information was be provided to all

interested persons (see Part 1 of appendix D):

• The purpose of the study

• The estimated time for the experiment

• The key points for the test (e.g., identify the sphere that will ‘hit’ you

first by moving a joystick left or right while we track your eye movements)

• Expected risks (no risks beyond normal daily life) versus benefits

• The protection of participants’ information

3. Screen for potential subjects. Interested participants were screened using a

questionnaire (see appendix E). As mentioned previously, this questionnaire

was designed to evaluate the basic requirements to participate in the study
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and the physical conditions that may prevent subjects to take part in it.

Subjects who answered ‘yes’ to question ‘a’ in Section I, and ‘no’ to question

‘e’ in the same section were excluded. In addition, subjects who answered ‘yes’

to any question in Section II were excluded.

4. Schedule participants. Upon agreement and understanding of the basic

requirements to participate in the study, subjects from the Texas Tech

population were scheduled at their convenience to meet at the Ergonomics

Lab located in room 105 of the Industrial Engineering building, while subjects

from the senior centers and senior living communities were asked to

participate on site.

5. Provide confidentiality information & consent form. The screening

questionnaire (appendix E) collects age and gender as part of the demographic

information. To help protect the confidentiality of the participants, the

investigators did not associate any of the participant’s name with any of

his/her data. Participants were explained that the results of the study were

only going to be presented at academic organizations and published in a

scholarly journals or conferences, and that any publications were going to

identify any individual data or research participant by name. Before starting

the experiment, participants were asked to read and sign a consent form (see

appendix F).

6. Prepare subject for calibration and data collection. First, the subject was

asked to sit on a chair, and the researcher placed the eye-tracking device on

the subject’s head. The computer monitor was adjusted to the eye-height of
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the subject forming two parallel planes, one formed by the frontoparallel plane

of the subject and another one formed by the display area of the monitor. The

subject was asked to place an elbow with the forearm perpendicular to a

marker previously placed on a table. This allowed the hand to be used as a

chin rest, minimizing head movements. Using the screening questionnaire,

subjects were asked which was their dominant hand, which was used to hold

the joystick (see figure 3.10). The subject then, was asked to remain still for

the calibration process and for each of the iterations during testing.

7. Calibrate the eye-tracking device. The calibration process consisted of two

parts. The first part followed the calibration procedure developed by the eye

tracker manufacturer Grinbath Inc. through the software package called

‘Capture’. First, the researcher adjusted the LED light (invisible to the

participant) on the eye tracker by pointing it directly to the subject’s eye.

Once a yellow ‘x’ mark within a green circle appeared inside the subject’s

pupil, the eye-tracker was good to initiate calibration (see left picture of figure

3.11). After achieving proper lighting over the eye, nine circles appeared

sequentially on the display. Subjects had to fixate on each circle as they

appeared and until they disappeared. Capture then calculated the accuracy of

the calibration by showing 18 markers over nine targets, similar to a bullseye

with four concentric circles. Two markers appeared per target, one precisely

at the center where the subject was supposed to looked during calibration and

another one where the software recorded the actual gaze point. The closer the

markers were from each other, the better the accuracy of calibration, ideally,

within the smallest circle – the green one (see right picture of figure 3.11).
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Figure 3.11: Calibration Process. The original picture is in full color. On the left
picture, the circle with an ‘×’ mark inside the pupil of the eye was green. Each one
of the circles on the right picture was composed of four concentric circles. Starting
from the outermost circle, the colors these circles were red, orange, yellow, and green.

Due to the constraint of head movements and accuracy of the eye tracker, a

calibration check was devised. Before starting each scene, four blue circles

appeared and disappeared over a gray screen. The subject was asked to fixate

over these circles as soon as they appeared. Each target disappeared after 0.5

s (see Figures 3.12 and 3.13). All targets had the same dimensions. This

second calibration check served for post-processing purposes. The software

package Analyze (included with Grinbath’s eye-tracking device) allowed for

data offset correction over the horizontal and vertical axes. By matching the

gaze marker with the four targets a more accurate and reliable data set was

obtained. For each scene, the eye-movement coordinates were manually

extracted and corrected using the following rules:

• if the original gaze marker falls above the target, add pixel values on the

vertical axis. Conversely, if the marker falls below the target, subtract
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pixel values.

• if the original gaze marker falls to the right of the target, subtract pixel

values on the horizontal axis. Conversely, if the marker falls to the left of

the target, add pixel values.

Figure 3.12: Calibration check. Each target appeared separately for half a second.
This check was shown to participants at the beginning of each scene. The original
picture is in full color, with each circle depicted in blue color.
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Figure 3.13: Sample of data offset correction using Visualize. In this figure, the filled
or solid circle does not overlap completely with the smaller which represents the gaze
point of the observer.

8. Familiarize subject with the experiment. Once the calibration setup was

accurate for data collection, there was a short period of familiarization with

the virtual scenes. Subjects were shown two different scenes, one where two

static spheres appeared in the screen and one where the two same spheres

continuously move vertically (i.e., up and down). During the first scene, it was

ensured that the experimental setup was appropriate for the subjects’ comfort

and for good quality of data. Subjects were told to move the joystick around

and to ask any necessary questions. During the second scene, the actual

instructions for the experiment were given (see appendix D). In summary,

subjects were asked to answer the question: Which one of the objects would

reach you or hit you first? by moving the joystick all the way to the left or to
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the right in accordance to their answer. If they thought that the right object

would arrive first, they were supposed to move the joystick to the right, and

keep on the right as long as they thought that was the correct answer. As

soon as their judgment changed, they were supposed to move the joystick

accordingly.

9. Collect data. For each trial, participants were randomly shown six different

scenes. For the 35 younger-adult groups, 10 trials per subjects were collected.

Due to space-time constraints at the senior centers, only 8 trials were collected

for the 30 older-adult groups. This amounted to a total of 3,540 scenes

collected. For all scenes (3,540), joystick data were successfully collected while

eye-movement data were successfully collected only of 3,485 scenes (98.45%).

For the trials in which feedback was given, the researcher rang a bell if the

participant’s final judgment concurred with the actual first-arriving sphere,

otherwise there was no sound.

10. Provide rest periods. After every two trials, a rest period was given. This time

period lasted as long as the participant needed. Before starting the next two

trials, the calibration process was redone.

11. Administered post-test questionnaire. After completing all trials of the

experiment, participants were asked to answer a post-test questionnaire (see

appendix G). Overall, the experiment lasted no longer than 60 minutes. The

instructions followed during this experiment and the post-test questionnaire

applied at the of the experiment were adapted from a previous study (DeLucia

et al., 2014).
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3.6 Data Analysis

Recapitulating about the aims of this research, the experiment was focused

on achieving three main goals:

1. To identify the effective information involved in TTC judgments, more

specifically, the roles that optical size, expansion rate, and tau play in such

task. This goal was adapted to the different conditions explored in the present

experiment from two previous studies (DeLucia, 2005; DeLucia et al., 2014).

2. To identify the eye-movement strategies adopted by younger and older

observers for the extraction of information during TTC judgments.

3. To develop a model that can help understand and predict eye movement

behavior during a TTC judgment task.

A fundamental milestone for achieving these goals was the data collection

process. As explained in the previous sections, the sample size consisted of 65

subjects (32 males and 33 females), 35 younger-adults (18 males and 17 females,

mean age = 22.61, SD = 2.33) and 30 older-adults (14 males and 16 females, mean

age = 69.93, SD = 7.47). The course of the data collection process is summarized in

figure 3.14. Each trial in this figure is divided into 4 squares, representing each one

of the groups involved in the experiment. For instance, for trials 1 - 4 all subjects

were shown the scenes under the same experimental conditions. In the 5th trial,

however, one of the older-adult groups started receiving feedback about their correct

choices, while none of the other groups received feedback. For the 35 younger-adult

groups, 10 trials (6 scenes in each trial) per participant were ran for a total of 2, 100

collected scenes. For the 30 older-adult groups, only 8 trials per participant were
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Younger NF NF NF NF NF NF NF NF NF NF NF F NF F NF F NF F NF F
Older NF NF NF NF NF NF NF NF NF F NF F NF F NF F

NF No feedback given All subjects under same conditions
F Feedback was provided Subjects who belong to the 'No feedback' group

Subjects who belong to the 'Feedback' group
Subjects under different conditions for just one trial

10
Trials

4 651 2 3 7 8 9

Figure 3.14: Data collection process

ran for a total 1, 440 scenes.

With all these data in hand, this research is divided into three pieces that go

along the path for achieving each one of its goals. The first part dealt with relative

time-to-contact judgments, which were studied by identifying joystick responses

(hand movement). The second piece was all about eye movements and the visual

strategies subjects adopted to extract the information necessary for TTC

judgments. The third and final piece was a direct practical implication of the results

obtained in the experiment, a computational model that could help predict eye

movement behavior during a TTC judgment task.

3.6.1 Time-to-Contact Judgments

The scenes used in this experiment dissect each source of information from

the environment to identify the source that most likely accounted for a TTC

judgment at a specific point in time (DeLucia, 2005; DeLucia et al., 2014). A

relevant characteristic in each scene was the time when sources of information

reversed. This provides a reference point for interpreting the responses of observers.

For example, if, during scenes 1 and 2, observers based their responses solely on

optical size, they would select the second sphere and never change their response. If
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participants based their response on expansion rate, they would select the

second-arriving sphere first, but change their response to the first-arriving sphere

after the 119th frame (approximately 6.6 sec) when the expansion rates values

reverse. Finally, if participants based their responses solely on tau, they would also

select the second-arriving sphere first to then reverse their response after the 100th

frame (5.6 sec), but not significantly after the 119th frame (approximately at 6600

ms, represented by the second vertical dashed line in figure 3.5).

Based on previously discussed research (DeLucia, 2004, 2008; DeLucia &

Tharanathan, 2009; López-Moliner et al., 2013; López-Moliner & Bonnet, 2002),

relative TTC judgments are based, not just one, but on multiple sources of

information during an approach event. Therefore, response reversals should occur

during each one of the scenes, and if that is the case, they should be tied to a

change of information in the environment. Based on previous studies (DeLucia &

Tharanathan, 2009; DeLucia, 2008), it was hypothesized here that observers would

tend to rely on optical size for potential TTC judgments during the initial moments

of the approach event. And, as the scene progressed and the spheres moved at

different speeds, observers would tend to change their response and rely more on the

optical invariant tau.

The initial efforts to better understand the roles that optical size, optical

expansion rate, and tau play during TTC judgment were summarized in the

following two questions:

1. Are response reversals likely to occur? And if so,

2. When do they occur?

To attack these questions, the hypotheses stated in table 3.4 were tested. The first
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question was tested using a binomial test based on the probabilities that under the

null hypothesis 25% of the observers would first pick the object with the larger

optical size and then reverse their selection, 25% would first pick the object with the

smaller optical size and then reverse their selection, 25% would always pick the

object with the larger optical size and never reverse their selection, and 25% would

always pick the object with the smaller optical size and never reverse their selection.

The second question was tested using a t-test against the points in time where

expansion rate and tau reversed in each scene (see table 3.3 for a summary of these

critical points in time, or figures 3.5 - 3.8).

Table 3.4: Hypotheses for the occurrence and time of response reversals

No. Hypothesis Test

1

H0: response reversals are equally likely to not occur than to occur.

H1: response reversals are more likely to occur than not.

H0 : p ≤ 0.25

H1 : p > 0.25

Binomial
test

2

H0: mean reversal times µRt do not occur after the tau reversal time τRt, nor
before the expansion rate reversal time θ̇Rt.

H1: mean reversal times µRt occur after the tau reversal time τRt, and before
the expansion rate reversal time θ̇Rt.

H0 : µRt
≤ τRt and µRt

≥ θ̇Rt

H1 : µRt > τRt and µRt < θ̇Rt

t-test

3.6.1.1 Data Reduction for TTC Judgments

To answer these questions, the position of the joystick with respect to time

was analyzed. Using the Psychtoolbox for Matlab, only coordinates along one axis

(left-right) were captured and sampled down (from 50 Hz to 18 Hz) to match the
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frame rate (18 f/s) of the scenes. This section describes the process for identifying

the occurrence and time of a joystick response.

To determine if an observer made a response, the time (frame) at which an

observer started to move the joystick was calculated by using a mixture of three

procedures. The first two were based on an acceleration analysis with different

filtering procedures (Winter, 2009; DeLucia et al., 2014), while the third one was a

visual inspection using the raw displacement data of the joystick (DeLucia et al.,

2014).

The first step in identifying a response was to eliminate any noise in the raw

joystick coordinates. Some sources of noise were the natural unsteadiness of the

hand, minor involuntary movements, and higher levels of uncertainty when making

a judgment. The level of noise varied from subject to subject. For some, the level of

noise was small, expressed by sharp changes in displacement. For other subjects, a

greater level of noise was observed in gradual and jerky movements (see figures 3.15

and 3.16). These nuances made the process susceptible to false alarms and

undetected responses.

To eliminate noise, the first method implemented was digital filtering. This

attenuates the contribution of frequencies above a cut-off frequency, which is chosen

on the basis of the frequency components of the signal (Winter, 2009). To determine

the cut-off frequency, the raw position data of each observer and scene was subjected

to a Fast Fourier Transform (using Matlab’s fft function). Most of the frequency

components were within 2 Hz. Hence, the data were filtered with a second-order

low-pass Butterworth filter (using Matlab’s butter function) with a cut-off frequency

of 2 Hz and a sampling rate of 18 Hz (see graphs in middle row of figure 3.15).
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Acceleration was then calculated using the central finite difference method

following equation 3.4.

Axi =
xi+1 − 2xi + xi−1

∆t2
(3.4)

Where xi represents the joystick’s position at sample i. Small fluctuations close to

zero were eliminated by setting a positive and negative threshold defined by the

minimum of the absolute value of non-zero accelerations from the raw data (i.e.,

α = min({|at|,∀t}\{0})), where a represents acceleration and t represents time. All

the non-zero acceleration points within the positive and negative thresholds were

considered as zero (DeLucia et al., 2014).

This method offered good results for identifying the occurrence and time of a

responses in the presence of noisy data. However, when little noise was present in

the displacement data, this method tended to incorrectly identify the time of a

response. For instance, looking closely at the two responses detected (see solid

circles in top graph of figure 3.15), it can be observed that the response reversal was

identified earlier than it actually was. Given that the displacement data in this

example is characterized by sharp changes in displacement and straight lines, the

filtering process inadvertently added unnecessary noise to the signal.

Finding an alternative method took some trial-and-error exploration. The

method that seemed to offer the best results was to simply smooth the raw

displacement data. The built-in Matlab function smooth with the local regression

using weighted linear least squares and a 2nd degree polynomial model (loess)

method was used. As it can be seen in the top graph of figure 3.16, the smoothing

method identified more accurately the time of the response reversal.

The latter method presented its own weaknesses when dealing with noisier
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Figure 3.15: Early detection using acceleration analysis with a low-pass Butterworth
filter.

data. In short, the loess smoothing technique failed where the Butterworth filter

succeeded, and vice versa. Moreover, there were situations in which both methods

failed to properly identify responses. In such case, the process had to be completed

by a visual inspection and manually move Matlab’s cursor-tip tool over the graph of

the raw and/or filtered displacement data to identify the actual time of displacement

change. The visual inspection method was also used in DeLucia et al. (2014).

As mentioned before, there were a total of 3,540 data instances captured.

And, these findings now posed a problem for calculating the occurrence and time of
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Figure 3.16: Accurate detection using acceleration analysis with Matlab’s LOESS
smoothing function.

a responses within a reasonable time frame. The time-cost of a visual inspection to

manually identify each response was not feasible within the time constraints of this

study. At the same time, the identification of response reversal was so critical that

implementing just the acceleration methods and lose valuable data could not be

afforded. For this reason, a Matlab program based on a mixture of these three

methods was devised. This program loaded one data instance at a time, made

calculations based on the Butterworth filter, and printed the results to the screen in

a figure much like figures 3.15 and 3.16. If the results were not satisfactory, the
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researcher (or scorer) pressed the key ‘0’ and the program recalculated all responses

based on the ‘loess ’ smoothing technique, otherwise the researcher pressed the key

‘1’ and the program continued to the next data instance. If the results were not

satisfactory again, the program recalculated all responses based on a simple moving

average smoothing technique (this procedure was used just an explorative option

and a just-in-case solution). And finally, if none of these results were satisfactory

the program asked the researcher to manually input the direction and time of

responses. In fact, figures 3.15 and 3.16 represent a case in which Butterworth

filtering was not satisfactory and the researcher then moved to the loess smooth

method. Similarly, figures 3.17 and 3.18 show the case in which Butterworth

filtering provided a better results than loess.

Since this mixed method was subject to human interpretation, two different

scorers used the mentioned program to produced two separate sets of data. These

datasets were then compared. Discrepancies in time greater than 165 ms (i.e., 3 or

more frames) and discrepancies in the pattern of movement direction were resolved

by a third scorer. The correlation between the two scorers’ measurements was 0.99,

and discrepancies occurred in only 5.52% of all identified responses (a total of 5,469

responses were found). Moreover, a paired t-test† revealed no significant difference

between the two sets of reversal times [t(206) = -0.05, p-value = 0.96].

3.6.2 Visual Strategies during TTC Judgments

The second goal of this research was to identify the eye-movement strategies

adopted or learned by observers to extract information relevant to TTC judgments.

This study focused on three main factors:

†This test was applied to a randomly selected portion of 207 response reversals.
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Figure 3.17: Accurate detection using acceleration analysis with a low-pass Butter-
worth filter.

1. The fixation time spent on each sphere during a scene.

2. The number of fixations per sphere. And,

3. The fixated sphere before a response was made.

The importance of a response reversal resided in the time of occurrence with respect

to the changes of information between the approaching objects, regardless of

whether the last response corresponded with the sphere that actually arrived first.

For visual strategies however, the context bounded by a participant correctly
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Figure 3.18: Incorrect detection using acceleration analysis with Matlab’s LOESS
smoothing function.

detecting the first-arriving sphere was more relevant. Therefore, these factors were

compared within ‘good’ and ‘bad’ detections.

3.6.2.1 Fixation Time and Number of Fixations

Fixations provide a link to the information that observers extract from the

environment. Although fixations alone do not reveal the specific source of

information used by an observer, a TTC judgment provides a reference point in

time to look for the previous eye movement that may have led to such decision.
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Once a response is made, looking at the immediate previous fixation narrows the

probabilities for the source of information that could have led to that particular

response. Since information is gained through central retina processes in this

simulation, it is reasonable to assume that a response can be made only after

fixating on a sphere. And if so, which of the spheres would attract more fixations or

fixation time? Well, if observers rely on sources of information such as optical size

at farther distances (DeLucia, 2008), longer fixations over the sphere with higher

values of optical size could be expected. The focus here was to identify the

necessary information to make a response by comparing the fixation time over each

sphere, and determining if there was a preference for a particular sphere before a

response reversal and a initial response. For this experiment, the sphere with larger

optical size could be considered the most salient location. And therefore, the most

likely sphere to be attended. Finding a significant difference of fixation times and

number of fixations between spheres implies a driving mechanism for eye

movements. It would provide insight about the sources of information that can

guide eye movements during a TTC judgment task (see the corresponding

hypotheses in table 3.6).

3.6.2.2 Fixation-Response Sequence

A visual strategy can be characterized by the sequence of fixations with

respect to time and location. A strategy can reveal clear patterns as to how

observers extract information from the environment and make decisions. In this

case, it can tell us if an observer actually looked before judging, or if the observer

first judged and then looked. Similar questions have been addressed in previous

research for tasks such as walking, sandwich making and change detection (Hayhoe

93



Texas Tech University, Manuel Meza-Arroyo, Spring 2015

et al., 2003; Aivar, Hayhoe, Chizk, & Mruczek, 2005; Jovancevic et al., 2006;

Mennie, Hayhoe, & Sullivan, 2007; Hayhoe & Ballard, 2005; Uke & Hayhoe, 2006;

Droll et al., 2007). However, the focus in this analysis was to determine whether

fixations paired with a particular sphere before making a decision. In other words,

are the eyes leading hand movements?

To answer this question, a 2× 2 contingency table (Conover, 1999) was used

to compare the distribution of fixations before making a judgment. The test

statistic T was calculated as shown in 3.5, where Eij represented the expected

number of observations in cell (i, j) and N was the total number of fixations.

T =
2∑
i=1

2∑
j=1

(Oij − Eij)2

Eij
, where Eij =

niCj
N

. (3.5)

The null distribution of T is given approximately by a χ2 distribution with

(2− 1)(2− 1) degrees of freedom, and H0 is rejected if T exceeds χ2
1−α with

α = 0.05.

Table 3.5: Contingency Table for Fixation-Response Sequence

Joystick on
Left Right Total

Fixate on Left O11 O12 n1

Fixate on Right O21 O22 n2

C1 C2 N = n1 + n2
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Table 3.6: Hypotheses for Visual Strategies

No. Hypothesis Test

3

H0: there is no difference in the mean fixation time between
spheres.

H1: the mean fixation time is longer for the sphere with the larger
optical size.

H0 : µD = ∆0

H1 : µD > ∆0

Paired t-test

4

H0: the number of fixations is equally distributed among spheres.

H1: the number of fixations is higher for the sphere with the larger
optical size.

H0 : p = 0.5

H1 : p > 0.5

Binomial test

5

H0: the probability of fixating on sphere i before selecting sphere
i is the same as the probability of fixating on sphere j before
selecting sphere i.

H1: the probability of fixating on sphere i before selecting sphere
i is greater than otherwise.

H0 : pi = pj

H1 : pi > pj

χ2 test for difference in
probabilities

3.6.2.3 Data Reduction for Eye Movements

As in mentioned in section 3.4, eye movements were obtained using the

EyeGuide eye tracker developed by Grinbath, Inc. It was connected wirelessly to a

mobile computer, sending data at a rate of 50 Hz. At the same rate, the software

‘Capture’ (developed by Grinbath, Inc.) made screen recordings of the mobile

computer while the experiment took place. Hence, a video recording of everything

that was presented on the computer’s monitor with an overlay of eye-movement
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coordinates was saved for each subject.

As a result, the first step to calculate a fixation was to extract, for each

scene, the horizontal and vertical gaze-point coordinates using the software

‘EyeGuide Analyze’. These coordinates were exported to a ‘.cvs’ file, and then

processed using Matlab. Each file was checked and corrected, using Matlab’s smooth

function, for missing gaze points. Once checked and corrected, each file was

down-sampled to 18 Hz (using Matlab’s resample function) to match the x-y

coordinates with the scenes’ frame rate.

Some studies investigating eye movements within dynamic environments,

such as driving or walking, typically define fixations in terms of eye-movement

speed. For instance, eye movements that move below 30 deg/s for 100 ms can be

usually defined as fixations. However, using this definition does not provide a direct

connection with the gazed element in the environment. A fundamental part of this

study was to identify, at any point in time during a scene, the sphere that was

gazed. And therefore, the typical definition for fixations was not appropriate for this

case. Instead, each frame of each scene was processed using image segmentation to

identify and label each sphere. Each frame then was reduced to a matrix of numbers

with 0s for the pixels in which no sphere was found, -2s for the pixel in which the

left sphere was found, and 2s for the pixels in which the right sphere was located.

The values were assigned to identify the overlap of each sphere with the foveal area.

A 2◦ foveal area and a 8◦ parafoveal area (Liversedge & Underwood, 1998)

were calculated using the x-y gaze coordinates as center (the parafoveal area did not

play any role in the calculations for this experiment. It was only included for

potential inclusion in future studies). These elements were then plotted on the
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corresponding frame. And so, a fixation was identified if a pixel contained within

the calculated foveal area overlapped with one of the segmented spheres during one

frame (see figure 3.19). The end result for each scene was a list of the sequence of

events (i.e., the starting times of fixations to right or left sphere, and joystick

movements to the left or right sphere) chronologically ordered.

First-arriving

sphere
Last-arriving

sphere

Foveal areaParafoveal area

Figure 3.19: Processed frame for scene 1 with foveal and parafoveal areas overlaid.
In this frame, a fixation to the left sphere was identified.

3.6.3 Effects of Repetition and Feedback

In Section 3.6.1, it was argued that observers would base TTC judgments on

multiple sources of information during the approach of two spheres. And, it was

hypothesized that participants would make a first response and then reverse their

decision as more reliable information was available in the environment. To test such
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hypothesis, the data analysis was restricted to only one trial to minimize the

influence of learning effects or stereotyped responses developed by repetition. This

implicitly suggested that eye movements and TTC judgments may change as

observers repeat the same task.

In fact, previous research studying the differences between novice and

experienced drivers has identified specific eye movement patterns for each group

(Seya et al., 2008; Maltz & Shinar, 1999; Chapman & Underwood, 1998a, 1998b;

Crundall & Underwood, 2009; Underwood et al., 2003). For example, one study

compared visual search for selected traffic scenarios between a trained and an

untrained group, both consisted of young drivers. The trained group received

training in a driving simulator for more than 30 minutes a week for six months

before the actual experiment. The results showed less variable gaze positions, longer

fixation durations and shorter distances of eye movement in the trained group (Seya

et al., 2008). Similar results were found in a pilot study exploring the differences

between novice, experienced and older drivers. As shown in Figure 1.1, there was

less variability in the gaze positions of experienced drivers when compared to the

other two groups. Also, shorter distance of eye movement and longer fixation

durations were found just as well. These findings suggested that trained drivers

were able to perceive relevant information by using their anticipation skills, which

may have been developed during training.

For a different type of task, a study examined the process of learning where

to gaze during change detection (Droll et al., 2007). A series of scenes in which

none, one or multiple objects made 180◦ changes in orientation were presented.

Each scene containing an array of 8 objects was presented for 400 ms, and observers
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pressed a button a soon as they detected a change in orientation. A total of 120

trials per subjects were collected. This experiment revealed that observers learned

the probability of a change in an object to fixate on it and extract relevant

information. The learning effect was manifested by a shift in the distribution of

fixations. Observers fixated more often on objects that were more likely to change,

and for longer durations, than the remaining objects.

Another study investigated how gaze control adapts to the changes in a

natural environment of a walking task (Jovancevic-Misic & Hayhoe, 2009). Subjects

walked on an oval path in a large room along other pedestrians who were assigned

different probabilities of engaging, for a brief period of time, in a collision course

with the subject. The results of this experiments show that human fixation patterns

are sensitive to the dynamic structure of the environment, suggesting that

participants learned how to adjust their eye movements by learning the statistical

structure of the environment. It is fair then to hypothesize that learning where to

look during TTC judgments could be manifested by progressive changes in the

variables part of visual strategies (e.g., eye movements distances, longer fixations

and differences in the sequence of fixations). In addition, progressive changes in

TTC judgments over the 10 trials for each scene would be expected – i.e., less

response reversals and faster response times for detecting the first-arriving sphere.

Table 3.7 presents a single nonparametric hypothesis test that was applied to

the variables and hypotheses enumerated below. The Page Test for Ordered

Alternatives tested whether there was an ordered difference across trials.

The Page Test is a method based on ranks. In this case, the alternative

hypothesis H1 in Table 3.7 predicts that the rank sum R1 is the smallest, R2 the
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Table 3.7: Hypotheses for the Effects of Repetition during TTC Judgments

No. Hypothesis Test

6

H0: there is no ordered difference between trials for the total amount of
eye movement.
H1: there is an ordered difference between trials for the total amount of
eye movement.

H0 : µ10 = µ9 = µ8 = · · · = µ1

H1 : µ10 ≤ µ9 ≤ µ8 ≤ · · · ≤ µ1

Page Test
for
Ordered
Alternatives

.

7

H0: there is no ordered difference between trials for the total amount of
fixation time.
H1: there is an ordered difference between trials for the total amount of
fixation time.

H0 : µ10 = µ9 = µ8 = · · · = µ1

H1 : µ10 ≥ µ9 ≥ µ8 ≥ · · · ≥ µ1

Page Test
for
Ordered
Alternatives

.

second smallest, and so on. This hypothesis implies a progressive change between

trials. For instance, let us consider the amount of eye movement averaged across

scenes Mij for an i number of subjects and j trials, with the purpose of testing

whether the amount of eye movement is shortest in trial 10, second shortest in trial

9, and so on. Table 3.8 shows the data structure that was used to test each variable.

The T statistic for this test was calculated as:

T5 =
T4 − bk(k + 1)2/4

[b(k3 − k)2/144(k − 1)]1/2
(3.6)

where T4 =
∑10

j=1 jRj = R1 + 2R2 + · · ·+ 10R10. The null hypothesis was rejected if

T5 exceeded the 1− α quantile from the standard normal distribution, as given for

an upper-tailed test of size α.

The final results were integrated into a RL model. The findings about the
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Table 3.8: Data Structure for Effects of Repetition Hypotheses

Subject Trial 10 Trial 9 Trial 8 . . . Trial 1
1 µ110 µ19 µ18 . . . µ11

2 µ210 µ29 µ28 . . . µ21

3 µ310 µ39 µ38 . . . µ31
...

...
...

...
...

...
n µn10 µn9 µn8 . . . µn1

Rj =
n∑
i=1

R(Oij) R1 R2 R3 . . . R10

use of sources of information for TTC judgments were use to develop a reward

function that predicted eye movements, while the findings involving visual strategies

were use to set different parameters for the model (see section 5.3).

3.6.4 Differences between Age Groups

Contrary to popular belief, the rate of involvement for the older population

(65 and older) in traffic accidents is lower than any other age group when taking

into account the amount of accidents per mile driven (Hakamies-Blomqvist,

Raitanen, & O’Neill, 2002; Langford, Methorst, & Hakamies-Blomqvist, 2006).

However, when only fatal accidents are considered, the rates for the same population

start to increase (see Figure 3.20). This suggests that older drivers are more likely

to be fatally harmed when involved in an accident. Although fatal accidents only

account for around 0.3% of all accidents, this percentage still translates into

approximately 50, 000 fatalities a year. According to the CDC (2013), this amount

accounts for about 15% of all causes of deaths every year. Moreover, automobile

accidents are the leading cause of death for adolescents between the ages of 15 and
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21 years old (Centers for Disease Control and Prevention, 2012).
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Figure 3.20: Rate of Involvement for All and Fatal Accidents. Data obtained from
the National Safety Council for accidents during 2009.

Figure 3.20 suggests some type of learning curve, as drivers get older they are

less likely they are to be involved in an accident. With the caveat, nonetheless, that

involvement in fatal accidents starts increasing for the older population. Previous

studies have found evidence that driving skills gradually decline with age

(H. C. Lee, Cameron, & Lee, 2003; Dulisse, 1997; Lundberg, 2003; Mather, 2007;

DeLucia et al., 2003). More specifically, elderly drivers tend to have difficulties

when dealing with a complex time-pressured situation that demands an efficient

scanning of the environment such as that presented during an accident (Lundberg,

2003). Regarding collision judgments, one study measured the differences between

young and older observers when judging whether and when a collision would occur,

finding less accurate judgments about potential collisions for the older group

(DeLucia et al., 2003). Perhaps, observers (or drivers) perceive information in the
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environment differently depending on their age and experience. This suggests a

learning process for extracting different sources of information important for

avoiding accidents. Therefore, it was of interest to the present research to

investigate the how visual strategies and TTC judgments differed between young

and older observers. All hypotheses previously presented were tested for differences

between these age groups.
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CHAPTER 4

RESULTS

A total of 65 subjects participated in the experiment. In each trial, 6 scenes

(i.e., the three main scenes 1, 3, and 5; plus their mirror versions 2, 4, and 6) were

randomly shown to the observer. Thirty-five younger-adults participated in 10 trials

for a total of 2,100 scenes recorded, while 30 older-adults only participated in 8 with

a total of 1,440 scenes recorded. And hence, a total of 3,450 scenes were recorded.

For all scenes and trials, a total of 5,469 responses were identified with and average

of 1.5 responses per scene, with a minimum number of responses of 0 and a

maximum of 6.

4.1 Time-to-Contact Judgments

As mentioned in section 3.6.1, one of the steps to achieve the goals of this

research was to attack the following questions:

1. Are response reversals likely to occur during an approach event? And if so,

2. When do they occur?

For this experiment, joystick responses were considered as an indirect measurement

of perceived time-to-contact. In addition, the relevance of response reversals resides

in its connection to the visual information available to the observer. That is, if a

subject reversed its judgment during a scene, that judgment should have been

accounted by a change in the sources of information. For this part of the study, only

the first correct response reversal during the scene was taken into consideration. For

instance, in a sequence of joystick movements ‘Right–Left–Right’ produced during
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scene 1, only the first 2 responses (‘Right–Left–. . . ’) were considered. Regardless of

the final response (‘. . . –Right’, this was labeled as a ‘Good reversal’ since, for at

least a small period of time, the observer reversed its judgment to the correct

first-arriving object (‘Left’). In addition, to avoid any effects of expectations and

discourage stereotyped responses only the second trial was considered (DeLucia et

al., 2014).

4.1.1 Scenes 1 and 2

For scene 1, a significant number of subjects reversed their judgment (41 out

of 65, approximately 63.08% of all participants with p < 0.001). In other words, 41

subjects moved the joystick to the right and then to the left during the scene. The

mean reversal time was calculated at 6993.22 ms (SE = 119.39 ms). For scene 2

(the mirror version of scene 1), there were also 41 response reversals (41 out of 65,

63.08% of all participants with p < .001) with a mean reversal time of 7191.06 ms

(SE = 86.57 ms). For both scenes, correct reversals were the sequence most present

among observers, followed by a single response to the second-arriving sphere (see

table 4.1).

Table 4.1: Joystick Sequences for Scenes 1 and 2 during Trial 2

Scene 1 Scene 2 Scenes 1 and 2
Sequence Total p-value Total p-value Sequence Total p-value

L 4 <.001 20 .062 Good singles 6 <.001
R 19 .080 2 <.001 Bad singles 39 .033
LR 1 <.001 41 <.001 Good reversals 82 <.001
RL 41 <.001 2 <.001 Bad reversals 3 <.001

A χ2 test for difference in probabilities (Conover, 1999) revealed no difference

in the distribution of responses between scenes 1 and 2 [T = 1.02, p = 0.795]. And
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since scenes 1 and 2 contained the same information, the case in which subjects

reversed their judgments in both scenes was also considered. In such case, a total of

36 (out of 65 subjects, p < .001) reversed their judgments during scene 1, and

during scene 2. The mean reversal time was 7047.84 ms (SE = 99.44 ms). No

difference was found in the mean reversal time between scene 1 and scene 2 [t(35) =

−1.9732, p = 0.06].

In all three cases, the mean reversal time occurred later and significantly

different than the time at which expansion rate (6600 ms) became greater for the

first-arriving sphere (see table 4.4). Figure 4.1 shows a plot of the times for the

joystick movement sequence ‘Right–Left’ superimposed on the values of optical size,

expansion rate and tau during scene 1. The solid-line rectangle in the middle graph

encloses the time in which the expansion rate of the left sphere is higher than the

expansion rate of the right sphere. Within this rectangle a majority of response

reversals can be found. Moreover, the mean reversal time also falls within the same

time period. Alternatively, the dashed-line rectangle encloses the time range

(between 5600–6600 ms) in which tau is the only source of information showing that

the left sphere will arrive before the right sphere. Finally, when considering the

total number of reversals in scenes 1 and 2, the same story was revealed by the

plots. These results suggested that, at least for scenes 1 and 2, observers’ reversals

were based on the changes in expansion rate rather than tau (see figures 4.1, 4.2,

and table 4.4).
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scene 1.
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4.1.2 Scenes 3 and 4

A significant number of subjects reversed their judgment during scene 3 (30

out of 65, approximately 46.15% and p < .001), with a mean reversal time of

6455.56 ms (SE = 208.98 ms). Similarly, the number of subjects who reversed their
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judgment during scene 4 was significant (32 out of 65, approximately 49.23% and p

< .001). And, the mean reversal time was calculated at 6376.74 ms (SE = 165.07

ms). There was no significant difference in the distribution of responses between

scenes [T =2.92, p = 0.4036]. And, no significant difference was found in the mean

reversal times between scenes [t(21) = 0.22, p = 0.8264].

However, these results seemed to tell a more complicated story. First, the

number of reversals was lower with respect to scenes 1 and 2 (see table 4.2). And

second, the mean reversal times fell close to the time at which expansion rate

reverses (6389 ms). For scene 3, the mean (6455.56 ms) occurred later than 6389 ms

and for scene 4 (6376.84 ms) earlier than 6389 ms, the time of expansion rate

reversal. However, for both cases the mean was not significantly different from 6389

ms (see table 4.4.

Table 4.2: Joystick Sequences for Scenes 3 and 4 during Trial 2

Scene 3 Scene 4 Scenes 3 and 4
Sequence Total p-value Total∗ p-value Sequence Total p-value

L 10 .078 13 .078 Good singles 25 .026
R 17 .110 15 .110 Bad singles 30 .073
LR 8 .006 32 <.001 Good reversals 62 <.001
RL 30 <.001 4 <.001 Bad reversals 12 <.001

If observers relied just on expansion rate to reversed their judgment, mean

reversal times would have fallen more clearly after 6389 ms (in similar fashion to the

case of scenes 1 and 2). When considering the number of observers who reversed

their judgment in both scenes (22 out 65, approximately 33.85% with p-value =

0.029) the mean reversal time (6402.78 ms, SE = 179.78 ms) also occurred after,

but not significantly different from the time at which expansion rate reverses [t(21)

∗There was one instance were a subject did not move the joystick at all.
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= 0.08, p = 0.9396]. As shown in figure 4.4, the mean reversal time (6414.87 ms)

falls very close to the time at which expansion rate reverses (6389 ms). The set of

response reversals was more scattered around this point, with a higher standard

deviation when compared to scenes 1 and 2 (1033.23 ms for all reversals found in

scenes 2 and 4, and 671.01 ms for all reversals found in scenes 1 and 2).
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scene 3.
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Figure 4.4: First responses and response reversals with corresponding means during
scenes 3 and 4. Triangles represent first responses and circles the corresponding
reversal.

4.1.3 Scenes 5 and 6

During scenes 5 and 6, there was not a significant number of reversals for

either scene. Only 18 out of 65 (approximately 27.70%, p = 0.097) for scene 3 and

14 out of 65 (approximately 21.5%, p = 0.097) were found. In fact, the majority of
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observers never reversed their judgment, and continued to hold the joystick on the

side of the sphere with the bigger optical size and higher expansion rate throughout

the scene (36 out of 65 for scene 5 with a p < .001, and 46 out of 65 for scene 6 with

a p < .001). The mean response time for this movement was 2954.05 ms

(SE = 274.96 ms), just before 3 seconds into the scene (see figure 4.5). Based on a

χ2 test for differences in probabilities (Conover, 1999), there was no significant

difference in the distribution of responses between scenes [T = 4.11, p = 0.2498].

And, there was no significant difference in the mean of single responses between

scene 5 and 6 [t(33) = 0.27, p = 0.7868].

Table 4.3: Joystick Sequences for Scenes 5 and 6 during Trial 2

Scene 5 Scene 6 Scenes 5 and 6
Sequence Total p-value Total† p-value Sequence Total p-value

L 4 <.001 45 <.001 Good singles 5 <.001
R 36 <.001 1 <.001 Bad singles 81 <.001
LR 7 .002 14 .097 Good reversals 32 .081
RL 18 .097 4 <.001 Bad reversals 11 <.001

The total number of reversals from both scenes was 32, which was not

significantly different from chance (p = 0.081) when taking into account the number

of trials (2× 65 = 130) necessary to obtain such a number. This result suggests that

observers relied more on either optical size or expansion rate to make a judgment

about the sphere that would arrive first. In spite of this finding, the mean reversal

times for these cases were tested against the reversal times of expansion rate and

tau with the slim chance that tau could explain a small proportion of the responses

observed (see table 4.4). The mean reversal times for both scenes occurred

significantly after the time at which tau reversed (7000 ms) and significantly earlier

†There was one instance were a subject did not move the joystick at all.
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than the time at which the spheres disappear (8722 ms), which seemed promising.

However, when considering the subjects who reversed their judgment in both scenes

(i.e., taking individual differences into consideration) only 8 reversals were found

(approximately 12.3%, p = 0.006). This proportion is significantly different from

the expected 25% based on the previously specified binomial probabilities. This

result strengthens the conclusion that these responses observed between 7000 and

8722 ms were a product of chance or expectation effects.
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Figure 4.5: Single responses and their corresponding mean during scenes 5 and 6.
The bigger solid triangle represents the mean of the single responses.

4.1.4 Differences between Age Groups

It is important to note that theses results are based on the entire sample of

65 subjects during only the second trial. These results were presented together

because there was no difference in the mean reaction time between age groups (see
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table 4.5). And, there was no difference in proportion of reversals between

younger-adults and older-adults [T = 1.71 and p = .191 for scenes 1 and 2; T = 0.01

and p = .936 for scenes 3 and 4; and, T = 0.12 and p = .730 for scenes 5 and 6].

Table 4.4: Summary of Mean Reversal Times and t-tests during Trial 2

Observer Reversals τ Reversal (5600 ms) θ̇ Reversal (6600 ms)

Scene No. X̄ SD SE t-value df p-value t-value df p-value

1 41 6993.22 764.49 119.39 11.67 40 <.001 3.29 40 <.01
2 41 7191.06 554.31 86.57 18.38 40 <.001 6.83 40 <.001

1 & 2 36 7047.84 596.64 99.44 14.56 35 <.001 4.50 35 <.001

Observer Reversals τ Reversal (–) θ̇ Reversal (6389 ms)

Scene No. X̄ SD SE t-value df p-value t-value df p-value

3 30 6455.56 1144.65 208.98 – – – 0.32 29 .752
4 32 6376.74 933.76 165.07 – – – -0.07 31 .941

3 & 4 22 6402.78 843.23 179.78 – – – 0.08 21 .940

Observer Reversals τ Reversal (7000 ms) No Spheres (8722 ms)

Scene No. X̄ SD SE t-value df p-value t-value df p-value

5 18 8024.69 773.15 182.23 5.62 17 <.001 -3.83 17 <.01
6 14 7880.95 998.78 266.93 3.30 13 <.01 -3.15 13 <.01

5 & 6 8 7881.94 671.73 237.49 3.71 7 <.01 -3.54 8 <.01

Table 4.5: Mean Reversal Times Differences between Age Groups during Trial 2

Younger-Adults Older-Adults Two-Sample t-Test

Scene X̄ SD SE X̄ SD SE t value df p-value

1 & 2 6982.32 568.60 121.23 7150.79 646.11 172.68 -0.82 34 .417

3 & 4 6122.68 936.42 270.32 6738.89 597.66 188.99 -1.79 20 .088

5 & 6‡ 2777.77 2219.46 509.17 2862.96 2734.09 705.94 -0.10 32 .921

‡This test was based on a single response due to really small number of reversals in both scenes
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4.2 Visual Strategies

To recapitulate, one of the goals of this research was to identify the

eye-movement strategies adopted by observers to extract information for correctly

detecting the first-arriving object. In this case the following factors were considered:

1. The fixation time spent on each sphere during a scene.

2. The number of fixations per sphere. And,

3. The fixated sphere before a response was made (fixation-response sequence).

4.2.1 General Statistics for Good and Bad Detections

The only criterion for determining a detection as good or bad was the last

joystick response. If the participant’s last response concurred with the first-arriving

sphere then it was labeled as a good detection regardless of the number of

responses. And, if the participant’s last response did not concurred with the

first-arriving sphere it was labeled as a bad detection.

Table 4.6 presents a summary of the number of correct TTC judgments

(Good Detections) by group for all trials and all scenes. This section provides a

general overview of the dynamics for the whole experiment. For instance, groups 2

(younger-adults plus feedback) and 4 (older-adults plus feedback) had a higher

percentage of correct detections when compared to their counterparts groups 1 and

3. In this case, the addition of feedback clearly improved the correct TTC

judgments rate.

§p-values were calculated based on a 0.50 chance of correctly detecting the first-arriving object
regardless of the number of responses during the trial.
¶The 5 members in the 5th group were added to this group (see appendix H).
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Table 4.6: Good Detections by Groups

Group Good Detections Total Trials Percentage p-value§

Younger (1) 574 900 63.78% <.001
Younger (2)¶ 874 1200 72.83% <.001

Older (3) 340 720 47.22% .01
Older (4) 408 720 56.67% <.001

Total 2,196 3,450 62.03% <.001

These differences are more evident when the results were separated by trial.

In figure 4.6, the separation in the percentage of correct time-to-contact judgments

between group 1 and 2 can be seen after trial 5 (when feedback for group 2 started

being provided). A similar difference can be observed between the older-adult

groups (groups 3 and 4), but in this case just after trial 4 (when feedback for group

4 started being provided).

Additionally, based only on figure 4.6, differences between age groups seemed

to also exist. To test these apparent differences only the first four trials were

considered. More specifically, the first trial was considered as a training trial and it

was not part of the analysis. For trials 2, 3 and 4, there were a total of 1,170 scenes

analyzed (630 from 35 younger observers and 540 from 30 older observers).

Scenes 1 and 2 had the highest number of good detections (275), followed

closely by scenes 3 and 4 (267). Assuming that under the null hypothesis there is a

50% chance of correctly detecting the first-arriving sphere for any given scene, the

expected number of good detections would be between 176 and 214, 95% of the

times. In both cases, the number of good detections was significantly higher (p <

.001). For scenes 5 and 6, the number of good detections (126) was significantly

lower than chance (p < .001). This suggests that the visual information contained
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Figure 4.6: Percentage of Correct Time-To-Contact Judgments by Groups

in scenes 5 and 6 did not provide clear evidence about the first-arriving sphere.

Table 4.7: Good Detections by Pair of Scenes during Trials 2 - 4

Scenes Good Detections Percentage p-value N

1 and 2 275 70.51% <.001 390
3 and 4 267 68.46% <.001 390
5 and 6 126 32.31% <.001 390

Total 668 57.09% 1170

4.2.2 Fixation Time during Good and Bad Detections

For all scenes, younger observers had a higher number of good detections (see

table 4.8). However, a χ2 test for differences in probabilities (Conover, 1999)

revealed these differences were only significant for scenes 1 - 4. For both age groups,
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Table 4.8: Good Detections Comparisons between Age Groups

Scenes 1 and 2

Group Good Detections Bad Detections Total χ2 p-value

Younger 157 53 210 1.99 <.05
Older 118 62 180

275 115 390

Scenes 3 and 4

Group Good Detections Bad Detections Total χ2 p-value

Younger 160 50 210 3.55 <.001
Older 107 73 180

267 123 390

Scenes 5 and 6

Group Good Detections Bad Detections Total χ2 p-value

Younger 72 138 210 0.90 0.37
Older 54 126 180

126 265 390

the number of good detections was significantly higher from chance probability for

scenes 1 - 4 (p < .001 for all cases with the exception of scenes 3 and 4 for the older

observers: p < .002), and significantly lower from chance probability for scenes 5 and

6 (p < .001 for all cases). It is important to note that these differences were found

when considering scenes by pairs and over the 3 accumulated trials (2, 3, and 4).

Fixation time was calculated and compared between spheres for each group

separately, and for each set of detections (i.e., good and bad). Since the number of

correct detections for scenes 5 and 6 was not significantly different from chance

probability, only results for scenes 1 - 4 were included in further analyses. After

several trials, participants may have developed a strategy to extract information

relevant to TTC. Hence, for fixation times, the tests for the 4th trial are reported.
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For scenes 1 and 2, younger observers who correctly detected the first-arriving

object distributed their fixation time evenly between both spheres [paired t-test for

trial 4: t(25) = -0.51, p = .617 for scene 1; and t(25) = 1.00, p = .327 for scene 2],

while those who did not detect the first-arriving sphere tended to fixate more on the

last-arriving sphere [paired t-test for trial 4: t(8) = -2.37, p < .05 for scene 1; and

t(8) = 1.39, p < .203 for scene 2] (see table 4.9). Older observers tended to fixate

more on the last-arriving sphere for both cases, good and bad detections [paired

t-test for good detections in trial 4: t(20) = -1.69, p = .106 for scene 1; and t(21) =

1.52, p = .144 for scene 2] . However, only in the case of bad detections was

difference in fixation time significant [paired t-test for bad detections in trial 4: t(8)

= -2.38, p < .05 for scene 1; and t(7) = 2.23, p = .061 for scene 2] (see table 4.10).

For scenes 3 and 4, the mean fixation time on the first-arriving sphere was

significantly longer for the younger observers who correctly detected the

first-arriving sphere [paired t-test trial 4: t(24) = 4.59, p < .001 for scene 3; and

t(28) = -3.67, p < .001 for scene 4], while younger observers who incorrectly

detected the first-arriving sphere tended to spend more time on the last-arriving

sphere [paired t-test trial 4: t(8) = -3.67, p < .01 for scene 3; and t(5) = 0.52, p =

.623 for scene 4]. Contrary to younger participants, older observers who correctly

detected the first-arriving sphere distributed their fixation time evenly between

spheres [paired t-test trial 4: t(17) = -0.47, p = .645 for scene 3; and t(15) = -0.88,

p = .391 for scene 4], while those who incorrectly detected the first-arriving sphere

fixated significantly more time on the last-arriving sphere [paired t-test trial 4: t(11)

= -2.92, p = .014 for scene 3; and t(13) = 2.57, p = .023 for scene 4].

This results suggest that younger and older observers adopted different
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strategies for correctly detecting the first-arriving sphere. And, these results may

also provide plausible explanations for the difference in good detections between age

groups. Further discussion about the implications of these results is provided in

section 5.2.

Table 4.9: Mean Fixation Times for each Spheres for Good Detections and Bad
Detections of Younger Observers

Good Detections

Mean Fixation Time (ms) Paired t-test

Scene Left Sphere Right Sphere t-value df p-value

1 2713.68 2918.80 -0.51 25 .617
2 3151.71 2658.12 1.00 25 .327
3 4228.89 2491.11 4.59 24 <.001
4 2649.43 4057.47 -3.67 28 <.001
5 4674.07 3633.33 1.68 14 .114
6 4172.22 5427.78 -1.08 9 .307

Bad Detections

Mean Fixation Time (ms) Paired t-test

Scene Left Sphere Right Sphere t-value df p-value

1 2117.28 4462.96 -2.37 8 <.05
2 3648.15 2296.30 1.39 8 .203
3 1907.41 4290.12 -3.67 8 <.01
4 3546.30 2925.93 0.52 5 .623
5 3727.78 4833.33 -1.76 19 .095
6 4877.78 3582.22 2.21 24 .037

4.2.2.1 Difference between Age Groups

With the exception of scene 3, there were no significant differences between

younger and older observers in fixation times on each sphere (see table 4.11).

However, for scenes 1 and 2, results over trials 2 - 4 suggest that younger observers

who correctly detected the first-arriving sphere fixated more time on such sphere

when compared to older observers who also correctly detected the first-arriving
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Table 4.10: Mean Fixation Times for each Spheres for Good Detections and Bad
Detections of Older Observers

Good Detections

Mean Fixation Time (ms) Paired t-test

Scene Left Sphere Right Sphere t-value df p-value

1 2417.99 3198.41 -1.69 20 .106
2 3121.21 2381.31 1.52 21 .143
3 2975.31 3296.30 -0.47 17 .645
4 2812.50 3416.67 -0.88 15 .391
5 3388.89 4305.56 -1.00 5 .364
6 4949.49 3595.96 1.66 10 .127

Bad Detections

Mean Fixation Time (ms) Paired t-test

Scene Left Sphere Right Sphere t-value df p-value

1 1530.86 3666.67 -2.38 8 <.05
2 3743.06 1465.28 2.23 7 .061
3 2152.78 4699.07 -2.92 11 .014
4 4634.92 2150.79 2.57 13 .023
5 3099.54 5291.67 -3.27 23 <.01
6 5119.88 2921.05 2.80 18 .011

sphere. And for scenes 3 and 4, younger observers who correctly detected the

first-arriving sphere tended to fixate more on such sphere when compared with older

observers (see appendix J).

4.2.3 Number of fixations

Studying the number of fixations can provide a broader understanding about

visual strategies. For instance, participants invested approximately 75% of the

scene’s time fixating on both spheres, with the rest of time dedicated to saccades,

fixating on the joystick marker and any other activity it was important to

investigate how the number of fixations per sphere played into detecting the correct

first-arriving sphere. The results shown in table 4.12, seemed to indicate that
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Table 4.11: Age Group Comparison for the Mean Fixation Time Spent on each Sphere

Good Detections

Younger Observers Older Observers Two-sample t-Test

Mean Fixation Time (ms) Left Sphere Right Sphere

Scene Left Sphere Right Sphere Left Sphere Right Sphere p-value p-value

1 2713.68 2918.80 2417.99 3198.41 .376 .461
2 3151.71 2658.12 3121.21 2381.31 .943 .479
3 4228.89 2491.11 2975.31 3296.30 <.01 .058
4 2649.43 4057.47 2812.50 3416.67 .649 .162
5 4674.07 3633.33 3388.89 4305.56 .055 .329
6 4172.22 5427.78 4949.49 3595.96 .323 .017

Bad Detections

Younger Observers Older Observers Two-sample t-Test

Mean Fixation Time (ms) Left Sphere Right Sphere

Scene Left Sphere Right Sphere Left Sphere Right Sphere p-value p-value

1 2117.28 4462.96 1530.86 3666.67 .369 .318
2 3648.15 2296.30 3743.06 1465.28 .924 .147
3 1907.41 4290.12 2152.78 4699.07 .588 .595
4 3546.30 2925.93 4634.92 2150.79 .266 .319
5 3727.78 4833.33 3099.54 5291.67 .231 .408
6 4877.78 3582.22 5119.88 2921.05 .675 .183

participants who correctly detected the first-arriving object fixated a greater

number of times on the first-arriving sphere (with, again, the exception of scenes 3

and 4). However, a χ2 test for differences in probabilities revealed that this

differences were not significant in any pair of scenes [T = 1.06 and p-value = .290

for scenes 1 and 2; T = 0.92 and p-value = .360 for scenes 3 and 4; and, T = 1.97

and p-value = .049 for scenes 5 and 6]. In addition, no differences between age

groups that could alter these results were found [T = -0.04 and p-value = .970 for

scenes 1 and 2; T = 0.38 and p-value = .704 for scenes 3 and 4; and, T = 0.99 and

p-value = .318 for scenes 5 and 6].
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Table 4.12: Number of Fixations per Sphere for Good Detections vs. Bad Detections

Good Detections Bad Detections

No. of Fixations

Scene FA Sphere LA Sphere Total FA Sphere LA Sphere Total

1 and 2 979 901 1880 379 382 761
3 and 4 1027 1026 2053 424 456 880
5 and 6 559 513 1072 1043 1109 2152

4.2.4 Fixations with Respect to Time

Placing the number of fixations with respect to time and with respect to the

changes of information in the scene, adds an extra dimension to the analysis. It

provides a better understanding of the how observers went about detecting the

first-arriving object. For instance, when correctly detecting the first-arriving sphere

in scenes 1 and 2, the frequency of fixations was higher for the first-arriving sphere

during the last seconds (see figures 4.7a and 4.7b). These graphs are histograms of

16 bins (approximately 0.5 s per bin) in the form of lines with markers at the center

of each bin. Each line represents a different sphere, having the dashed line with

circle markers represent the number of fixations on the first-arriving sphere. The

line form was used for mere visual convenience. The first (left-to-right) vertical

dashed line represents the tau reversal and the second one represents the expansion

rate reversal. As indicated by the rectangles in figure 4.7, the frequency of fixations

after these points in time were higher for the first-arriving sphere when correctly

detecting the first-arriving sphere, while the frequency of fixations for the

first-arriving sphere overlap with the frequencies of the second-arriving sphere in the

case of bad detections.

The exception, again, was found in scenes 3 and 4. In scene 3, the frequencies
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(a) Good detections during scene 1
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(b) Good detections during scene 2

Time (milliseconds)
0 1000 2000 3000 4000 5000 6000 7000 8000

F
re

q
u

en
cy

0

5

10

15

20

25

30

35

Tau reversal

Expansion

rate reversal

(c) Bad detections during scene 1
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(d) Bad detections during scene 2

Figure 4.7: Histograms of fixation onset during scenes 1 and 2. The solid circle
markers represent the number of fixations on the first-arriving sphere, while the solid
triangle markers represent the number of fixation on the last-arriving sphere.

of fixations on both spheres overlapped after 6389 ms (the expansion rate reversal)

in the cases of ‘good’ and ‘bad’ detections. The results of scenes 3 and 4 seemed to

suggest a higher level of uncertainty about the sphere that would arrive first. This

uncertainty may have led observers to constantly divide their attention between

both spheres, even after expansion rate and tau provided the necessary visual

information to reach a good detection.

To objectively compare these histograms, the Kullback – Leibler (KL)

divergence between the distribution of fixations of the first-arriving sphere and the

last-arriving sphere was calculated for scenes 1 - 4 in both cases, good and bad
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(a) Good detections during scene 3
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(b) Good detections during scene 4
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(c) Bad detections during scene 3
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(d) Bad detections during scene 4

Figure 4.8: Histograms of fixation onset during scenes 3 and 4. The solid circle
markers represent the number of fixations on the first-arriving sphere, while the solid
triangle markers represent the number of fixation on the last-arriving sphere.

detections. The KL divergence was calculated as follows:

DKL(P ||Q) = −
∑
x

p(x) log q(x) +
∑
x

p(x) log p(x) (4.1)

where P is the distribution of fixations on the first-arriving sphere, Q the

distribution of fixations on the last-arriving sphere, and X the set of bins.

With the exception of scene 3, the KL divergence was higher for the cases in

which participants correctly detected the first-arriving sphere in all scenes. These

results seemed to support the idea that the distribution of fixations on the
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first-arriving sphere may be different from the distribution of fixations on the

last-arriving sphere. It is important to note that these results considered the

fixations of all participants during 3 accumulated trials (see table 4.13).

Table 4.13: KL Divergence between Fixation Distributions during Good and Bad
Detections

Good Detections Bad Detections

Scene DKL DKL

1 0.290 0.265
2 0.234 0.129
3 0.027 0.109
4 0.262 0.229

4.2.4.1 Differences between Age Groups

Figures 4.9 - 4.12 show frequencies of fixation onset for younger and older

observers. For scene 1 and 2, similar behavior was observed when visually

comparing the distribution of fixations during good and bad detections. In the case

of good detections, the frequency of fixations on the last-arriving sphere did not

peak after the reversal of expansion rate. In the case of good detections during

scenes 3 and 4, the frequency of fixations of both sphere did not seemed to differ

after the expansion rate reversal.

Unfortunately, KL divergences did not show the same type of results about

the putative difference between the distributions of fixations of the first and

last-arriving sphere. In the case of bad detections of younger observers in scene 1

and scene 3, the KL divergence was higher. And for scene 2 and scene 4, the KL

divergence was lower. For the case of bad detections of older observers, the KL

divergence was higher in scene 1 and scene 4, and lower in scene 2 and scene 3.
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These results did not provide definite evidence when comparing both distributions

of fixations throughout the entire approach event (see table 4.14). Perhaps, future

analyses should focus on specific portions of the scenes separately. For instance, the

early seconds when a large number of fixations were observed and the final moments

after an information reversal occurred.

Table 4.14: KL Divergence between Fixation Distributions of Younger and Older
Observers during Good and Bad Detections

Younger Observers Older Observers

Good Detections Bad Detections Good Detections Bad Detections

Scene DKL DKL DKL DKL

1 0.479 0.641 0.196 0.527
2 0.447 0.422 0.205 0.172
3 0.044 0.182 0.137 0.111
4 0.378 0.279 0.220 0.347

4.2.5 Results for Fixation-Response Sequences

Investigating the fixation that preceded a joystick response had the purpose

of determining whether a fixation was paired to a particular sphere before making a

decision. This sequence of movements tied the visuals strategies with hand

movements. It outlined the complete strategy followed by observers to make a

decision about the sphere that would hit them first. For instance, to move the

joystick towards the side of the first-arriving sphere, a possible strategy would have

been to: a) fixate on the first-arriving sphere, b) fixate on the second-arriving

sphere, and c) move the joystick to the side of the first-arriving sphere. This

sequences would imply an integration of information process, where the observer

would be able to move the joystick without actually looking at the chosen side. A
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(a) Good Detections (Younger observers)
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(b) Good Detections (Older observers)
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(c) Bad Detections (Younger observers)
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(d) Bad Detections (Older observers)

Figure 4.9: Histograms of fixation onset during scene 1. The solid circle markers
represent the number of fixations on the first-arriving sphere, while the solid triangle
markers represent the number of fixation on the last-arriving sphere.

more obvious strategy would have been to first fixate on the first-arriving sphere,

extracting the necessary information, and then move the joystick towards that side.

For scene 1, the first-arriving sphere was the left one, but the right sphere

maintained a larger optical size during most of the scene. The opposite was true for

its mirror scene, scene 2. For both scenes, the distribution of fixation-response

sequences was significantly different [T = 39.83, p-value < .001 for scene 1; and T =

30.67, p-value < .001 for scene 2]. In other words, observers first fixated on the left

sphere before moving the joystick to the left, or first fixated on the right sphere

before moving the joystick to the right. Interestingly enough, there was a difference

in the number of subjects who while fixating on the first-arriving sphere moved the
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(a) Good Detections (Younger observers)
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(b) Good Detections (Older observers)

Time (milliseconds)
0 1000 2000 3000 4000 5000 6000 7000 8000

F
re

q
u

en
cy

0

2

4

6

8

10

12

14

16

Tau reversal Expansion

rate

 reversal

(c) Bad Detections (Younger observers)
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(d) Bad Detections (Older observers)

Figure 4.10: Histograms of fixation onset during scene 2. The solid circle markers
represent the number of fixations on the first-arriving sphere, while the solid triangle
markers represent the number of fixation on the last-arriving sphere.

joystick to the second-arriving sphere. For instance, in table 4.15, nineteen

participants judged that the right sphere would arrive first while looking at the left

sphere, and only 5 subjects judged that the left sphere would arrive first while

looking at the right sphere for scene 1. Similarly, in scene 2, twenty-one subjects

judged that the left sphere would arrive first while looking at the right sphere, and

only 5 subjects judged that the right sphere would arrive first while looking at the

left sphere (see table 4.15). With the exception of scene 3, the same was true for all

other scenes (see tables 4.16 – 4.17). These results suggested that observers were

more likely to use peripheral vision (or parafoveal vision) when making a judgment

about the sphere with the larger optical size, instead of directly looking at the

130



Texas Tech University, Manuel Meza-Arroyo, Spring 2015

Time (milliseconds)
0 1000 2000 3000 4000 5000 6000 7000 8000

F
re

q
u

en
cy

0

5

10

15

20

25

30

35

40

45

Expansion

rate

 reversal

(a) Good Detections (Younger observers)
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(b) Good Detections (Older observers)
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(c) Bad Detections (Young observers)

Time (milliseconds)
0 1000 2000 3000 4000 5000 6000 7000 8000

F
re

q
u
en

cy

0

5

10

15

Expansion

rate reversal

(d) Bad Detections (Older observers)

Figure 4.11: Histograms of fixation onset during scene 3. The solid circle markers
represent the number of fixations on the first-arriving sphere, while the solid triangle
markers represent the number of fixation on the last-arriving sphere.

sphere.

Additionally, the time between the start of a fixation (fixation onset) and the

start of a response was measured. This measurement was labeled as a ‘Reaction

Time’. The mean reaction times for a fixation-response made to the same sphere

were compared (e.g., moving the joystick to the left while looking at the left sphere

or moving the joystick to the right while looking at the right sphere). For scene 1,

there was a significant difference between reaction time of moving the joystick to the

left while looking at the left sphere and moving to the joystick to the right while

looking at the right sphere [t(86) = -1.16, p-value = .250]. Mean reactions times of

moving the joystick to the left sphere while looking at the left sphere (the
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(a) Good Detections (Younger observers)
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(b) Good Detections (Older observers)
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(c) Bad Detections (Younger observers)
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(d) Bad Detections (Older observers)

Figure 4.12: Histograms of fixation onset during scene 4. The solid circle markers
represent the number of fixations on the first-arriving sphere, while the solid triangle
markers represent the number of fixation on the last-arriving sphere.

first-arriving one) were significantly longer (1027.13 ms) than the mean reaction

times of moving the joystick to the right while looking at right sphere (616.49 ms).

The same was true for scene 2 [t(77) = -5.07, p-value < .001]. This difference seems

to suggest that the type of information necessary to make a judgment is different for

each sphere. Perceiving that the left sphere was going to arrive first required longer

times, and perhaps, the extraction or integration of a type of information not

related to direct perception. Conversely, the less time required to perceive the right

sphere as the first-arriving object suggested the use of a more simple (or direct)

source of information, one requiring less visual or cognitive processing. A possible
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explanation for this difference could be the intrinsic attribute of time associated

with rate of expansion. That is to say that without the passage of time, no rate of

expansion could be estimated.

Table 4.15: Contingency Tables for Fixation-Response Sequences in Scenes 1 and 2

Scene 1 Joystick on Mean RT (ms)
Left Right Total Left Right

Fixate on Left 44 19 63 1027.13 523.15
Fixate on Right 5 44 49 1111.11 616.49

49 63 112

Scene 2 Joystick on Mean RT (ms)
Left Right Total Left Right

Fixate on Left 40 5 45 440.28 1811.11
Fixate on Right 21 39 60 367.72 1430.20

61 44 105

For scenes 3 and 4, the distribution of fixation-response sequences was also

significantly different [T = 14.12, p-value < .001 for scene 3; and T = 20.99, p-value

< .001 for scene 4]. However, the use peripheral vision for non-corresponding

fixation-response sequences was not distributed in the same as it was for scenes 1

and 2. The use of peripheral vision for moving the joystick to the first-arriving while

looking at the second-arriving sphere was more present. In addition, there were no

significant differences in reaction times between corresponding fixation-response

sequences [t(68) = 0.26, p-value = .798 for scene 3; and t(68) = -1.93, p-value =

.058 for scene 4]. Furthermore, the mean reaction times (582.58 ms for scene 3, and

906.91 ms) to detect the first-arriving sphere were significantly shorter for these

scenes than for scenes 1 and 2 [t(76) = 2.58, p-value = .012 between scenes 1 and 3;
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and t(69) = 2.24, p-value = .028 between scenes 2 and 4]. These results suggest

that the difference in physical size between spheres had some effects in the approach

taken by observers to figure out which sphere was going to arrive first.

Table 4.16: Contingency Tables for Fixation-Response Sequences in Scenes 3 and 4

Scene 3 Joystick on Mean RT (ms)
Left Right Total Left Right

Fixate on Left 37 17 54 582.58 660.13
Fixate on Right 15 33 48 907.41 542.09

52 50 102

Scene 4 Joystick on Mean RT (ms)
Left Right Total Left Right

Fixate on Left 33 9 42 582.49 1339.51
Fixate on Right 17 37 54 777.78 906.91

50 46 96

For scenes 5 and 6, the results were similar to scenes 1 and 2 in terms of the

distribution of responses [T = 18.69, p-value < .001 for scene 5; and T = 4.87,

p-value = .027 for scene 6]. And also, in terms of ‘reaction times’ between

corresponding fixation-response sequences. However, only the difference in reaction

times for scene 6 was significant [t(59) = 1.20, p-value = .236 for scene 5; and t(43)

= -2.10, p-value = .042 for scene 6].

4.2.5.1 Differences between Age Groups

The results presented in the previous section were not affected by differences

in age. No significant difference between age groups was found in terms of the

distribution of fixation-response sequences or in the mean reaction times.

Interestingly enough, the mean reaction times of the older-adult group seemed to be
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Table 4.17: Contingency Tables for Fixation-Response Sequences in Scene 5 and 6

Scene 5 Joystick on Mean RT (ms)
Left Right Total Left Right

Fixate on Left 26 17 43 722.22 366.01
Fixate on Right 6 35 41 462.96 544.44

32 52 84

Scene 6 Joystick on Mean RT (ms)
Left Right Total Left Right

Fixate on Left 33 5 38 447.81 1722.22
Fixate on Right 22 12 34 348.48 930.56

55 27 72

faster than that of the younger-adult group, however, this difference was not

significant (see table 4.18).

Table 4.18: Age Group Differences for Fixation-Response Sequences

Sequence Distribution Mean RT

Scene T value p-value t value df p-value

1 2.98 0.0843 -1.16 41 .250
2 1.45 0.2272 -1.67 35 .103
3 0.87 0.3507 0.70 33 .486
4 1.16 0.2805 -0.26 32 .793
5 0.30 0.5805 1.15 22 .263
6 2.36 0.1243 -0.46 8 .659

4.2.5.2 Alternative Logistic Regression Model

There was some concern as to the appropriate use of the contingency tables

for the counting process of the fixation-response sequences. This was due to the fact

that within the same scene observers moved the joystick multiple times, and

therefore, the assumption of mutually independent sample may be violated. An
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alternative method using logistic regression was developed to account for different

factors that may affect such counting process. It is important to note that this

model requires further exploration and refinement. However, none of the factors

(e.g., sex, subject effects, age group, etc.) considered to have a possible effect on

fixation-response sequences were significant (see appendix K for further details

about the model and the results obtained).

4.3 Effects of Feedback and Repetition

Systematic changes of changes of behavior were expected with the inclusion

of feedback and the repetition of the experiment, regardless of whether observers

correctly detected the first-arriving sphere. For the differences between trials, eye

movement and fixation time were considered. It was hypothesized that the total

amount of eye movement would reduce and the total amount of fixation time would

increase with number of trials (both averaged across participants). This was tested

using the ‘Page Test for Ordered Alternatives’ for each group. According to this

test, only group 1 exhibited an ordered reduction in the total amount of eye

movement in scenes 1 and 2 [T5 = 2.48, p <.01]. This result may have suggested a

possible reduction of uncertainty about the TTC judgment task in scenes 1 and 2.

However, no other group exhibited similar behavior for any of the scenes. For

instance, the total amount of eye movement of Group 2 (participants who received

feedback in the last 5 trials) was not reduced, even after feedback about their

judgments was given. Therefore, no evidence for the effects of feedback and

repetition on the amount of eye movement could be claimed (see tables 4.21 and

4.19).

A similar result was found for the total amount of fixation time. In this case,
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only group 3 (older observers who did not receive any feedback) showed some

ordered difference in the amount of fixation time. However, this difference was

opposite to the expected result. Instead of increasing, the amount of fixation time

decreased as the number of trials increased. In other words, observers in group 3

spent less time fixating on the spheres towards the end of the experiment (see tables

4.22 and 4.20). Although this happened consistently for all of scenes, the overall

results do not support the hypothesis stated previously (see table 3.7), because no

other group demonstrated the similar behavior during any of the scenes.

A clear effect of feedback was the increase in the number of correct TTC

judgments. Participants in groups 2 and 4 significantly increased their number of

good detections (see figure 4.6). Still, no behavior related to eye movements was

conditioned with the presence of feedback or repetition. The only result affected, by

the presence of feedback at least, was the final movement of the joystick.

Table 4.19: Page Tests for the Total Amount of Eye Movement

Scenes 1 and 2 Scenes 3 and 4 Scenes 5 and 6

Group T5 p-value T5 p-value T5 p-value

1 2.48 <.01 0.34 .369 -0.19 .576
2 0.86 .196 -0.53 .703 -0.15 .560
3 -0.18 .571 -2.15 .984 -1.17 .879
4 -0.33 .628 0.08 .468 -1.17 .879

Table 4.20: Page Tests for the Total Amount of Fixation Time

Scenes 1 and 2 Scenes 3 and 4 Scenes 5 and 6

Group T5 p-value T5 p-value T5 p-value

1 0.42 .337 -1.17 .878 0.00 .501
2 -0.58 .718 0.97 .165 0.78 .219
3 2.66 <.01 2.28 <.05 2.31 <.05
4 -0.23 .591 1.28 .100 1.14 .126
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Table 4.21: Data Summary for the Total Amount of Eye Movement (deg)

Scene 1 and 2

Trials
Group 1 2 3 4 5 6 7 8 9 10

1 98.63 69.96 89.87 81.26 76.47 66.20 70.36 64.41 75.30 67.07
2 84.81 93.44 96.38 107.39 100.29 92.43 97.14 91.37 90.31 100.92
3 79.39 94.21 103.33 74.53 83.43 81.14 89.45 98.54 - -
4 96.93 102.99 118.94 127.91 115.42 131.16 111.38 111.74 - -

Scenes 3 and 4

Trials
Group 1 2 3 4 5 6 7 8 9 10

1 86.97 75.99 76.67 82.61 71.90 78.30 76.46 69.22 67.22 72.62
2 81.54 93.43 89.09 89.66 104.37 87.19 86.34 89.38 90.03 96.88
3 83.90 89.47 96.41 67.81 86.30 87.63 89.56 99.97 - -
4 89.09 105.26 111.12 107.77 113.99 96.54 110.68 97.42 - -

Scenes 5 and 6

Trials
Group 1 2 3 4 5 6 7 8 9 10

1 72.90 63.04 79.28 67.87 69.99 63.91 61.53 65.66 62.54 66.47
2 77.22 88.20 84.39 87.71 91.56 75.93 80.11 83.16 99.61 94.85
3 70.28 79.50 78.38 57.95 72.08 72.42 82.28 83.89 - -
4 79.81 89.46 96.85 105.68 94.72 106.91 86.55 85.78 - -
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CHAPTER 5

DISCUSSION

5.1 Time-to-Contact Judgments

The first goal of the present study was to identify the effective information

involved in TTC judgments, more specifically, the roles that optical size, expansion

rate, and tau play in such task. To achieve this goal, a method, proposed in

previous studies (DeLucia, 2005; DeLucia et al., 2014), consisting of 6 virtual scenes

(three distinct ones plus their mirror versions) was replicated and presented to 65

subjects. Observers had to continuously judge the sphere that was going to ‘hit’

them first. This part of the experiment focused on two questions. First, it was

examined if judgments were likely to occur during the approach of the objects

(response reversals). This was confirmed for scenes 1 – 4, where most subjects

reversed their judgment at some point during the scenes. However, this was not the

case for scenes 5 and 6, where subjects were more likely to use a single response.

These results support the idea that the information observers used during a

collection detection task may change during approach. It is important to note that

observers’ changes (i.e., reversals) are tied to specific changes in the optical

parameters available in the environment.

That is precisely the focus of the second question in this experiment. A

previous study (DeLucia, 2008) hypothesized that, during an approach, optical size

or expansion rate information would guide TTC judgments when the objects remain

far from the observer, and as the objects get closer to the observer more reliable

sources of information such as tau take over TTC judgments. However, the results
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obtained in this study do not support such hypothesis, at least for judgments on

objects closer to the observer. While the use of information did change during the

approach, observers did not seem to utilize tau as objects closed-in. Instead,

observers seemed to rely more on expansion rate at the final moments of the scenes

(i.e, for scenes 1 – 4).

This result was more unambiguous for scenes 1 and 2, where the mean

reversal time occurred significantly after the expansion rate reversal. In other

words, during scenes 1 and 2 observers reversed their judgment in favor of the

first-arriving sphere significantly after its values of expansion rate were faster than

the values of the second-arriving sphere (see solid-line rectangle in figure 4.2).

Moreover, there was no effect of repetition in these results (i.e., the number of

reversals or the mean reversal time).

For scenes 3 and 4, these results have a more complex interpretation. Even

though observers did reverse their judgments during scenes, the overall distribution

of responses was significantly different then that of scenes 1 and 2 [T = 20.99, p <

.001]. In scenes 3 and 4, observers also seemed to rely on a single response to detect

the first-arriving sphere. In addition, the mean reversal time did not occur

significantly after the expansion rate reversal (6398 ms). Instead the mean occurred

particularly close to the same time. Since tau for the first-arriving sphere was

always shorter, it is possible that it may have played a role in observer’s decisions.

And thus, arguing for expansion rate as the source of information responsible for

observer’s reversals is not as straight-forward as it is for scenes 1 and 2.

Scenes 5 and 6 helped clarify, at some level, the role that tau may play while

detecting the first-arriving sphere. In these scenes, most observers did not reverse
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their judgments, relying on a single response in favor of the second-arriving sphere.

Regardless of the information provided by tau, observers reversed their judgments

only in a small and not significant portion of the trials. This result does not support

the use of tau in a TTC judgment task. However, there are two points that most be

taken into consideration before dismissing the role of tau in TTC judgments. First,

to develop scene 5 with instances were tau and expansion rate contradict each other,

the assumption of constant velocity, under which tau holds all of its known

properties, was violated (D. N. Lee, 1976; Keil & López-Moliner, 2012). This

condition may have inhibited or limited the perceptual properties of tau, such that

its information could not be of benefit to observers. For instance, in scenes 3 and 4,

velocity was constant for both spheres. And, these were the scenes in which the

mean reversal time occurred close to and not significantly different from the time of

the expansion rate reversal. It is possible then, that for tau to be relevant and

useful to the observer, it most be present under conditions in which the approaching

object is a rigid one moving at a constant velocity. It is important to note though,

that one study (Tresilian, 1991) reported the use of tau for interceptive actions even

when the constant-velocity assumption was not met.

Second, in scenes 5 and 6, the actual size in virtual units was equal for both

spheres, but to maintain the conflicting information between tau and expansion rate

the initial position of each sphere had to be different, with one closer to the subject

than the other one. This initial conditions produced a significant difference in

optical sizes between objects, with the sphere farther in distance subtending half of

the visual angle of the closer sphere. Such difference may have also played a role in

observers’ judgments. For instance, previous studies have reported on the influence
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of relative size in collision-avoidance task (DeLucia, 1991; DeLucia & Warren, 1994).

The results of these experiments showed that observers were more likely to judged a

large far object as the first-arriving one, instead of a small near object that would

have actually arrived sooner. In the case of scenes 5 and 6, the observer had no

knowledge and no information about the initial distance of the spheres. And even

though the initial distance (in virtual units) of the larger sphere was shorter, the

changes in tau information should have provided some evidence of utilization.

In summary, there is no unique answer when examining these three sources of

information within the context provided by the scenes developed in this experiment.

In scenes 1, 2, 5, and 6 the constant-velocity assumption was violated and weak

evidence for the use of tau was found. In scenes 3 and 4, this assumption was met.

And, the results were not definitive to suggest either tau or expansion rate as the

source of information responsible for responses towards the end of the scenes. These

results opened the possibility for other mechanisms not originally considered in this

study. The following section presents one of these mechanisms that was worth

exploring, and that perhaps offers a more robust solution for the explanation of

TTC judgments in this experiment.

5.1.1 The η Model

The motivation for exploring this model arose from inspecting a histogram of

response reversals during scenes 1 and 2. The shape of the histogram resembled the

shape of a function for time-to-contact discrimination described in previous studies

(López-Moliner & Bonnet, 2002; Hatsopoulos et al., 1995). This function was

characterized as the η model.

This model, or strategy, was first found to described looming-detector
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responses in locust (Hatsopoulos et al., 1995). It is defined by the following

relationship between optical size and expansion rate:

ηt = C
(
θ̇t

) (
e−αθt

)
, (5.1)

where C represents a constant that modulates the overall magnitude of a neuron’s

response, and α is a parameter that prevents the neuron from being saturated close

to the collision due to a very large excitatory response (López-Moliner & Bonnet,

2002). In other words, if α = 0 the model becomes just expansion rate, θ̇t, while

greater values of α favor neural responses to objects with larger optical sizes.

The first step to investigate the relationship between the responses in this

experiment and the η model was to examine the distribution of responses with

respect to time during each scene. Histograms of all responses made were calculated

for each main scene (scenes 1, 3, and 5). These histograms were set into 16 bins,

which divided the scene in sections of half seconds. Given that there were no

differences between age groups in mean reversal times and that no effects of

repetition were found, the distribution of all responses (not just reversals) during all

trials was considered. The second step was to calculate the η values for each sphere

in each of the mentioned scenes. The goal was to compare the time at which the η

function peaks with the time at which the response histograms also peaked. Based

on a previous study (López-Moliner et al., 2013), the constant C was set equal to 1.

To estimate the parameter α, several iterations of the η function were calculated

using the values of θ and θ̇ from each frame and changing the values of α between 0

and 1 on each iteration.

For scene 1, the α values (the first-arriving one) were 0.3 for the left sphere
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and 0.9 for the right sphere. When compared with the histogram of responses over

scene 1, the results were surprisingly similar (see figure 5.1). This result supports

the findings of this study. The lower value of α for the left sphere suggests a higher

influence of expansion rate in the distribution of responses towards the end of the

scene, while the higher values α for the right sphere suggest a higher influence of

optical size for the responses early in the scene.

The results were very similar for scenes 3 and 5. The times at which the η

function peaks correlate satisfactorily with the time at which the histogram of

responses also peaks. The α values differ for each scene, but the conclusions are the

same. For scene 3, the α values were 0.23 for the left sphere and 1.0 for the right

sphere. And for scene 5, the α values were 0.35 for the left sphere and 0.9 for the

right sphere (see figures 5.2 and 5.3).

These results match with the conclusions reached in this study in two

aspects. First, judgments change during an approach. And, they change with

respect to the optical variables in the approaching objects. More specifically, these

judgments change based on the distance between the observer and the approaching

objects. In the case of this study, the η model showed that judgments on farther

objects were more influenced by optical size, while judgments on neighboring

objects were more influenced by expansion rate. Second, expansion rate plays an

important role for TTC judgments. While the η model seems to explain the

distribution of all responses during a scene, it also reveals the influence of expansion

rate towards the end of a scene.
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Figure 5.1: Frequency of responses vs. η model values for scene 1
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(a) Frequency of responses with respect to time for scene 3 and 4
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Figure 5.2: Frequency of responses vs. η model values for scene 3
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(a) Frequency of responses with respect to time for scene 5
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Figure 5.3: Frequency of responses vs. η model values for scene 5
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5.2 Visual Strategies

From the 3,450 scenes captured, 98.45% (3,485) were successfully paired with

eye-movement data. The less than 2% loss of data was due mainly to battery issues.

After a laborious task of extracting, paring, and smoothing eye-movement data, the

visual strategies in this study can be summarized by three factors:

1. The fixation time spent on each sphere

2. The number of fixation per sphere. And,

3. The fixation-response sequences.

5.2.1 Fixation Time

It was hypothesized that the fixation time would be longer for the larger

sphere. This hypothesis was based on previous studies showing that eye movements

follow a saliency-based mechanism for visual search (Lim & Liu, 2009; Itti, Koch, &

Niebur, 1998; Itti & Koch, 2000). According to this mechanism, eye movements are

based on the saliency or conspicuity of objects, where neurons compete in a saliency

map of the environment and choose for the most salient location to be attended (Itti

& Koch, 2000). However, most saliency-based models do not consider cognitive

factors as an active part of gaze control, a premise often criticized by other streams

of thought. This is a debate sometimes labeled as the visual saliency hypothesis

versus the cognitive control hypothesis (Henderson, Brockmole, Castelhano, &

Meack, 2007). This debate is also related to two other scientific discussions about

the factors that influence eye movements: Bottom-Up versus Top-Bottom processing

and Open-Loop versus Closed-Loop control of eye movements (Lim & Liu, 2009).
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When considering the instances in which observers correctly detected the

first-arriving sphere, the difference in mean fixation time between spheres

disappeared. Therefore, it would be fair to suggest that within the context of these

scenes, distributing fixation time evenly among both spheres gave observers a better

chance of correctly detecting the first-arriving sphere. For the instances in which

observers did not detect the first-arriving sphere, the difference in fixation time

between spheres was significant, with the last-arriving sphere capturing most of the

fixation time. These results suggest that while saliency plays an important role in

the guidance of eye movements, other processes must take part in the active search

for relevant information.

Younger and older observers exhibited different behavior when correctly

detecting the first-arriving sphere. For all scenes, younger observers tended to fixate

more time on the first-arriving sphere than older observers. And for each pair of

scenes, each age group followed a different strategy. For scene 1 and 2, younger

observers distributed their fixation time evenly among both objects, while older

observers tended to fixate more time on the last-arriving sphere. This suggest that

the ‘larger’ and ‘closer’ object, perhaps the more salient, attracted more often the

attention of older observers. Perhaps, this is one of the reasons behind their lower

proportion of good detections when compared to younger observers. However, for

scenes 3 and 4, younger observers fixated significantly more time on the first-arriving

sphere, while older observers distributed their fixation time evenly among both

spheres. For scenes 1 - 4, both spheres started their approach at the same virtual

distance from the observer. However, in scenes 3 and 4, the first-arriving sphere was

60% the size of the last-arriving sphere. These optical parameters produce a
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size-arrival effect (DeLucia & Warren, 1994; DeLucia, 2005, 2013, 2014). Perhaps,

observers required more fixation time on the smaller (first-arriving ) sphere to

compensate for this effect and correctly detecting it as the first-arriving object.

To incorrectly detect the first-arriving object, the visual strategy was uniform

across age groups. The strategy was simple. For all ‘bad detections’, observers

tended to spend less time fixating on the first-arriving sphere. Observers’ attention

seemed to be ‘trapped’ by the sphere with the larger optical size.

5.2.2 Number of fixations

The number of times an observer fixated on a particular sphere can reveal

aspects about the active search for relevant information. The results of this study

revealed that for the instances in which an observer successfully detected the

first-arriving sphere, the number of fixations for that sphere was greater. This result

correlates with the results of fixation time. While good detections required an even

amount of fixation time between spheres, they also required an even number of

fixations between spheres. Nevertheless, the number of fixations alone and without

the context of time during a scene did not provide any significant results about the

strategies for a good detections.

To give relevance to the number of fixations, histograms of the time at which

fixations started (fixation onset) were estimated for each sphere. The histograms for

scenes 1 and 2 showed that, for good detections, the frequency of fixations on the

first-arriving sphere increased towards the final moments of the scenes, while the

frequency of fixations on the second-arriving sphere decreased. In the case of bad

detections, the frequencies alternated between spheres in the final moments of the

scene. This result indicates that, other than saliency-based, different mechanisms
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play a role in the guidance of eye movements. Perhaps, a top-down mechanism for

detecting changes in relevant information for TTC judgments. In this case, to

correctly detect the sphere arriving first, changes in expansion rate attracted eye

movements enabling observers to extract the information necessary to make a good

detection. To compare the distribution of fixation onset between spheres, the

Kullback–Leibler (KL) divergence was calculated for each distribution.

Unfortunately, the KL divergence did not provide conclusive results about such

observation. Perhaps, future research should only consider the distribution of

fixations after the point of information reversal in the late moments of the

approach; that is the period of time in which reliable and definite information about

the first-arriving object (e.g., the tau and rate of expansion reversals).

5.2.3 Fixation-Response Sequences

Eye-hand sequences can provide some understanding about the mechanisms

involved in visual attention during TTC judgments. In this study, eye-hand

coordination was represented as a fixation-response sequence (i.e., the prior fixation

on a sphere to a joystick movement left or right). Also, it was assumed that foveal

fixations were necessary to extract a source of information, and then make a

judgment about the first-arriving sphere. The results of this study support such

assumption. For instance, most participants fixated on the left sphere before

actually moving the joystick to the left. And, the same was true when moving the

joystick to the right. This suggests that TTC judgments require processing of

central vision information. However, depending on the scene, these sequences

required different processing times (or reaction times). For scenes 1 and 5 where the

first-arriving sphere was the left one, the latency between the start of a fixation and
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the start of a joystick response was significantly longer for the sequence ‘Eye

Left-Hand Left’ than it was for the sequence ‘Eye Right-Hand Right’. In other

words, participants required a longer time to move the joystick to left while fixating

on the left sphere, and required less time to move the joystick to the right while

fixating on the right sphere. This difference implies the use of different visual

information. To judge the left sphere as the first-arriving one, subjects had to rely

on a type of information different than optical size for most of the scene. Contrary

to that, optical size could have been enough to judge the right sphere as the

first-arriving one.

It is important to recognize that peripheral vision could have played a role in

these judgments. In fact, a previous study reported that peripheral vision can

process information relevant to collision avoidance (Regan & Vincent, 1995).

According to this study, this process is characterized by the looming reflex, which

appears anywhere in the visual field. The use of peripheral vision was also present

in the fixation-response sequences observed in this experiment. Taking again scenes

1 and 5 as an example, observers were more likely to judge the right sphere as the

first-arriving one while fixating on the left sphere than to judge the left sphere as

the first-arriving one while fixating on the right sphere. This highlights the influence

of optical size during TTC judgments. And at the same, it exposes the weakness of

relying in peripheral vision for correctly detecting the first-arriving object. Regan et

al., (1995) found that in peripheral vision variations in expansion rate produce

illusory effects of TTC. And, the results in this study are consistent with such

findings.

Both age groups demonstrated the same type of sequences, and with the

153



Texas Tech University, Manuel Meza-Arroyo, Spring 2015

exception of scene 1, no differences in the latency between fixation onset and

joystick movement were found. It is important to note that younger observers

correctly detected the first-arriving object more often than older observers, and

perhaps, future research should focus on investigating the latency between fixation

onset and joystick movement on the last TTC judgment.

5.3 A Reinforcement Learning Model for Eye Movements during TTC

Judgments

The results found in this study converge in this model. As mentioned in

section 2.3.3, a RL model can be defined by the five-tuple: {S,A,R, β, γ}. In this

case, each part took the following values:

• The set of states Ss = fsI, where fs is the number of frames for scene s and I

the number of spheres.

• The set of actions A = {fixate, saccade}.

• A reward function rt = C
(
θ̇it

) (
e−αθit

)
for i = {left, right}.

• The learning rate β0 = 0.3, which decreased by as βn = 0.99βn−1 where n

represented the number episodes.

• A discount factor γ = 0.5.

For scenes 1 – 4, the number of states equaled 290 (145 × 2), while scenes 5 and 6

equaled to 314 (157 × 2) states. At each state, there were two possible actions,

fixate on the sphere corresponding the current state or make a saccade to the sphere

corresponding to state st+1. The reward function was based on the values obtained
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from the η model. This model was originally developed to represent locusts’ neural

responses to approaching objects. Implementing this function into the RL model

has two advantages. First, it provides a direct relationship between the eyes and the

neural activity related to the acquired visual information. Second, the peaks of

neural activity calculated from the model provide a reference for the relevant

moments in time when judgments are more likely to occur. Such moments in time

translate into relevant states where performing an action (fixate or saccade)

becomes critical.

The values of optical size, expansion rate, and tau were estimated by the

model using image segmentation for each frame of scenes 1, 3, and 5. The Matlab

function ‘regionprops’ was used to calculate the area (in pixels) of each sphere, and

the values of expansion rate and tau were calculated using equations 2.2 and 2.4.

For all scenes, the values obtained were very similar to those used in the actual

experiment (see figures 6.2, 6.3, and 6.4), with high correlation for optical size [ρ =

1.0 for both spheres in all scenes] and similar results for expansion rate [ρ > 0.99 for

the FA sphere and ρ > 0.99 for the LA sphere in all scenes] and tau [ρ > 0.95 for

the FA sphere and ρ > 0.98 for the LA sphere in all scenes].

To calculate the value of being in state st and performing action at

(represented by the function Q(s, a)), this RL model used the Q-learning rule (see

equation 5.2). Rewards were collected at each visited stated as follows: if for a

particular state s the action was to fixate, the collected reward was equal to the η

function corresponding to the fixated sphere.

Q(st, at)← Q(st, at) + β

[
rt+1 + γmax

at+1

Q(st+1, at+1)−Q(st, at)

]
(5.2)
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At each frame of a given scene, the agent (i.e., the eyes) is positioned in one

of the two spheres. And at each frame, the agent executed one of two actions, fixate

on the current sphere or make a saccade to the remaining sphere. The results of this

study showed that, to correctly detect the first-arriving sphere, younger observers

were more likely to distribute their fixation time evenly among both spheres, and to

fixate a slightly greater number of time towards the first-arriving sphere in scenes 1

and 2. Results such as this provided a guideline for the strategy in which the agent

took actions. For this model, the agent chose with probability 0.6 the ‘best’ action,

and it explored a random action with probability 0.4.

With these parameters, the model was simulated for 10 episodes with good

results. The model was able to learn quickly the better action for any given state.

For instance, when simulated for scene 1, the model learned that towards the end of

the scene the better actions were to remain on the left sphere (i.e., to fixate), or to

make a saccade towards the left sphere given that the current state did not belong it.

Figure 5.4 shows a relationship of the values for the Q(s, a) function with respect to

each state and action. For instance, ‘Q(118, saccade) = 0.001’ represents the value

of making a saccade towards the right sphere in the 118th frame of the scene (see ‘×’

markers in the left portion of figure 5.4). This frame is approximately 6600 ms, the

time of expansion rate reversal of information. Conversely, ‘Q(118, fixate) = 0.398’

represents the value of keep looking at the left sphere during the 118th frame of the

scene (see ‘·’ markers in the left portion of figure 5.4). In this case, the Q(s, a)

function was higher for the action ‘fixate’, and therefore, the better option. This

action ensures that the η values for the left sphere are extracted. Which at the same

time, makes possible the detection of the correct first-arriving sphere.
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Similarly, the model learned that for the initial moments of the scene the

better option was to concentrate on the sphere with larger optical size. For instance,

‘Q(12, saccade) = 0.489’ represents the value of making a saccade towards the right

sphere in the 12th frame of the scene, while ‘Q(12, fixate) = 0.019’ represents the

value of keep looking at the left sphere during the 12th frame of the scene. This

frame was approximately equal to 666.67 ms. In this case, the Q(s, a) function is

higher for the action ‘saccade’, and therefore, the better option for the initial

moments of the scene. It is important to remember, that the at each frame the

agent was set also explore a random action with probability 0.4.

To make a more direct comparison between the strategies followed by the

participants and the strategy followed by the RL model, the frequency of fixations

during each scenes was estimated in a similar fashion to the frequencies presented in

figures 4.7a – 4.8a. With exception of the first second, the shape of the histograms

estimated from the model were very similar to those estimated for the participants,

especially, towards the end of each scene (see figures 5.4 – 5.6). In addition, for the

distributions of fixation onset of the first-arriving sphere and the last-arriving sphere

produced by the model, the KL divergence was also calculated. The calculated

‘distances’ were not far from those obtained in the experiment (see table 5.1).

Table 5.1: KL Divergences between Fixation Distributions during All Good Detec-
tions and the Distribution of Fixations Obtained with the RL Model

Good Detections of All Observers RL Model

Scene DKL DKL

1 0.290 0.265
2 0.234 -
3 0.027 0.109
4 0.262 -
5 0.278 0.229
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For instance, in figure 5.7 it can observed that the frequency of fixations for

the left sphere increased at the second vertical dashed line (i.e., the expansion rate

reversal). This highlights the relevance of this time period, because this represents

the time in which and observer can extract the necessary information to make a

correct judgment about the first-arriving sphere. Figure 5.4 shows the transition of

the Q(s, a) values from 10 to 100 iterations of ‘looking’ at scene 1. It can be

observed that by the 100th iteration, the model learned the values defined by the η

model.

This model provided good results for predicting eye movements during the

three main scenes examined in this study. However, it is important to note the

boundaries and limitations in which it was developed. Here three limitations and

potential areas for future research are presented. First, it was limited to only model

the movement of the eyes and not that of the hand. The essence of the model was

to reproduce human-like behavior for eye movements, and understand how observers

go about extracting information in the environment. This model succeeds in

collecting the necessary information to make a TTC judgment, but it does not

integrate TTC judgments manifested through hand movements. Future models

should integrate two agents, one for visuo-motor behavior and one for hand

movements, to represent human behavior more completely.

Second, this model was developed to take into account a simple virtual

dynamic environment with only two objects. The model assumed that nothing other

than these two areas (i.e., the paths of the left and right spheres) of the visual field

could be available for fixations, when in fact, the background and the joystick cursor

could have provided additional information. Moreover, real-world scenarios for
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driving or walking tasks often include more complex sources of information and

multiple objects. Future research should consider the integration of multiple objects

with quantifiable sources of information relevant to one task or goal.

Third, the reward function implemented in this model required experimental

data to fit the parameters of the η model. While this reward function adequately

fulfills the requirements of the modeled task (i.e., visuo-motor behavior and the

future integration of hand movements), it requires the calculation of one extra

parameter α. And, such parameter changes according to the conditions of the

environment. For instance, for all the scenes used in this experiment, one sphere

maintained a larger optical size during most the frames. This created a situation in

which the η function peaks of each sphere are separated by a considerable mount of

time. However, if these conditions change or multiple objects are added to a scene,

the η function peaks would change and so would the parameter α.
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Figure 5.7: Frequency of fixations produces by the RL model during scene 1
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Figure 5.8: Frequency of fixations produces by the RL model during scene 3
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Figure 5.9: Frequency of fixations produces by the RL model during scene 5
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CHAPTER 6

CONCLUSIONS

This research was set to achieve three main goals. The first goal was related

to the use of optical size, expansion rate and tau during TTC judgments. The

second goal was focused on identifying how observers extract these sources of

information through the use eye movements. And the third goal was to develop a

model for predicting eye-movement behavior during TTC judgments. Here,

conclusions regarding each goal are presented.

6.1 On the Sources of Information Used for Time-to-Contact Judgments

Time-to-Contact judgments can change during an approach event. Based on

the results of the present study, judgment changes depend directly on to the context

(i.e., the visual stimuli presented in each scene). This was consistent with previous

studies (DeLucia, 2005; DeLucia et al., 2014). At the same time, the perception of

TTC is modulated by the specific relationship between optical size and expansion

rate defined by the η function. This function was able to account for all judgments

made during the approach, those made early in the event when the objects

appeared farther from the observer as well as those made late in the event when in

the objects appeared much closer to the observer. According to this function, TTC

judgments of objects farther from the observer are more influenced by optical size,

while judgments of objects relatively closer to the observer are more influenced by

expansion rate. No strong evidence of the use of tau during TTC judgments was

found. Nonetheless, it is important to highlight that the influence of tau seems to

be stronger when the assumption of constant-velocity is not violated.
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There was no difference between younger and older observers in the use of

information during judgment reversals. The main difference found between age

groups was the proportion of correct TTC judgments. For the sum of all collected

trials, younger observers correctly identified the first-arriving object more often than

older observers. The contrasting visual strategies adopted by each age group seem

to provide strong evidence to account for the differences in the proportion of correct

TTC judgments.

6.2 On the Visual Strategies Adopted during Time-to-Contact

Judgments

In general, observers who evenly distribute their fixation time between two

approaching objects of the same size are more likely to succeed at correctly

detecting the first-arriving sphere. Observers who were not able to correctly detect

the first-arriving sphere, fixated more time on the sphere with the larger optical

size, last-arriving one. It seemed as if observers’ attention was ‘trapped’ by the

saliency of the larger sphere. When dealing with objects of different sizes, observers

who are able to fixate more time on the smaller object have a greater chance to

correctly detect the first-arriving sphere. The results of this study show that

observer who incorrectly detected the first-arriving object tended to fixate more

time on the more salient sphere, in this case the one with larger optical size for most

of the approach event.

The frequency of fixations is only relevant within the context of time.

Observers who correctly detected the first-arriving sphere, increased the frequency

of their fixations on the first-arriving sphere around the time that expansion rate

provided such information (i.e., the late portion of the approach). Observers who
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did otherwise, seemed to alternate their fixations between both spheres throughout

the same period of time. This implies that changes in information do attract visual

attention, and therefore, can guide eye movements.

Finally, a novel relevant factor was the fixation-response sequence. To make a

TTC judgment (not necessarily the correct one), observers rely heavily on foveal

vision. However, they are more likely to rely on peripheral vision when judging the

object with the larger optical size as the first-arriving one. At the same time,

observers who relied on peripheral vision to make a judgment were more likely to

make a mistake.

These results also revealed that, TTC judgments more influenced by optical

size have less latency between fixation onset and hand movement than judgments

influenced by expansion rate. This suggests that expansion rate requires more time

of cognitive processing, but at the same time, it provides crucial information about

the object the may be arriving first in the moments closer in time to the observer.

It would be interesting, for future research, to investigate whether expansion rate

falls within a saliency-based framework, or if it can be classify within different

mechanisms of visual attention.

6.3 On Reinforcement Learning for Eye Movements

This research developed a reinforcement learning model for eye movements

during a TTC judgment task. This model used the η function of each sphere as its

reward function. This guaranteed the extraction of the visual information necessary

to make a TTC judgment. The model was able to learn the best action for any

given moment during the approach. And, the frequency of fixations produced by the

model was surprisingly similar to the histograms of fixations produce by human
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data. The expansion and extension of this model to more complex scenarios can

help in the prediction of eye movements and visual attention in a moment by

moment basis.

These results have significant implications for the development of technology

dedicated to the assistance of humans, more specifically in transportation systems.

In the following sections, an example of how this model could be extended to a more

complex situation is presented.

6.3.1 Significance of the Model

The latest models of automobiles are equipped with unprecedented

technology. A few examples are the navigation systems providing audible

step-by-step instructions on how to arrive at a desired location, the trip computers

feeding relevant information about the ongoing journey, sensors detecting nearby

vehicles, cameras augmenting information acquisition, drowsiness-detection systems

alerting the driver when falling asleep, and self-parking vehicles. All of this

technology increases the level of automation integrated in commercial vehicles.

There have been already several successful tests of unmanned vehicles such as the

Google Autonomous Cars completing more than 300,000 miles (Urmson, 2012); and

also, ‘Shelley’, Stanford’s robotic car, which can race laps on an oval track.

These examples transcend driving and extend to other means of

transportation. For instance, the utilization of unmanned aerial vehicles for military

applications is increasing, a task that requires flight control via a remote control on

the ground or from another vehicle. For commercial aircrafts, the level of

automation is changing as better technology is integrated, and pilots depend more

on this technology. The inclusion and integration of more and better technology into
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a wide variety of vehicles in the future is inevitable. Meanwhile, it is reasonable to

expect changes in the interaction between humans and vehicles as new technology

appears. Our engineering community is concerned with extending the understanding

of the human interactions with other elements of a system, to optimize performance,

and to make this experience safer and more enjoyable (HFES, 2000).

It is not the intention of the present author to imply that the findings in this

dissertation have a direct link or application to these existing technologies, but

rather to highlight the current context in which technology is changing the

human-machine interaction. The findings in this study, however, could have

important practical implications for the integration of technologies trying to

improve safety in transportation systems. For instance, if the different sources of

information that can trigger visual attention on a given driving scenario are better

understood, it would possible to identify elements in the visual field less likely to be

attended when necessary. The identification of these elements can be implemented

in warning systems for the avoidance of collisions. Similarly, this information could

be used to evaluate drivers’ visual attention performance over specific driving

scenarios, where optimal policies of behavior can be found using the framework of

reinforcement learning and compared to actual human behavior. Moreover, results

from the RL model can provide a better understanding of how visual strategies

develop through repetition. For instance, it can show how actions, either good or

not so good, can be rewarded; and how these actions become actual strategies of

behavior for specific conditions.
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6.3.2 A Practical Application and Future Research

The results from this RL model have important practical applications. One

example can be derived from a driving scenario. Given the scenes in Figure 6.1, a

possible representation of the relevant elements in the visual field is the set of four

states defined by the solid lines. States for the near and mid ahead road can be

defined, where information about direction and objects in motion can be extracted.

A state for each vehicle can also be defined which can provide visual information

such as expansion rate and time-to-contact. And, the total information available in

these states would compose a reward function. The integration of new in-vehicle

technologies can make an example like this possible. The power in image and video

processing could divide the visual field into these states in find an optimal policy for

scanning the environment. However, driving scenes always present many

complexities and challenges. This makes the problem hard to attack. For instance,

the resolution in the images must be acceptable for the image segmentation of

relevant objects such as incoming cars and pedestrians on the road. However, after

image segmentation object identification would necessary, and this process would be

computationally challenging. In addition, the number of tasks and goals within a

traffic scenario can be numerous. And, identifying the correct task poses a challenge

of its own. For now, it is possible to extrapolate from simpler environments like the

one used in this study. In a simpler environment it is less challenging to segment

images and extract sources of information, making it possible to test different

variations of a RL model.
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Figure 6.1: Extraction of possible states and actions from the visual field in a driving
scenario
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Department	  of	  Industrial	  Engineering	  

Texas	  Tech	  University	  
	  
	  

RESEARCH	  SUBJECTS	  WANTED	  FOR	  
VISUAL	  PERCEPTION	  STUDY	  

 
	  
We	  are	  looking	  for	  volunteers	  to	  participate	  in	  a	  study	  that	  will	  help	  us	  

understand	  the	  learning	  process	  of	  collision	  perception	  
	  
	  	  

	  
You	  will	  be	  asked	  to	  wear	  an	  eye	  tracking	  system	  while	  looking	  at	  virtual	  reality	  
scenarios	  of	  two	  approaching	  objects.	  And,	  using	  a	  joystick,	  you	  will	  indicate	  
which	  object	  will	  ‘hit’	  you	  first.	  Just	  like	  playing	  a	  video	  game!	  
	  
	  
The	  test	  will	  be	  completed	  in	  less	  than	  one	  hour	  and	  a	  half.	  
	  
	  
	  
	  

Are	  you	  Interested?	  
	  

manolo.meza@ttu.edu	  
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APPENDIX B: RECRUITMENT INFORMATION (E-MAIL)

Dear all,

The Department of Industrial Engineering at Texas Tech University is

conducting a study that is focused on obtaining a better understanding of the visual

information needed for TTC judgments. We would like to invite you to participate

in our study, which will be conducted in the ergonomics lab located in the Industrial

Engineering building.

For this experiment, you will be asked to wear an eye tracking system while

looking at virtual reality scenarios of two approaching objects. And, using a

joystick, you will indicate which object will ?hit? you first. This will be just like

playing a video game!

The test will be completed in less than 60 minutes. Please contact me at

manolo.meza@ttu.edu if you are interested in participating in this study. We will

schedule the test at a time that works best for you.

We would really appreciate if you can help us finish this research project!

We look forward to seeing you!

Best regards,

Manuel Meza
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APPENDIX C: RECRUITMENT INFORMATION (ORAL SCRIPT)

Greetings (Good morning/afternoon/night),

Thank you for giving us a moment of your time.

My name is Manuel Meza and I am with the Department of Industrial

Engineering at Texas Tech University. We are conducting a study that is focused on

obtaining a better understanding of the visual information used by elderly persons

in TTC judgments. We would like to invite your community to participate in our

study.

For this experiment, participants will be asked to wear an eye tracking

system while looking at virtual reality scenarios of two approaching objects. And,

using a joystick, they will indicate which object will ‘hit’ them first. This will be

just like playing a video game!

The setup for this experiment only requires space a table or desk where

participants can sit down in front of a computer, and the experiment will be

completed in less than one hour and a half. Participation is voluntary and no

economic remuneration is provided.

This experiment does not involve any risks for participants beyond those in

their everyday life, while there may be direct benefits in the understanding of visual

perception and the development of technology for TTC judgments.

We will really appreciate your help and contributions to this study. We also

believe that this could be an interesting activity for the members of your community.

My name is Manuel Meza and I thank you for your time∗.

∗The manager of the community will be given a copy of the consent form, where all the contact
information related to this research is contained
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APPENDIX D: EXPERIMENT INSTRUCTIONS

Adapted from DeLucia et al. (2014)

Part 1: Initial Greeting and General Information

Hello, I am Manuel Meza with the Department of Industrial Engineering at

Texas Tech University. I am currently working on a study that is focused on

obtaining a better understanding of the visual information needed for TTC

judgments. Participation is voluntary. If you choose not to participate, you may

leave at any time. If you decide to continue the test, you will complete a screening

questionnaire that collects your demographic information and assures your

availability for the experiment. You will then be given the practice time to get

familiar with the experimental setup. You will be guided during all parts of the test,

and any questions that you may have regarding the experiment should answered.

You are expected to try your best to judge amongst the spheres and choose the one

that you expect will ‘hit’ you first. The test will be completed within 60 minutes

and enough rest will be provided. This experiment does not involve any risks for

you beyond those in your everyday life, while there may be direct benefits in the

understanding of visual perception and the development of technology for TTC

judgments. During the experiment, you may ask questions and require having a

break at any time. You may discontinue your participation in the experiment at any

time without penalty. Are there any questions? If you have no further questions

and would like to participate, we will begin.
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Part 2: Instructions for Actual Experimental Trial

(Instructions given while familiarization trial)

In the next scenes you will see the virtual environment that we will use for

the experiment. Feel free to move the joystick and find a comfortable position. You

will notice that when the joystick is moved a cursor on the screen moves

accordingly. This will help you keep track of the stick’s position. Any questions?

(Instructions given after familiarization trial and before calibration)

My question for the actual experiment is this: Which one of the objects

would reach you or hit you first? Please understand that when I say “reach you,” I

really mean the vertical plane that you represent. The objects may arrive below

your feet, above your head or to the side of you, and thus may not reach you or hit

you at all. Judge which object would hit the plane represented by an extension of

your body, as if you were a wide tall wall. To report your answer, again use the

joystick. It is not necessary to place the circle on top of the sphere you selected.

Moving it by any amount to the left or right of center is sufficient.

To summarize, two objects will move toward you. Your task is to answer a

question about these objects. Which one of the objects would reach you or hit you

first? If you think the left object would arrive first, move the stick to the left. Keep

it on the left for as long as you think the left object would arrive first. If you think

the right object would arrive first, move the stick to the right. Keep it on the right

for as long as you think the right object would arrive first. Throughout the trial,

always move the stick as soon as your judgment changes. Finally, please base your

judgments on the appearance of the objects rather than on cognitive strategies or

prior knowledge or assumptions.
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(Instructions for before calibration. . . Repeat instruction before each

calibration)

In this part, you will see a series of circles appear sequentially. Please fixate

on each circle as they appear on the screen, and keep fixating on them until they

disappear. Thanks!

(Instructions given before starting the first trial)

Now, we will begin the actual experiment. In the next scenes, you will see

four blue circles appear on the screen. Please, try to fixate on each one of them

(repeat this instructions every time before each scene). After, the blue circles

disappear you will see two spheres moving toward you. Remember, you job is to

move the joystick as instructed previously to report: Which one of the spheres

would reach you or hit you first? And, please base your judgments on the

appearance of the objects rather than on cognitive strategies or prior knowledge or

assumptions. Ready?

199



Texas Tech University, Manuel Meza-Arroyo, Spring 2015

APPENDIX E: SCREENING QUESTIONNAIRE
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Subject No.  Date  
Age  Gender  

Group   Dominant Hand  
 

I. Basic requirements 
a) Have you participated in this or a similar experiment before? 
 
 
 
b) Are you required to wear corrective lenses for driving or reading?                    If so, 
have you had an eye exam in the last year? 

 

 

c) Have you used a computer before?                    If so, for what kind of tasks? 

 

d) Do you play video games?                    If so, how often and what type (e.g. first-
person shooter, puzzle games, sport games, etc.)? 

 

e) Do you think you will be able to look at a screen for no more than 90 minutes? 

 

II. Physical Conditions 
a) Check if susceptible to: 

Seizures     Visual Fatigue   
b) Are you currently taking any medications that could affect your cognitive and 
visual abilities?                                           If so, please explain: 

 

 



c) Have you had any eye surgery or serious illness that could limit your ability to 
participate in the study?                                          If so, please explain: 

 

 

d) Have you been diagnosed with any of the following disorders: 
Amblyopia  Cataracts  Macular Degeneration  
Strabismus  Nervous-System  Parkinson’s Disease  

Stargardt  Glaucoma  Retinal Degeneration  
Other eye disorders: 
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APPENDIX F: CONSENT FORM
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Please carefully read and sign the attached consent form 
 

Research Title: A Reinforcement Learning Model For The Eye Movements  
Of Younger And Older Observers During A Collision Event. 
 
Investigator: Manuel Meza-Arroyo, M.Sc. 
Advisor: Patrick E. Patterson, Ph.D. 
 
What is the purpose of this research? 
This study is aimed at obtaining a better understanding of the different sources of visual information 
relevant to collision judgments. It will also look into the influence that repetition has on such visual 
behavior, and it will identify differences, if any, between younger and older observers. The obtained 
results will be used to develop a model that will help understand and predict eye movement behavior 
during collision judgments. 
 
What is the purpose of this form? 
This consent form gives you the information you will need to help you decide whether to participate in 
the study or not. Please read this form carefully. You can ask any questions regarding this research, the 
possible risks and benefits, your rights as a participant, and anything else that may not be clear. When all 
of your questions have been answered, you can decide if you want to be part of this study. 
 
What would I do if I participate? 
In this study, you will watch an 8-second long virtual scene of two spheres moving towards you. Your job 
will be to move a joystick left or right to indicate which of two spheres will reach you or ‘hit’ you first. 
And, you will repeat this task 60 times for different conditions involving the two spheres in the scene. 
You should try your best to discriminate the sphere that will arrive first. You may or may not receive any 
feedback about your answers. During the completion of this experiment you will be wearing an eye-
tracking device. After completing the experiment, you will be asked to complete a post-test questionnaire. 
 
What are the risks and benefits of this study? 
This experiment does not involve any risks for you beyond those in your everyday life. You will not get 
any personal benefit from this study, but there can be direct benefits of better understanding and 
prediction of eye movement behavior during collision judgments. During the experiment, you may ask 
questions and request having a break at any time.  
 
Can I quit if I become uncomfortable? 
Yes, you are free to discontinue your participation in the experiment at any time without penalty. 
 
How long will participation take? 
The experiment will last no longer than 60 minutes. 
 
 



How are you protecting privacy? 
To help protect your confidentiality, we will not associate your name with any of your data or responses. 
Results of this study will be presented to academic organizations and published in a scholarly journal or 
conference, and used to develop a computational model that will help us predict visual attention. Any 
publications will not identify any individual data or research participant by name. Only aggregate data 
will be presented. 
 
I have some questions about this study. Who can I ask? 
You will receive a copy of this form. If you have any questions about this study, you can contact the 
principal investigator at the following address and phone number: 
Patrick Patterson, Ph.D 
Professor 
Department of Industrial Engineering, MS 3061 
College of Engineering 
Texas Tech University, PO BOX 43061, Lubbock, TX 79409 
Phone: (806) 742-3543, Fax: (806) 742-3411 
Email: pat.patterson@ttu.edu 
 
TTU also has a Board that protects the rights of people who participate in research. You can ask them 
questions at 806-742-2064. You can also mail your questions to the Human Research Protection Program, 
Office of the Vice President for Research, Texas Tech University, Lubbock, Texas 79409. 
 
 
 
 
 
 
 

  
Signature Date 

  
Printed Name  

  
This consent form is not valid after (Month/Date/Year):  
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APPENDIX G: POST-TEST QUESTIONNAIRE

Taken from DeLucia et al. (2014)
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1. Did the objects appear to move in depth toward you (was the computer simulation realistic)?    
   
 NO  YES 
 
 
2.  Did you base your judgments on the APPEARANCE of the objects as opposed to strategies, 
assumptions, knowledge or other methods? 
 
 NO  YES       
  
If no, on what were your judgments based? 
 
 
 
 
 
 
3.  Describe how you determined which object would reach you first (describe specific characteristics of 
the scene or objects which you used to make your decision). 
 
 
 
 
4. Were you able to use the joystick to select which object would reach you first? 
 
 NO  YES       
 
If no, describe the problems that you encountered. 
 
 
 
 
 
 
Please note other comments here: 
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APPENDIX H: COMPARISON OF REVERSALS AND REVERSAL

TIMES FOR THE ‘GAMER’ GROUP

The number of reversals and the mean reversal time of Group 5, the ‘gamer’

group, were compared against the number of reversals and mean reversal times of

Group 2. There was no difference in either the number of reversals or the mean

reversal times. These differences were tested in the second and last trials of the

experiment (see tables 6.1 and 6.2).

It is important to note that only five participants integrated the sample size

of the ?gamer? group. However, putative effects of familiarization with virtual

environments would be evident in faster mean reversal times. This was not only the

case, but mean reversal times of the gamer group occurred later. Perhaps,

differences would emerge with a larger sample size, or with a more complex virtual

environment containing multiple objects. For the purposes of this experiment, there

was no difference between a gamer group and a non gamer group of similar ages.

Therefore, group 5 was integrated into group 2 for a total of 20 subjects.
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Table 6.1: Number of Reversal Differences between Group 2 and Group 5 for Trial 2
and 10

Trial 2

Group 2 Group 5 Test

Scenes Good Reversals Other Good Reversals Other T p-value

1 and 2 16 14 8 2 2.22 0.136
3 and 4 12 18 4 6 0 1.000
5 and 6 5 25 1 9 0.26 0.609

Trial 10

Group 2 Group 5 Test

Scenes Good Reversals Other Good Reversals Other T p-value

1 and 2 20 10 5 5 0.89 0.346
3 and 4 10 20 2 8 0.63 0.426
5 and 6 16 14 3 7 1.64 0.201

Table 6.2: Comparison of Mean Reversal Times between Group 2 and Group 5 for
Trial 2 and 10

Trial 2

Group 2 Group 5 Test

Scenes Mean SE Mean SE t df p-value

1 and 2 6885.42 230.23 7361.11 56.70 -1.6394 22 .115
3 and 4 5861.11 357.20 6819.44 462.24 -1.4098 14 .180
5 and 6 Not enough reversals for a conclusive test

Trial 10

Group 2 Group 5 Test

Scenes Mean SE Mean SE t df p-value

1 and 2 6701.39 248.83 7288.89 180.36 -1.61 23 .122
3 and 4 6105.56 337.88 6166.67 444.44 -0.07 10 .941
5 and 6 8100.69 129.72 7611.11 200.31 1.55 17 .139
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APPENDIX I: SOURCES OF INFORMATION OBTAINED BY THE

MODEL
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Figure 6.2: Values of each source of information in scenes 1 obtained by the model.
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Figure 6.3: Values of each source of information in scenes 3 obtained by the model.
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Figure 6.4: Values of each source of information in scenes 5 obtained by the model.
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APPENDIX J: FIXATION TIMES PER SPHERE OVER TRIALS 2, 3,

AND 4

The following tables presented in this appendix show the fixation times per

sphere of younger and older observers for both instances, good and bad detections.

Fixation times were compared using a paired t-test.
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Younger
Trial 2

Scene Left Sphere Right Sphere t-value df SD p-value
1 3527.78 2976.50 1.61 25 1749.14 0.1206
2 2773.66 3613.17 -1.70 26 2558.73 0.1001
3 3797.78 3000.00 1.40 24 2852.82 0.1748
4 2680.00 3924.44 -3.25 24 1917.00 0.0034
5 4492.06 4400.79 0.19 13 1814.21 0.8536
6 4450.62 4364.20 0.09 8 2760.52 0.9275

Younger
Trial 3

Scene Left Sphere Right Sphere t-value df SD p-value
1 2935.90 2925.21 0.03 25 1872.61 0.9770
2 3008.89 3095.56 -0.18 24 2344.99 0.8549
3 3973.33 2748.89 3.12 24 1961.27 0.0046
4 2660.71 4087.30 -2.88 27 2621.88 0.0077
5 4646.46 3686.87 1.30 10 2444.08 0.2220
6 3961.54 4970.09 -1.21 12 3016.83 0.2513

Younger
Trial 4

Scene Left Sphere Right Sphere t-value df SD p-value
1 2713.68 2918.80 -0.51 25 2068.38 0.6175
2 3151.71 2658.12 1.00 25 2519.86 0.3275
3 4228.89 2491.11 4.59 24 1894.70 0.0001
4 2649.43 4057.47 -3.67 28 2068.56 0.0010
5 4674.07 3633.33 1.68 14 2395.66 0.1146
6 4172.22 5427.78 -1.08 9 3664.63 0.3068

Younger
Trial 2

Scene Left Sphere Right Sphere t-value df SD p-value
1 1895.06 3537.04 -2.57 8 1915.68 0.0331
2 3215.28 2270.83 1.74 7 1537.31 0.1258
3 3177.78 3372.22 -0.18 9 3466.01 0.8631
4 2922.22 3377.78 -0.49 9 2944.60 0.6364
5 3458.33 5177.78 -2.25 19 3412.44 0.0362
6 4452.99 4145.30 0.52 25 3044.37 0.6108

Mean Fixation Time Paired t-test

Mean Fixation Time Paired t-test

Good Detections

Good Detections

Good Detections

Bad Detections

Mean Fixation Time Paired t-test

Mean Fixation Time Paired t-test



Younger
Trial 3

Scene Left Sphere Right Sphere t-value df SD p-value
1 1555.56 4131.94 -5.82 7 1252.84 0.0007
2 3975.31 1882.72 4.65 8 1348.87 0.0016
3 2648.15 4104.94 -1.62 8 2699.28 0.1441
4 3370.37 3129.63 0.31 5 1933.04 0.7726
5 3405.80 4886.47 -2.51 22 2828.95 0.0199
6 4478.84 4140.21 0.82 20 1888.72 0.4210

Younger
Trial 4

Scene Left Sphere Right Sphere t-value df SD p-value
1 2117.28 4462.96 -2.37 8 2973.49 0.0455
2 3648.15 2296.30 1.39 8 2926.70 0.2032
3 1907.41 4290.12 -3.67 8 1945.52 0.0063
4 3546.30 2925.93 0.52 5 2901.56 0.6229
5 3727.78 4833.33 -1.76 19 2812.81 0.0949
6 4877.78 3582.22 2.21 24 2930.20 0.0368

Older
Trial 2

Scene Left Sphere Right Sphere t-value df SD p-value
1 2611.11 3365.50 -1.46 18 2247.72 0.16
2 3225.69 2631.94 0.85 15 2784.12 0.41
3 2944.44 3599.42 -0.92 18 3091.57 0.37
4 3233.92 2932.75 0.63 18 2097.20 0.54
5 3597.22 4907.41 -1.68 11 2700.59 0.12
6 4537.04 2462.96 1.85 5 2739.44 0.12

Older
Trial 3

Scene Left Sphere Right Sphere t-value df SD p-value
1 1883.84 3494.95 -3.40 21 2224.80 0.0027
2 2814.81 2413.58 0.66 17 2566.65 0.5161
3 2805.56 2780.86 0.06 17 1743.67 0.9528
4 3111.11 3196.08 -0.15 16 2273.04 0.8794
5 3759.26 4476.85 -1.15 11 2154.32 0.2730
6 2920.63 3682.54 -0.81 6 2491.70 0.4494

Mean Fixation Time Paired t-test

Bad Detections

Bad Detections

Good Detections

Good Detections

Mean Fixation Time Paired t-test

Mean Fixation Time Paired t-test

Mean Fixation Time Paired t-test



Older
Trial 4

Scene Left Sphere Right Sphere t-value df SD p-value
1 2417.99 3198.41 -1.69 20 2116.55 0.1066
2 3121.21 2381.31 1.52 21 2284.41 0.1436
3 2975.31 3296.30 -0.47 17 2909.40 0.6457
4 2812.50 3416.67 -0.88 15 2738.60 0.3915
5 3388.89 4305.56 -1.00 5 2252.78 0.3647
6 4949.49 3595.96 1.66 10 2696.39 0.1269

Older
Trial 2

Scene Left Sphere Right Sphere t-value df SD p-value
1 1868.69 3590.91 -2.54 10 2245.30 0.0292
2 3650.79 1841.27 3.32 13 2041.32 0.0056
3 1717.17 3661.62 -2.64 10 2445.45 0.0249
4 3333.33 2398.99 1.81 10 1709.42 0.0999
5 2833.33 5083.33 -3.06 17 3124.58 0.0072
6 5263.89 3002.31 3.89 23 2851.08 0.0007

Older
Trial 3

Scene Left Sphere Right Sphere t-value df SD p-value
1 1944.44 3805.56 -1.73 7 3051.44 0.1282
2 3736.11 1907.41 2.44 11 2599.26 0.0330
3 1731.48 4648.15 -4.57 11 2212.67 0.0008
4 4166.67 2405.98 1.51 12 4200.07 0.1566
5 2774.69 5527.78 -4.00 17 2923.26 0.0009
6 4946.86 2864.73 2.99 22 3342.32 0.0068

Older
Trial 4

Scene Left Sphere Right Sphere t-value df SD p-value
1 1530.86 3666.67 -2.38 8 2694.75 0.0447
2 3743.06 1465.28 2.23 7 2889.19 0.0610
3 2152.78 4699.07 -2.92 11 3017.52 0.0139
4 4634.92 2150.79 2.57 13 3609.99 0.0231
5 3099.54 5291.67 -3.27 23 3286.26 0.0034
6 5119.88 2921.05 2.80 18 3417.97 0.0117

Mean Fixation Time Paired t-test

Mean Fixation Time Paired t-test

Mean Fixation Time Paired t-test
Good Detections

Bad Detections

Bad Detections

Bad Detections

Mean Fixation Time Paired t-test
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APPENDIX K: LOGISTIC REGRESSION MODEL FOR

FIXATION-RESPONSE SEQUENCES

The response variable in this case was whether observers fixated on the left

sphere prior to moving the joystick to the left, and vice versa. In other words, were

observers ‘looking’ before making response – eye leading the hand. The factors

included in this model were: sex, subject, age, age group, time of response, optical

size at the time of response, expansion rate at the time of response, tau at the time

of response, and the selected sphere at the time of response. The same logistic

regression model was applied for each scene. However, none of the factors included

in the model were significant factors for whether an eye fixation correspondent with

the direction of the subsequent joystick movement. The results for each scene are

presented in the tables below.
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Table 6.3: Logistic Regression Results for Scene 1

Sex Subject Age Group TR θtr θ̇tr τtr Str

Coefficient 3.710 0.252 -0.007 0.056 -1.549 -0.001 1.257 -18.490 -0.186
SE 5.908 0.490 0.021 0.045 2.436 0.001 0.953 14.937 0.375

p-value 0.531 0.609 0.747 0.219 0.526 0.189 0.190 0.219 0.621

Deviance 111.27
df 105

Table 6.4: Logistic Regression Results for Scene 2

Sex Subject Age Group TR θtr θ̇tr τtr Str

Coefficient -4.908 -0.053 -0.040 -0.120 7.528 0.000 -0.725 -10.475 -0.022
SE 3.126 0.500 0.023 0.064 3.327 0.000 0.570 16.945 0.060

p-value 0.120 0.915 0.079 0.063 0.026 0.297 0.207 0.538 0.715

Deviance 106.97
df 98

Table 6.5: Logistic Regression Results for Scene 3

Sex Subject Age Group TR θtr θ̇tr τtr Str

Coefficient 47.13 -0.38 -0.01 -0.01 0.67 -0.01 0.25 3.33 -5.75
SE 3625.18 0.42 0.02 0.04 2.32 0.44 1.60 23.33 439.17

p-value 0.99 0.37 0.60 0.85 0.77 0.99 0.88 0.89 0.99

Deviance 147.90
df 106

Table 6.6: Logistic Regression Results for Scene 4

Sex Subject Age Group TR θtr θ̇tr τtr Str

Coefficient -4573.44 -0.28 -0.01 -0.05 3.51 0.55 -1.33 7.75 553.81
SE 8282.81 0.47 0.02 0.05 2.48 1.00 3.52 55.26 1003.44

p-value 0.58 0.55 0.52 0.28 0.16 0.58 0.71 0.89 0.58

Deviance 125.83
df 95
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Table 6.7: Logistic Regression Results for Scene 5

Sex Subject Age Group TR θtr θ̇tr τtr Str

Coefficient -5.07 -0.35 0.00 0.03 -2.04 0.00 0.11 -8.69 0.57
SE 6.60 0.50 0.02 0.05 2.92 0.00 0.41 13.83 0.59

p-value 0.44 0.49 0.85 0.56 0.49 0.41 0.79 0.53 0.33

Deviance 111.71
df 84

Table 6.8: Logistic Regression Results for Scene 6

Sex Subject Age Group TR θtr θ̇tr τtr Str

Coefficient 6.28 -0.07 -0.05 0.06 -0.84 0.00 0.38 -10.28 -0.40
SE 5.50 0.54 0.02 0.06 3.11 0.00 0.47 18.99 0.47

p-value 0.26 0.89 0.07 0.33 0.79 0.17 0.42 0.59 0.40

Deviance 102.70
df 72
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