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Abstract

Understanding Human gaze behavior is of value from basic science to a myriad of

applications. Current technology places constraints on possible use cases in requiring

that much of this analysis is restricted to a lab setting, with constraints imposed by

limitations of the hardware setup required.

The objective of this thesis is to establish methods that allow for collection and

analysis of gaze data in real-world settings, and allow for development of compu-

tational models of human gaze strategies that are more representative of real-world

behaviour.

To achieve these objectives, the thesis presents methods for deriving rich models

of the real world in the form of 3D models that provide a base representation that

gaze direction may be measured against, and strategies for associating experimental

eye-tracking data with these models derived from unconstrained real-world settings.

The thesis also presents techniques that address qualitative and quantitative analysis,

and visualization of gaze data associated with 3D models.

As a whole, the body of techniques presented provides a foundation for future

research efforts in real-world gaze analysis, presenting many new opportunities for
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experimental studies, and computational modeling efforts.
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Chapter 1

Introduction

In the real world, humans move both their head and eyes to position their gaze

toward objects, or in general, targets of interest. A significant body of research has

been devoted to understanding and predicting human gaze patterns based on data

collected using eyetracking devices [7]. Human attention is important in almost every

facet of our everyday lives, and also finds value in specific application domains. There

is inherent value to better understanding the mechanisms and patterns associated

with gaze behaviour on basic scientific merit, and in the value of this understanding

in applications ranging from marketing and advertising, to architecture and landscape

design, interface design and more generally in how humans interact with other people

and their environment.

Overt visual attention [8] is a fundamental source of data derived from eye track-

ing measurements, which involves direct observation of eye movements that are made.

This provides one natural, and readily observable avenue for measuring human allo-

cation of attention. The study of how attention is allocated also has relevance across
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2 Chapter 1: Introduction

different disciplines including at least Psychology, Medicine, Marketing, Engineering,

Education and Computer Science. Knowing the position of gaze points and their dy-

namics provides an observable target or location of interest from which understanding

can be inferred.

There exist a variety of commercial devices used to track human gaze points that

are available. These devices vary according to a variety of parameters including dura-

bility, weight or portability, degree of precision and accuracy, and form-factor (glasses

vs. desktop eye-trackers). Eye tracking glasses currently present the most portable

tool for exploring eye tracking behaviour in real environments where participants can

wear the glasses while simultaneously performing activities such as shopping in a

grocery store. Such data is of value in analyzing human behaviour, including in the

example given, where patterns are revealed about consumer behavior while making a

decision about products available in a physical retail setting.

There are different classes of eye movements that include reflex based movements,

pursuit (e.g. following motion), and fixations [9]. Fixations are typically characterized

by sustained gaze within a localized spatial region than is sustained for some minimum

period of time. A hallmark of fixations is also found in a preceding saccade, which

involves a rapid eye movement to the point of fixation, marked by rotational acceler-

ation of the eye. Visual information obtained during fixation is often a critical factor

in determining points of interest for viewers, and availing different opportunities for

application specific analysis. For example, the design of packaging or placement on

a supermarket shelf may contribute to allocation of attention and [10] drive decision

making strategies [11].
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While portable head-worn eye trackers provide new possibilities, the extent of

analysis that is possible using such devices remains rudimentary. If one has a highly

controlled environment (e.g. a specific supermarket shelf), and data from a relatively

stationary observer standing in front of this shelf, then qualitative analysis may be

performed in examining topographical interest maps (heatmaps) in the 2D reference

frame of the shelf, or considering peak regions of focus. There remains a significant

gap between these scenarios (and even more basic lab settings) as compared with

unconstrained viewing in physical real-world environments. The gap is due to limita-

tions that come from physical or theoretical constraints on existing solutions to eye

tracking measurement; Analysis is typically limited to a projection of the real world

(e.g. a 2D image or set of images captured by the camera).

For all of the forementioned reasons, there is merit in considering how constraints

on the study of gaze behaviour may be further relaxed through technical develop-

ments to allow for observation and modeling of behaviour in natural settings. This

is especially important as evidence continues to emerge that gaze data collected in

controlled or lab-based settings is a poor proxy for how humans actually behave in

the real world [10].

1.1 Contributions

It is important to note that the central objective of the thesis is not the study

of gaze behaviour itself, but rather developing a set of methods, techniques and al-

gorithms that may significantly enrich the capacity to study human gaze behaviour

in real-world settings and absent of current constraints that encumber what may
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be measured or observed. This serves to enable further understanding of basic sci-

ence in different fields of study that involve humans, or towards a variety of useful

applications. The central contributions of this thesis are describe in what follows:

• We explore different solutions for achieving less constrained measurement of

gaze behaviour in the real world;

• We examine methods in photogrammetry in detail paired with data from a

portable eye tracker towards removing existing limitations on the study of gaze

behaviour;

• We determine the best methods for building 3D models of the environment

based on captured video or including additional sensors to provide context for

studying gaze data;

• We propose different strategies for visualizing gaze data in 3D real-world set-

tings; and

• We present quantitative metrics that may be applied to compare measured

gaze data across different observers, across different experimental conditions, or

derived from predictions of a computational model.

1.2 Thesis Organization

The remainder of the thesis is organized as follows. In Chapter 2, we briefly discuss

relevant background to the topics addressed by the thesis. This is followed in Chapter

3 by coverage of existing related and relevant work that establishes current technology.

Chapter 4 establishes the central methods and considerations required to address the

problems identified in the list of contributions. Chapter 5 provides qualitative and
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quantitative analysis in the form of techniques for visualization of gaze data in 3D

real-world environments, and suitable metrics for comparing densities or gaze points

on 3D models. Finally, Chapter 6 includes discussion of major contributions and

provides a road map for future research efforts.



Chapter 2

Background

Eye movements provide an understanding of images in two ways. First, they

highlight important regions or elements of the image by showing where the viewers

attention is directed. Second, the patterns of saccades and fixations provide valuable

information about the dynamics of the viewers gaze behavior. For example, the

process of reading does not involve a smooth sweeping of eyes over the text, but

instead a sequence of discrete fixations along the line of text [12].

Fixation involves maintaining a single location as the locus of gaze for an extended

period of time. This may include involuntary eye movements. For example, the pro-

cess of reading involves fixating eyes on successive locations across the screen [9], and

sudden movement or distinct colours may automatically draw an observer’s gaze [13].

Eye trackers used for recording gaze data [14; 15; 16] may be grouped into 3

types of categories: a) measuring the movement with a special lens or coil attached

to the eye for very high precision (both spatial and temporal) measurements , b)

optical tracking using a camera and without contact to the eye. This sometimes

6
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involves using light in the near infrared wavelength as the pupil is easy to locate and

segment automatically. c) placing electrodes around the eyes to measure the electric

potentials. These trackers are used for research purposes in biology, psychology, HCI

and a variety of application domains. The most popular method for eye tracking

involves the use of video from a camera pointed at one or both eyes to extract the

position of the eye in order to determine the direction of gaze.

The sections that follow outline prior work related to different facets of the pro-

posed thesis. These include efforts towards 3D reconstruction, those that consider

gaze within a 3D coordinate space, and predictive modeling efforts that are relevant

to the methodology developed as part of the thesis respectively.

2.1 Capturing 3D Representations

There are a variety of methods for generating 3D representations of scenes from

collections of still images or video. Some of the principal strategies include SLAM-

based techniques and Photogrammetry. While Photogrammetry works with images

for recovering the positions of surface points of a scene, SLAM methods track camera

pose in a 3D environment based on drawing correspondences between discriminative

features that are stable to affine transformation. While creation of a 3D model may

seem removed from capturing gaze data, it provides a basic substrate for analyzing

this data. That is, a 3D model allows for captured gaze data to be related to the en-

vironment, including offline for post-hoc analysis. Moreover, determination of depth

based on stereo eye tracking is generally unreliable, and allowing a physical represen-

tation where eye rays can intersect a 3D model helps to address this challenge.
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Photogrammetry

Baltsavias [17] discusses photogrammetry based on processing of images for 2D

and 3D model reconstruction including for visualization, simulation, and other pur-

poses. Large scale photogrammetry has been challenging in the past owing to the

need to consider large numbers of potential matches between corresponding points

across different viewpoints of an environment. As the number of images increases, the

number of potential matches grows significantly. Modern hardware including GPU

implementations of matching algorithms has lowered the computational burden that

this poses. Photogrammetry [18] is a photography based approach that reconstructs

objects in photographs by finding corresponding points in the real world across differ-

ent images that may include overlapping objects or structure in the real world. With

careful calibration, and good point matching, it is possible to derive a 3D model(see

Fig. 2.1) consistent with the set of relative distances between features across multiple

viewpoints.

Figure 2.1: Left: Collection of images extracted from a video of a real-world scene.

Right: General view of application window in PhotoScan. The view of the model

depends on the current processing stage which is point cloud in this case.
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There is also a special case called stereophotogrammetry [19] which considers

pairs of stereo images to establish these correspondences. The rays formed from the

position of camera to the point on an object are intersected to form a triangle to

determine the three-dimensional location of the point. With recent developments in

computer vision, the need for stereo to achieve good depth estimation carries much

less importance then it has traditionally [20].

Photogrammetry has various applications in geology, architecture [21], topo-

graphic mapping [22], archaeology [23], and in creating photorealistic environments

for PC games.

Photogrammetry is an area that has been studied in some depth, and there exists

a rich set of well established techniques for photogrammetry. The central elements

for point matching and triangulation have been implemented many times over, and

a variety of open source and commercial software applications implement these tech-

niques along with subtle optimizations to improve final results. An image [24; 25] is

formed from a projection of 3D geometry corresponding to the real-world. Objects

are projected onto a 2D plane which results in loss of information about the depth of

the object. However, a 3D point in the real world corresponding to a specific point or

object in the image need be on the line of sight or a ray constructed from the initial

camera location to the point on the object. Given two images, the location of a 3D

point can be determined in world coordinates by the intersection of two projected

rays from each of the respective viewpoints, a process called triangulation.

Given the rich body of existing work in photogrammetry, we don’t aim to build a

new solution from the ground up. With that said, it is reasonable to expect that for
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Figure 2.2: The final stage in photogrammetry converts a 3D mesh into a textured

3D representation of a scene.
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this particular problem, some approaches may be more effective than others. It is also

the case that the type of data available (e.g. low resolution video, high-resolution SLR

images, etc.) is relevant to the method chosen for 3D reconstruction. The outward

facing camera on most eye tracking glasses is relatively low in resolution compared to

modern cameras that have a portable, but not wearable form factor. An ambition of

this section is therefore to determine the best approach, and set of methods subject to

characteristics of the hardware. In addressing this, we examine a variety of different

options for depth and 3D from imagery, including what concessions are made when

lower resolution images are used.

The most challenging part of the process of converting multiple 2D images to a

3D model is determining the depth of the object in a given image, which is necessary

for representing a point of object in 3D world coordinates. The depth determination

involves comparing two images to find the position of matched elements which can

be triangulated to find the 3D point. Finally a 3D mesh is created by calculating and

combining the depth maps in considering a consensus across many potential matching

points across views [26], which conform to the multiple views that form observations

in the data.

Möller and Trumbore [27] have given an algorithm for determining very fast ray-

triangle intersections. The method is advantageous as it does not require computing

and storing triangle plane equations hence reducing memory storage costs.

Open source software for photogrammetry includes Visual SFM [3], CloudCom-

pare [28], the Python photogrammetry toolbox [29] and several other implementa-

tions, all of which build point cloud data from a collection of images. One prominent
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approach in the category of “Structure From Motion” is VisualSFM which attaches

a GUI to the underlying algorithms for 3D reconstruction. This implementation

also uses SiftGPU [1] and the CMVS/PMVS2 [30] tool. SiftGPU rapidly finds key-

points 2.3 in different images and putative matches to estimate camera positions while

CMVS/PMVS2 creates a point cloud from the matched images.

Some of the most popular commercial photogrammetry software applications are

Autodesks 123D Catch [31] and Agisoft Photoscan. Agisoft Photoscan [32] is a pro-

fessional photogrammetric tool used for processing digital images and creating pro-

fessional quality 3D models that are used in various fields, in particular, for GIS

applications, and for 3D reconstruction from UAV captured video [33]. It is based

on latest multi-view 3D reconstruction algorithms and provides automated image

alignment as well as 3D model reconstruction.

Given the long history of existing research in photogrammetry, as mentioned, it is

not the ambition of the thesis to significantly advance methods in photogrammetry.

However, given hardware typical of portable eye trackers, possibly supplemented by

other sensors with higher quality optics, we endeavor to consider both the image

characteristics and set of algorithms that give rise to high quality models and provide

a workflow that has the smallest overhead beyond using only the base data captured

by wearable 3D eye tracking glasses.

Structure from Motion

Structure from motion (SFM) [2] is a low-cost photogrammetric technique to esti-

mate 3D structures from a series of overlapping, offset 2D images (generally a moving
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Figure 2.3: Keypoints on the object can be extracted by SIFT [1] for feature descrip-

tion.

camera). However, there is a difference between SFM and conventional photogram-

metry, where the geometry of the scene is resolved without necessarily estimating

known 3D positions from matching control points or 3D location and pose of the

cameras. Instead, SFM reconstructs the camera pose and scene geometry simulta-
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neously by using bundle adjustment, which automatically identifies and extracts the

matching features in multiple overlapping images. These matching features in the

Fig. 2.4 are tracked on an image to image basis thus enabling estimates of camera

positions, and with tracking providing savings over estimates that involve views with

no known relation. This approach is suitable for images that cover most of the full 3D

structure of the environment viewed from varied positions or images, and captured

by a moving sensor.

Figure 2.4: Structure-from-motion [2] performing feature detection and matching

between different views of the images to estimate the camera positions.

The ground-control coordinates provide scale and orientation of camera positions,

and this is often lacking in SFM based methods since the goal is directed more heavily

towards reconstruction rather than pose estimation. Hence, most existing SFM based
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methods generate dense point clouds in an image-space coordinate system aligned to a

real-world coordinate system. We conducted experiments with the most popular freely

available application VisualSFM [3] to process sequences of scene camera images and

generate a corresponding point cloud. This GUI application runs very quickly as it is

optimized for multicore parallelism for the most computationally expensive processes

involved in reconstruction including feature matching, bundle adjustment, and feature

detection. This package integrates various open-source applications including, SIFT

on GPU(SiftGPU), Multicore Bundle Adjustment [34], CMVS [30] and PMVS2 [35].

Furukawas CMVS/PMVS2 toolchain is used by VisualSFM for dense reconstruction.

The output produced by VisualSFM can work with many additional tools, including

MeshRecon [36], SURE [37], CMP-MVS [38], and MVE [39]. In many cases, careful

tweaks can result in improved meshing, which seems to be a significant difference

between commercial solutions and open source implementations.

Simultaneous Localization and Mapping

Simultaneous Localization and Mapping (SLAM) is a computational problem

which involves self-localization and mapping while navigating an (unknown) envi-

ronment. This method is often applied in real-time, hence the navigator or the agent

receives real-time estimates of the most recent state. Since this approach includes

camera pose estimation and mapping of the environment it requires a reliable esti-

mation of the scene geometry. 3D SLAM [40] has recently been one of the popular

research topics because of its value to robotics, and in augmented and virtual reality

applications which, require accurate pose estimates of a moving camera. It is also
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a pre-requisite for performing many tasks in robotics including planning navigation

along traced paths, localization, exploration and autonomous navigation. Various

dense tracking and mapping methods have been developed including feature based

methods. Many of these are limited to 3D reconstruction of a small environment,

and typically an indoor environment (e.g. a part of a room). The reasons for this

become clear from the discussion of recent SLAM methods that follow, in particular

those that make use of depth sensing cameras.

Christian et al. [41] developed a method for camera tracking using RGB-D images.

This method aims to minimize the photometric error by registering two consecutive

RGB-D frames upon each other. To improve accuracy, features are also tracked over

multiple frames from RGB-D camera. Previously, Bundle adjustment was used as

one method for pose estimation and optimization [42], but these approaches lean

more heavily on depth information and place less value on interest points or affine

invariant features, causing loss of valuable information for some environments. They

derived a probabilistic formulation to estimate the motion of a camera from RGB-D

images derived from depth sensors (e.g. Microsoft Kinect). This work was extended in

another paper [41] which presented a dense SLAM method for optimized trajectory

estimation. This latter work provides a consistent 3D model(point cloud) and an

entropy metric that forms the basis for loop closure and for drift-free pose estimates.

Jakob et.al [43]proposed a method called direct monocular SLAM which allows

construction of large-scale maps of an unknown environment in addition to locally

tracking camera motion. This algorithm uses a direct image alignment process which

enables highly precise estimation of a pose. A pose graph is constructed, which
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consists of keyframes and also computes 3D similarity transforms (rotation, scal-

ing, translation) on vertices and edges respectively and is also relatively invariant to

changes in scaling of observed geometry. Besides running on a CPU in real-time, this

approach to SLAM can also run on a smartphone as if only odometry [44] is desired.

As described in [43] this algorithm works on three main components: tracking of

new frames, depth map estimation and map optimization. The tracking component

estimates the pose of a rigid body with respect to the current keyframe considering

the previous frame for initialization. To estimate a depth map, the current keyframe

is replaced by the tracked frames. The map optimization component optimizes the

global map using a pose graph optimization process [42] and loop closure is also

performed for outdoor trajectories.

Erik et. al [45] propose a novel method of using a signed-distance function (SDF)

for real-time camera tracking and 3D reconstruction of the environment from RGB-

D images. This function minimizes error for depth images from an RGB-D sensor

giving efficient camera pose estimation. They have used an iterative approach which

involves estimating the camera pose based on the previous signed distance function

and comparing this with the signed distance function from an new camera pose, and

then updating. What makes this approach novel is that they optimized the camera

pose directly on the signed distance function as compared to other approaches like

KinectFusion [46].

It is important to note that many recent approaches have shifted to leaning on

depth estimates, or depth cameras. This has no doubt produced improved capabili-

ties. However, it is worth noting that almost any approach based on structured light
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fails in outdoor environments. There is typically too much near IR sunlight for any

approach to rely on structured light during the daytime. An alternative is to de-

rive distances from time-of-flight, but this also presents limitations based on external

lighting, and also on possible range. That is, content near to, or far from the camera

is poorly represented.

2.1.1 Open Source Software

Autodesks 123D catch [47] is a great choice for building 3D models of simple ob-

jects from images but it has certain constraints that limit it’s use. For example only

a limited number of images (maximum 40-70 depending on size) may be used. Even

though the software is freely available, the source code is not. This results in a black

box nature where there is little to no control over the reconstruction process. When

dealing with different sensors with varying properties, this is a consideration that

is very limiting. There are several free open-source methods available to create 3D

models using photogrammetry that produce better results than 123D catch, and also

have more flexibility. These methods have been developed over decades of research

and are capable of producing high quality representations of environments provided

suitable source images are available. In all cases, this is achieved by examining the

matching features in each image and performing 3D reconstruction based on over-

lapping features. Some methods perform the entire process from image alignment

to textured model while others reconstruct a mesh from dense point clouds only, or

do sparse structure from motion(SFM) 2.5. The selection of functionality present

in these different implementations is why there are often cross-dependencies across
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available solutions even if the core involves on particular open source implementation.

Figure 2.5: VisualSFM [3] uses multi-view stereo algorithms to reconstruct 3D struc-

ture of a scene visible in the images.

The Python Photogrammetry Toolbox consists of a set of python scripts which au-

tomate Bundler and CMVS/PMVS as well as providing a GUI. Bundler [48] relies on

structure from motion to reconstruct 3D geometry of the scene as output. It success-

fully runs on unstructured image collections from the internet as well as structured

image collections. Since Bundler produces a sparse point cloud, Furukawa intro-

duced PMVS2 [35] for producing dense point clouds. PMVS is based on multiview

stereophotogrammetry which functions similar to Bundler, taking a set of images and

camera parameters as input and producing a 3D reconstructed model of the scene. It

includes only rigid structure during reconstruction and ignores non-rigid structures.
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The objective of multi-view stereo (MVS) [49] algorithms is to reconstruct a 3D model

from multiple images of real objects or scenes captured from camera viewpoints. MVS

is a term for a group of methods that solve the stereo correspondence problem when

two images of the same scene are used [49] (even if not captured from a stereo camera).

MVS algorithms are typically not recommended for a large number of images due to

computational complexity. In such cases, CMVS [30] uses the output from an SFM

solution (e.g. Bundler) and decomposes images into a set of clusters of feasible size.

That is, lightweight sparse point-cloud and camera pose estimation is applied first.

Following this, smaller subsets can be targeted with deeper analysis using PMVS to

process each image cluster in parallel and independently followed by the union of all

the reconstructed clusters to produce an overall consistent dense model.

CAD(Computer Aided Design) based tools [50] and passive image-based methods

also exist. The overall approach of these methods is largely the same as those dis-

cussed, which each rely on collecting images from different viewpoints, providing or

estimating camera parameters, and possibly reconstructing the 3D geometry of the

real world scene. SFM algorithms are a bit different than MVS because the input is

typically a series of images with some relation and estimation of camera pose is not

a critical consideration.

Open Multi View Geometry (Open MVG) [51] is a library consisting of available

code, that is highly readable which making it easy to use and adapt, and provides

access to Multiple View Geometry problem solvers. It supports a range of methods

from feature matching /detection in images to structure from motion, and provides a

complete SFM pipeline. Open MVG is divided into various modules: libraries, sam-
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ples, and software. Open MVG uses SIFT key points and their associated descriptors

to compute matches between image pairs akin to many of the other methods.

As a whole, one can see a great deal of commonality across different methods.

Ultimately though, the devil is in the details. This is revealed in our experimentation

given that very different qualities are observed in results depending on methods ap-

plied, or depending on source data, even if these methods rely on many of the same

common theoretical tenets.

2.1.2 Commercial Software

Photomodeler [52] is a commercial software offering providing accurate measure-

ments of distances from photographs and for generating 3D models of a captured real-

world scene. The concept of desktop close-range photogrammetry was introduced by

this product and this has been one of the more prominent commercial offerings for

this specific application. As this is a professional tool, it has been used in industries

for performing critical measurement and modeling tasks. This tool is highly accurate,

efficient, requires no expensive hardware and can provide measurements for both large

or small scenes.

Another comparable product is Pix4D that transforms (possibly multispectral)

images into high-quality 3D maps and models as shown in Fig. 2.6 using computer

vision and photogrammetry algorithms. It is primarily designed for images from

UAVs and produces results ranging from point clouds to terrain models, orthomosaics

and textured models. Pix4D mapper Pro uses aerial imagery and produces a series

of georeferenced 2D maps and 3D models. In addition to generating 3D textured
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models and photorealistic texturing, it also allows for more rudimentary or domain

specific representations including point clouds, contour lines for visualization of an

areas topography, digital surface models, and other representations especially relevant

to surveying.

Figure 2.6: High-quality 3D model created by Pix4D Mapper.

Autodesk ReCap [4] is a more recent product that follows 123D Catch, building

this into a commercial product with more robust capabilities. This is provided in the

form of both desktop software and cloud services to produce 3D models from captured

real-world imagery and/or laser scans. This product appears to be relatively capa-

ble in producing models for large datasets, owing in part to cloud based computing
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support.

Figure 2.7: High-Resolution 3D models created with Autodesk ReCap’s online appli-

cation [4]
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Besides providing Photo-to-3D cloud service this app allows building 3D photo-

textured meshes, photo-based point clouds,orthographic views with elevation maps

and model viewing options such as texture, shaded, and non-shaded as shown in

Fig. 2.8a, 2.9a and 2.9b respectively.

(a) 3D textured Mesh

Autodesk Remake [53] was built to handle image-based 3D models and has been

replaced by ReCap Photo, which has expanded photogrammetry capabilities to sup-

port drone and UAV workflows.

2.2 Human Gaze Behaviour

Human gaze behavior while freely viewing a scene provides significant information

about context or an observer’s intent. In identifying areas of interest in conjunction
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(a) Shaded Mesh

(b) Non-shaded Mesh
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with the content of the scene, one can better understand gaze behaviour or behaviour

specific to a particular domain. Past research has examined these characteristics in

detail through experiments designed to explore specific characteristics of fixations

observed during scene viewing, and to understand implications interpreted in terms

of neurobiology, psychology, social interaction, interaction with media, and in other

domains. The following provides some background on human eye movements that

serves to support understanding the methods and analysis that form the balance of

this thesis.

2.2.1 Types of Eye Movements

The objective of eye tracking analysis is to analyze patterns of eye movements

typically involving tasks such as free viewing of images, reading, driving etc. Eye

tracking devices record these eye movements or the gaze points i.e., where a user

is looking. There are different types of devices used for measurement, and each

devices sample rates depend upon their sensor characteristics. In experimentation

that appears in this thesis, SMI eye tracking glasses [54] are used, which allows

recording of a users gaze direction in the reference frame of a forward facing scene

camera with a sampling rate of 120 Hz in real-time. At a high level, the human eye

primarily serves two main functions, tracking and fixation [55].

Fixations are the most common type of eye movement featured in eye tracking

analysis. Fixations are derived from the raw temporal sampling of gaze direction

recorded by the eye tracker. This forms an aggregation of point of gaze on the basis

of a cluster of samples that reside within a specific localized area and span a time that
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is typically between 200ms and 300ms [55]. There are a variety of criteria that can

be used in this aggregation process, and most methods balance the characteristics of

instrumentation with results from behavioural psychology. Fixation occurs when our

eyes are relatively stable and target a particular location while scanning or reading

to extract more detailed location specific information. This process is critical, as

resolution of sampling is much higher at the center of gaze, and many tasks require

fixation to be performed with any accuracy. Fixations are therefore a result of the

processing of raw gaze data based on fixation detection algorithms. Details of fixations

can be exported from the BeGaze analysis software as shown in Fig. 2.10. There are

additional types of eye movements that are relevant to mention, however as with

other work, this thesis is concerned exclusively with fixations.

Figure 2.10: List of fixations exported from the BeGaze analysis software. [5]

Common statistics associated with the analysis of fixations include fixation dura-
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tion (in milliseconds), number of fixations (i.e., fixation count) fixation position, and

rotational acceleration of the eye preceding a fixation. There are different algorithms

for identifying fixations. Salvucci and Goldberg [56] proposed algorithms based on

velocity, dispersion-based algorithms, and area-based algorithms and classified algo-

rithms in terms of how they utilize the retrieved visual information in eye tracking

analysis.

Figure 2.11: Types of eye movements observed while tracking any object.

There are six different types of eye movements that are commonly discussed [55]:

Saccadic Movements: These are ballistic movements since they have a fixed start

and end point when triggered, and no correction is possible during the movement

itself. Planning and execution of a single saccade is task dependent and takes about

150-200ms hence they are very rapid allowing the eyes to focus on different parts of

a scene, image or data to retrieve visual information. The average span of a saccade

is 20-40ms [57]. Common metrics for saccades are amplitude, velocity and duration.

Smooth Pursuit Movements: These eye movements track objects in motion. This

is an important ability that allows for tracking of all kinds of moving objects in the real
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world. This function is determined by the speed of the moving objects which means

slower objects can be continuously tracked and are more easily analyzed visually. Very

rapid motion often involves a combination of saccades and pursuit to ‘keep up’. The

key differences between smooth pursuit and saccadic movements are: 1. the former is

continuous and requires feedback to track objects in motion, while the latter moves

in an uneven, jumpy manner. 2. The degree of clarity, or information that may be

discerned is higher for pure pursuit.

Vergence Movements: Saccades and fixations typically involve identical movement

of each of the two eyes. In a situation where depth changes, the eyes need to either

converge or diverge to keep objects in focus. In this case, the eyes may move in

opposite directions inward to examine a closer object, or outward to observe an object

farther away. These are slower than saccades and their main objective is to detect

an objects distance, which helps the eyes to focus as well as intersect to the area

of interest. This is termed a disconjugate [58] eye movement where eyes move in

opposite directions as compared to saccades and smooth pursuit which are conjugate

eye movements.

Vestibular Movements: These eye movements are influenced by the vestibular

system. The interaction between vestibular and visual systems is referred as vestibulo-

ocular reflex (VOR) [59]. This reflex function is used to stabilize our vision during

head motion by causing eye movements in the direction opposite to head movement.

This is especially the case where head movement changes relative to the direction of

gravity. The objective of these movements is to retain the point of interest on the

fovea during head and body movements. These are slower than saccades and faster
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than smooth pursuit movements.

Optokinetic Movements: These are one of the gaze stabilization mechanisms which

combine with vestibular movements to maintain a stable gaze during head rotation

and translation while viewing. These eye movements are generated in the direction of

large-field visual motion across retina. The purpose is to keep a constant alignment

of fovea with the target despite of head and body movements. These might occur

when looking out of a window while riding a rapid train or subway.

Physiological nystagmus: These eye movements are involuntary and detectable

under special conditions where the eye aims to remain fixed.
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Related Work

Much of the more foundational work pertaining to this thesis is addressed in the

preceding Chapter. This includes fundamental work relating to 3D reconstruction,

and properties of gaze behaviour and fixation.

In contrast, this chapter deals specifically with prior efforts that have sought

to achieve gaze tracking and analysis in real-world or 3D environments. This is a

problem that has not been addressed to a great extent, in part owing to the fact

that addressing the problem requires a relatively high degree of breadth including

computer vision and image processing, specialized hardware, and understanding that

crosses traditional disciplinary boundaries. Moreover, the parties that will benefit

most from this work are mostly in realms of study that are relatively removed from

Computer Science or Engineering. This implies a need to solve several aspects of the

problem from the ground up. With that said, there are a variety of prior studies that

have shown interest at the intersection of gaze in less constrained settings, or gaze

with 3D data. These form the subject matter of this chapter.

31
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As with Chapter 2, related work is divided into two critical aspects of addressing

real-world eye tracking analysis. The first in establishing a representation that is

reflective of the real world environment that avails itself to modeling and analysis;

Individual images are unsuitable for such analysis as they fail to capture the structure

of the environment or context surrounding the viewer. For this reason, one element

of the proposed research involves establishing high-fidelity 3D models from capture

devices (SLR, HD video) that allow for a 3D representation of the world to be built.

A second challenging problem, is to relate raw eye tracking data, captured in a single

camera head-centric reference frame, to the coordinate system of the eyes, and to

point of gaze on the 3D model. In this section, we highlight work relevant to each of

these elements.

3.1 Gaze in 3D

Yun et al. [60] make the observation that human behavior observed while viewing

images contains signficant information about the content of images as well as human

intent towards the images. They have conducted experiments to better understand

the observers eye movements while viewing images and how an observer describes

those images. There is a clear relationship between the visual target and the patterns

of eye movements. If there is a complex scene, viewers usually prefer to fixate their

eyes towards the center of the target so as to extract maximum information. Their

work is unique in focusing primarily on establishing that eye movements including

fixations and saccades provide an understanding of the scene by indicating relevant

content. This speaks to the overall motivation of this thesis; to allow studies that tell
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us something about behaviour to take place that have not been possible to date.

Paletta et al. [61] presented different environmental scenarios in work on estimat-

ing human visual attention, which was monitored precisely using eye tracking glasses.

The eye tracking glasses provide human fixations with respect to the environment

which are mapped directly to a 3D model. To reconstruct the 3D environment they

consider approaches like SLAM (Simultaneous Localization And Mapping) [62], which

involves constructing or updating a map of an unknown environment while simulta-

neously keeping track of the viewer’s location within the map. Earlier work that

employed a similar approach was based on single camera (Civera et al. [63]). The

advent of Microsoft’s Kinect, which directly determines the depth information per

pixel, Paletta et al. produce a 3D model in also considering depth information to

reconstruct a large scale dense environment. Their methodology produced a very

small re-projection error enabling recovery of human visual attention semantics. This

strategy is only suitable for indoor environments due to sensor limitations, and it is

expected that much higher fidelity 3D models may be produced in leveraging pho-

togrammetric methods based on the results we found.

3.2 Computational Modeling

In various domains including computer vision and psychology, efforts have been

made to model human gaze behaviour. Saliency is one factor for which predictive

models have been developed, and these methods aim to predict gaze direction during

free viewing of an image. Another concept for representation and analysis of 3D

meshes in graphics and geometric modeling is Mesh saliency [64] which is a measure
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of regional importance for 3D meshes and for which Lee et al. [64] propose a method to

compute mesh saliency. There has been relatively little work on predictive modeling of

gaze patterns in 3D space, and therefore there is value in establishing a set of methods

that allow for research to proceed in considering such models and more realistic

behaviour that is associated with real-world viewing. In the context of methods

developed for this thesis, we establish quantitative metrics that have the possibility

of measuring how well a prediction (e.g. that from mesh saliency) is able to predict

gaze patterns. Given that this prior work is primarily concerned with the viewpoint of

3D models in graphics, it is a poor proxy for human attention on an entire scene. With

that said, this thesis includes metrics for measuring success of models in predicting

gaze on a 3D model through methods analogous to those used for traditional 2D

image based representations.
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Capture of 3D Gaze: Models and

Methods

In this chapter, we present methods, results and analysis related to solving the

problem of capturing and representing gaze data in 3 dimensions to support modeling

and analysis efforts.

To explore gaze data in 3-dimensions, an SMI ETG2 Eye Tracker is used [54].

This includes video from a scene camera facing outward from the forehead, and two

eye-facing cameras providing feeds for live analysis with the SMI Eye Tracker. The

eye tracker has the form factor of a pair of glasses, and is typically worn while moving

around or completing tasks. While an observer moves around a static scene, simul-

taneous and synchronized feeds of the scene (field of view) and eye movements are

recorded. Recording is performed through proprietary software from SMI is called

iView ETG. The iView server program records eye tracking data and displays cur-

rent point of gaze on the computer screen in real-time. The sample rate of the video

35
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captured by the ETG2 glasses is 30hz(screenshot). The two cameras situated on the

rim of the glasses capture eye movements of the user which may then be related to a

2D plane parallel to the field of view.

Gaze data captured by the SMI eye tracking glasses is analyzed using SMI BeGaze [5]

behavioral and gaze analysis software for eye tracking data. This software provides

a variety of visualizations from gaze plots to attention maps as well as allowing data

export in various forms, including export of captured video. The software allows ex-

port of two types of scene video with and without gaze cursor (represented by orange

dots). The scene video with gaze cursor is included by selecting the “Fixation” option

for the “Display:” property in the Gaze Replay module as shown in Fig. 4.1. For our

experiment, we exported scene videos of individual participants with the gaze cursor

overlay, raw gaze data and gaze event data to further analyze the positions of the gaze

cursor based on custom scripts. It is worth mentioning that for many applications,

the ETG2 with the orange dots overlayed is used directly in a qualitative manner to

draw general conclusions about observer behaviour.

The (x, y) coordinates given for a gaze or fixation are calculated according to the

parameters of the SMI event detection algorithm. As mentioned in the background,

this is a process that involves a compromise between known device characteristics,

and timing of saccades, dwell and raw gaze coordinates. The gaze samples collected

during viewing are processed through event detection. These (x, y) coordinates are

saved in the “Fixation Statistics” file under the “Event Statistics” module (Fig. 4.2).

These statistics provide the list of fixations and timing, and therefore the timestamp

may be used to associate fixations with particular frames of video for further analysis
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Figure 4.1: Scene video with the gaze cursor captured by the SMI eye tracking glasses.

offline and outside of the BeGaze software using custom scripts. After capturing data,

a second step involves pre-processing of the recorded video sequence. In our case, this

is accomplished using the Blender [65] 3D rendering software to extract frames from

the video file.

4.1 Methods: 3D Model Building

Given extracted frames with fixations (or gaze points), and a corresponding dataset

containing images of the scene, we seek to build a 3D model of the scene. Ultimately,

the objective is to relate points of gaze to the 3D model, but for now we focus only on

construction of the model. For 3D modelling several different strategies were consid-

ered through experimentation to determine what approach might be most successful
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Figure 4.2: Raw Gaze data exported from the BeGaze software.

in producing high fidelity 3D scene models, or rather, to decide upon the most ap-

propriate approach to addressing 3D reconstruction. Many attempts were made at

building models based on only the scene camera images, and the scene camera images

supplemented by higher quality images from a compact mirrorless Sony SLR. This

includes a variety of the approaches discussed in Chapter 2, with particular empha-

sis on Agisoft PhotoScan, Visual SFM, and Autodesk ReCap 360. The 3D models

constructed through photogrammetry were generally quite dense as compared to the

ones from Visual SFM [3]. Ultimately through experimentation, it was determined

that the reconstruction results from Agisoft PhotoScan were most promising. This

software is based on the latest muti-view 3D reconstruction algorithms and is ca-

pable of producing effective results in an uncontrolled environment as well, making

this a good choice for 3D model reconstruction. In particular, while the common
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functions underlying different photogrammetric approaches are the same (matching

SIFT points, sample consensus, etc.) there appear to be some optimizations that

have been made that simply make the resulting mesh look better, or contain fewer

artifacts than alternatives. The workflow shown in Fig. 4.3 of PhotoScan comprises of

four main stages [32] Image alignment ; Dense point cloud generation ; Mesh Building

; Textured 3D Model.

Figure 4.3: An overview of four main stages in PhotoScan to convert multiple 2D

images into a 3D model.

4.1.1 Image Alignment

The dataset consisting of gazed at images (from BeGaze and Blender), are loaded

into PhotoScan. Fig. 4.4 shows how the loaded images appear on the Workspace pane.

Once the images are loaded, they are aligned. (through the Workflow menu). At this

stage, one arrives at a sparse point cloud model based on estimated camera position

and orientation for each image. The sparse point cloud along with the computed
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camera positions is displayed in the console as seen in Fig. 4.4.

Figure 4.4: Sparse point cloud with estimated camera positions

It was observed that images of poor quality had the potential to be of significant

detriment to the alignment process. For such cases automatic image quality estima-

tion may be made based on the features [32]. Ultimately the goal is to preserve

images that contain fixations to avoid losing any data (images with less than 50% of

keypoints exceeding a minimum quality threshold are rejected). Adjustment of cap-

ture settings (e.g. level of light, resolution of video) can help to achieve better features

for matching. One can also adjust parameters to ensure data retention and successful

matching. This process is controlled by alignment parameters including thresholds

for accuracy, pair preselection and setting limits on key points or tie points. In our

experimentation, it was found that default settings for pair pre-selection, and a Key

point limit of 40,000 and Tie point limit of 4000 [32] produced the best results.
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4.1.2 Dense Point Cloud Generation

Following construction of the sparse point cloud in Fig. 4.5, this representation

can be used with further processing to derive a dense point cloud as shown in Fig. 4.6.

Although the specific relationship between these representations is obfuscated by not

having access to source code, this looks to be very reminiscent (if not the same) as

the relationship between CMVS and PMVS discussed in Chapter 2. Based on the

estimated camera positions from the alignment process, depth information is available

for each camera, and further refinement with confidence derived from the sparse cloud

allows a single dense point cloud to be produced [66]. This process is controlled by

parameters that reflect desired mesh quality and depth filtering nodes. Poor quality

images may lead to outliers among points. Different thresholds for outlier rejection

may be set ranging from mild to agressive rejection of outliers.

Figure 4.5: Point cloud formation
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Figure 4.6: Further processing of the sparse point cloud produces a dense point cloud.

4.1.3 Building a Mesh

While a dense point cloud provides a perceptible representation of the scene, it

has no surface. Ultimately having a model with a surface is critical to allowing gaze

density to be assigned to the model, or for gaze vectors to intersect with the model.

It is therefore desirable to convert the dense point cloud to a 3D polygonal mesh in

Fig. 4.7. Reconstruction parameters include the surface type, desired polygon count,

type of interpolation and point classes. Given sufficiently dense point clouds based on

the volume of our data, we did not include interpolation since this has little effect on

areas with dense point samples, and risks artifacts in areas of poor sampling. With

a generated mesh certain corrections may be applied using mesh editing tools such

as decimation, closing of holes, automatic filtering, removing detached components,

smoothing, etc. This can allow unwanted portions of the model to be removed.

Through experimentation, it was found that mesh decimation was useful, since the
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number of polygons resulting from a dense point cloud far exceeds what is required

to accurately represent the scene geometry. In fact, there is virtually no loss of

precision in the geometry even in using a fraction of the original number of triangles

(e.g. 10%). This also allows for any further processing on the mesh, including gaze

related processing to be done in a manner that is not overly cumbersome in terms of

computation required.

Figure 4.7: 3d Mesh formation from the dense point cloud

4.2 Methods: Gaze Capture

Given a high quality model produced by the scene camera (based on the steps

discussed in the previous section), we hope to relate the gaze data captured to the 3D

model in question. Estimated camera pose forms part of the reconstruction process,

and is therefore retained and exported as shown in Fig. 4.8. In our workflow, we export
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this in the bundler file format which allows for all data to be saved and retained if

needed (including the sparse point cloud data). Orientation parameters are exported

to a Chan file format in ASCII format with parameters saved in columns (one column

per parameter, and one line per frame). The parameters saved from the reconstruction

process to this file include: framenumber, locationx, locationy, locationz, rotationy,

rotationz, angley. The rotation values are expressed in Euler angles and the last

column i.e. angley represents vertical field of view. The gaze dataset obtained from

the scene video consists of frames with and without gaze. The notion of a “Fixation”

in 3D space has much more complexity than for 2D screen space. This is true of

the ETG2 Glasses, or any other head-mounted eye tracking system because much of

what looks like a fixation is actually smooth pursuit, meaning the eyes are tracking

a stationary object while the head moves. For this reason, we divided our dataset

into two types:one with the original gaze positions exported from the scene video

(this is essentially a head-centric representation) and the other consists of frames

with gaze correction i.e. applying an algorithm to get the correct positions of gaze

corresponding to where our eyes are looking at.

Given a number of image frames, and our 3D model, each frame has a correspond-

ing camera position and rotation values which are used. In the context of 2D gaze

analysis, often a heatmap or gaze density map is created by blurring discrete fixation

points with a Gaussian blur that reflects the dropoff in acuity from the fovea moving

to the periphery. We seek to accomplish the same effect, albeit in a 3D space. With

that said, this is a much more complicated process in 3D.

To model this correctly, one has to effectively model the degree of sampling with
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Figure 4.8: Different views of a 3D model with the aligned cameras.

a Gaussian drop-off [67] from a camera directed according to the viewing direction in

a manner akin to ray casting. This provides the foundation for visualizing the gaze

data. To achieve efficiency in implementing this representation, it is natural to use 3D

modeling software that allows for custom scripting to be written, and we have used

the Maya modeling software [6] to implement ray-casting from points of gaze onto
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Figure 4.9: 3D models imported in Maya [6] to implement ray-casting.

the model that mimics the peripheral drop-off in visual acuity. Fig. 4.9 shows the

imported models in Maya. The most popular software for rendering in the Computer

Graphics industry are 3ds Max and Maya.

To create a visualization of the gaze data, we opted for ray tracing as shown in
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Fig. 4.10 using a spotlight model and rendering the 3D scene using Mental Ray [68]

(without Global Illumination since we don’t want indirect lighting in our density). To

use Mental Ray for Maya renderer involves preparatory setup (installing the mental

ray plug-in, loading via the Plug-in-Manager: selecting loaded and autoload options

for the “Mayatomr.mll plug-in”). The reason for applying the mental ray add-on for

rendering is that this allows for masking of the spotlight. As mentioned, we don’t

want the density from viewpoint to reflect the drop-off in visual acuity from the centre

of gaze. This can be accomplished by shining the spotlight through a mask aligned

with the imaging plane of the camera that has maximum transparency at the centre,

and becomes increasingly opaque moving peripherally. The dropoff in transparancy

follows a 2D Gaussian distribution with a σ corresponding to 1 degree visual angle.

Maya includes more customization, which makes it a more powerful application

for our purposes. MEL or Python are the scripting languages used in Maya to cus-

tomize its core functionality as the commands and tools being used are written in

these languages. MEL is considered user since all the interactions between users and

Maya gets recorded in MEL, this makes it easy for the novice users to implement

subroutines [69]. Another application we used for visualizing and processing three-

dimensional mesh representations is MeshLab [70]. It is a free Windows, Linux and

OS X application for simplifying, processing and converting large three-dimensional

surface meshes to or from a various 3D model formats. Many standard methods for

decimation, remeshing, or custom shaders can also be applied in MeshLab, if post hoc

refinement of the model is desired.
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4.3 Methods: Relating Gaze Data to Models

In the previous section, we alluded to some of the methods that are used to relate

gaze data to captured 3D models. In this section we further elaborate on this rela-

tionship, while also including additional discussion of the rudiments of how this data

may be visualized. Collections of data from an ensemble of observers that include

factors such as fixation positions and duration are commonly collected and to investi-

gate human gaze behavior. Visualization of gaze datasets helps in understanding and

interpreting such data, and may be easier to interpret for trends than examining fix-

ations, or sequences of fixations from single observers. In the domain of gaze analysis

where two-dimensional viewing is concerned (e.g. viewing images), common repre-

sentations include scan paths, heatmaps, attentional maps, etc. We aim to provide

similar representations to relate our gaze data to the 3D model for qualitative and

quantitative analysis. In implementing gaze visualization, the 3D model is imported

into 3D rendering software, followed by running a python script that loads all relevant

data. This places a spotlights at a camera position consistent with each view from

the outward facing scene camera. The masked spotlights then project an amount of

light that corresponds to the sampling acuity, and the ensemble of spotlights repre-

sents a density. The degree of light received by each triangle in the 3D model then

corresponds to the degree of visual sampling by an observer or multiple observers.

An example of this is shown in Fig. 4.10

Creation of a spotlight is applied to all camera positions and applied to all exported

cameras as illustrated in Fig. 4.11 where cameras are replaced by spotlights.
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4.3.1 Scene Camera Images (Head movements)

The base parameters of the spotlights are as follows: Cone Angle=160, Dropoff=0,

Penumbra Angle=0, Intensity=0.05, and Decay Rate= Quadratic. This implies a

viewing angle of the observer that covers 160 degrees visual angle. There is no dropoff

of the spotlight, since this is provided by the transparency mask in the scene camera

imaging plane. Intensity is adjusted to a level where the total number of cameras does

not cause the intensity on the model to saturate. That is, if too high an intensity is

chosen, the model can appear completely white, so the intensity needs to be adjusted

in an inverse relationship with the number of fixations.

The entire process of spotlight generation and masking is produced by a python

script in Maya. The script makes use of extant camera orientation values from the

reconstruction stage (chan file), and creates spotlights using Maya commands while

setting appropriate translate(x,y,z) and rotation(x,y,z) attributes of each spotlight to

the position and rotation parameters of the cameras. Fig. 4.12 and Fig. 4.13 represent

the rendered images of the 3D models. This gives an initial understanding of the gaze

behavior when mapped on a model.

4.3.2 Algorithm for Gaze Correction

In the above samples, density is attributed in a head-centric reference frame. This

is equivalent to an observer that is always looking perfectly straight ahead. However

in reality, the eyes are pointing in a different direction independent of the position of

the head. To get a true measure of acuity, placement of the spotlights needs to reflect

a correction for the viewers direction of gaze. The eye tracking system involves two
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cameras for tracking an observer’s natural gaze behavior in real time. The SMI eye

tracker [54] uses two cameras to track a viewers eyes from close proximity i.e. track-

ing the pupil and corneal reflection, and an additional high definition scene camera,

records a sample of the real-world scene. The scene camera provides a horizontal

viewing angle of 60 degrees from a 1/3” sensor with a 36mm lens. It offers a resolu-

tion of 1280x960 pixels at 60Hz. The scene camera of the SMI glasses provides the

head centric view, while mapped gaze points(see Fig. 4.14) in the coordinate space

of the scene’s camera image were fetched in real-time from the BeGaze analysis soft-

ware [5]. This implies that for gaze centric fixation density, spotlight pose needs to be

adjusted to reflect the offset of the gaze in scene camera coordinates from the center

of gaze. The angular extent of the scene which is imaged by the scene camera is

termed the camera field of view or the camera angle of view [71]. The camera’s FOV

(field of view) depends on the lens of the camera as well as position of sensors and

optics, and can be measured horizontally, vertically, or diagonally. This angle can

be increased by using lenses with less than 2mm focal length but this can result in

loss of accuracy and lowered resolution. Note that the human’s field of view is larger

than that of the camera. This is one place where a 3D representation can present an

advantage. If a viewer is looking far to the left or right, the 3D model still receives

the correct amount of light, consistent with the viewers field of view, even if they are

looking at something outside of the frame of the scene camera.

The process for this correction is as follows: The displacement from the fixation

is represented as Gx and Gy in a horizontal and vertical directions respectively. The

viewing angle of the scene camera is 60 degrees horizontally hence 60/2=30 degrees
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was the angle between the focal length of the scene camera represented as f and

horizontal displacement Gx from the gaze point. Similarly, for y-axis the viewing

angle of the scene camera was 46 degrees, hence, the angle between focal length and

vertical displacement Gy was 23 degrees.

Equations for horizontal and vertical displacement:

Gx = (W−X), W =
widthofthescenecameraimage

2
X = xcoordinateofGazepoint

(4.1)

Gy = (H−Y ), H =
Heightofthescenecameraimage

2
Y = ycoordinateofGazepoint

(4.2)

New Rotation Angles, R1 and R2

R1 = atand((Gx/W ) ∗ tan(30◦) (4.3)

R2 = atand((Gy/H) ∗ tand(23◦) (4.4)

New Rotation Matrices (Rx and Ry) for each camera

Rx =


1 0 0

cos(d)(R2) 0 sin(d)(R2)

0 sin(d)(R1) cos(d)(R1)

 (4.5)
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Ry =


cos(d)(R2) 0 sin(d)(R2)

0 1 0

− sin(d)(R2) 0 cos(d)(R2)

 (4.6)

R(i) = Rx ×Ry, i = numberofcameras (4.7)

The last step produces the correct rotation values(x,y,z) for each camera consistent

with how the camera is oriented. The overall result of this is that all scene camera

orientations are altered to reflect the direction an observer is looking, and the density

conforms to an estimate of sampling from an observer.

4.3.3 Images with Gaze Correction(eye movements)

The following figures provide a comparison between images of a model when vi-

sualized in a head-centric reference frame(Fig. 4.15a and Fig. 4.16a) with the images

in a gaze-centric reference frame(Fig. 4.15b and Fig. 4.16b). Although gaze is more

evenly distributed on the target areas in the head centric case, with the gaze cor-

rection, we can clearly see the fixations are confined more to areas of interest in the

scene. There is some similarity owing to center bias in gaze, and these results suggest

that even a head mounted camera, absent of eye tracking might provide a reasonable

proxy for point of gaze, provided a large enough sample size.
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Figure 4.10: Ray Tracing to locate triangles in a 3D mesh which are illuminated in

a spotlight model to visualize the gaze data. The degree of light received by each

triangle in the 3D model corresponds to the degree of visual sampling by an observer.
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Figure 4.11: Models with cameras replaced by spotlights for visualizing the gaze

points.
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Figure 4.12: Head-centric fixations visualized on the 3D model of a building

Figure 4.13: Another example of Head-centric fixations visualized on the 3D model

of a statue.
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Figure 4.14: The mapped gaze points in the scene camera image are fetched using

BeGaze analysis software [5]. Details of these gaze points are obtained by exporting

the Event Statistics file from the software.
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(a) The figure demonstrates a view when the model is visualized in a head-centric reference

frame. The gaze is evenly distributed on the observed statue and the surrounding areas.

(b) The figure demonstrates a view when the model is visualized in a gaze-centric reference

frame. With the gaze correction, the fixations seem to be confined more to the area of

interest which is the statue in this case.
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(a) The model of a building visualized in a head-centric reference frame with evenly dis-

tributed gaze.

(b) The model of a building visualized in a gaze-centric reference frame with the fixations

on the areas of interest, which is the entrance in this case.
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4.4 Conclusions

In this chapter we have presented details on how the methods that form the

contribution of this thesis have been implemented. We have discussed different options

for 3D reconstruction, and what methods and parameter choices ultimately proved

most successful. We have also presented a workflow that goes from raw gaze data

and scene camera imagery to rich 3D models with superimposed head-centric or eye-

centric gaze density maps. This provides a foundation for more targeted experimental

work or applications in the domain of studying real-world eye tracking.



Chapter 5

Data Visualization and

Quantitative Analysis

5.1 Motivation

Data Visualization can help to understand the significance of analyzed data, or

trends in data by presenting it in a visual context. This can play an important role in

transforming complex data into a form where it may more readily inform on decision

making, or drawing conclusions about behavioural trends.

Since much of the existing analysis of eye tracking data has happened in highly

controlled environments (e.g. in a research lab) with rigid experimental setups and

often having a seated viewer, methods are needed to address visualization and quan-

titative analysis of data in the form created by methods presented in the preceding

chapter.

There is a rich body of existing work targeting visualization, and quantitative

60
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analysis of gaze data when it is associated with a 2D representation such as an image,

video, poster or supermarket shelf. Rather than create arbitrary or ad hoc represen-

tations for data analysis, a natural way to proceed is to examine how the existing set

of prevailing methods can be transformed into a form that makes them amenable to

analysis in the context of 3D models.

There is merit in considering how constraints on the study of gaze behavior may be

further relaxed through technical developments to allow for observation and modeling

of behavior in natural settings. The contents of this chapter establish how traditional

methods for qualitative and quantitative analysis of gaze data can be transferred to

considering 3D models.

5.2 Visualization

Following any data collection from an eye tracker, the data is typically analyzed

using statistical methods and visualization techniques, which reveal characteristics of

gaze data such as fixations, saccades, fixation densities (heatmaps). The visualization

techniques can be categorized on the basis of the properties of gaze data and observer

characteristics. These techniques help in exploring and analyzing different aspects

of the recorded gaze data in a qualitative way. Blascheck et al. [72] discussed three

classes of visualization techniques: point-based, AOI-based, and techniques using

both. Statistical diagrams such as scatter plots, bar charts or line charts are commonly

used techniques to visualize base statistics of gaze data set. This may include the

degree of attention paid to a defined area of interest (AOI), or distributions of saccade

distances between successive fixations.



62 Chapter 5: Data Visualization and Quantitative Analysis

Atkins et al. [73] used line charts to present x- and y- coordinates of recorded

fixations. Bar charts were used by many authors to display a histogram of eye move-

ment metrics such as fixation duration or saccadic amplitude. Brasel et al. [74] used

a 3D bar chart to show the distribution of fixations in a TV viewing user experiment.

Berg et al. [75] used scatter plots to compare saccadic amplitude and velocity between

humans and macaques. Another type of statistical methods are box plots [76] and

star plots [77] to analyze and display the statistical distribution of the properties of

eye movements.

These all present useful characterizations of the base statistics or properties of eye

movements that are especially relevant in experimental psychology where establishing

significant differences across conditions or populations is the objective.

At a fundamental level, a powerful representation is the heatmap that represents

the likelihood that a particular location in the image is fixated upon, or analogous

to this, a representation of sampling density based on spatial smoothing of raw gaze

data.

2D visualizations can represent both spatial and temporal data in this form, re-

vealing focus of attention, and how it evolves over time. In the case of 3D data

representative of real environments, it is natural to also consider representing this

data in the form of sampling density or spatial heatmaps. However, in doing so there

are different choices that may be made in the specifics of how to represent the focus of

gaze in the form of a visualization. This includes both factors related to observations

on how humans allocate attention, but also properties of the visualizations themselves

(e.g. colormap properties).
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In what follows, we describe how traditional methods for 2D gaze visualization

may be used for 3D models, and also address factors related to both how data is

interpreted, and how it is visualized or presented.

5.2.1 Methods and Examples

The following discusses two distinct approaches to visualization of heatmaps cor-

responding to 3D gaze data, and their interpretation in reference to psychological and

biologically inspired factors in how to interpret the data. We also address the issue

of how to display gaze densities in a way that is most readily interpreted by a human

observer in paying careful consideration to characteristics of the colourmaps that are

used. This is a factor that is typically given little consideration, but is important to

qualitative impression produced by the models when interpreted by a human. It also

follows that considerations relating to colourmaps are also relevant to 2D heatmaps,

and are deserving of wider consideration by the research community.

Colourmaps and Perception

Many visualizations represent the density of gaze points or fixations as heatmaps.

In a simple representation, one might choose to represent a high density of fixations

using white, no fixations as black, and intermediate grades of gaze density as shades of

gray. However, it is also common to use combinations of colors, which may vary from

cold to hot, or follow the spectrum of visible light. One consideration that is not given

a great deal of attention, is the relationship between how these colors are perceived,

and the numerical measure of density. For example, the perceptual distance between
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colours does not necessarily match the quantitative distance in density. This is a

problem that has been recognized and addressed through carefully chosen colormaps

[78]. However, despite the fact that more contrast may be readily observable from

colour, it is not common practice to make sure that perceptual distances between

colours adhere to quantitative differences in density. For this reason, 2-dimensional

heatmaps would benefit from exercising more care in colourmaps chosen. Colourmaps

in the context of our 3D models provide a useful way of characterizing the distribution

of attention over models, and represent focal points in a scene. The visualizations

presented in this thesis were based on free exploration of a few environments by a

single observer. Note that the intent is not to understand behaviour, or conduct

a behavioural study, but rather to provide a minimal set of data for demonstrative

purposes of the methods presented in the thesis.

Figure 5.1: Left: The texture map from the original model representing fixations.

Right: Perceptually uniform color map with the assigned colors to the fixation density

depicting the distribution of attention.

In what follows, we present visualizations of gaze density (or attentional density)
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Figure 5.2a: Rainbow color map R1 applied as a texture to the 3D model

represented by coloured heatmaps that adhere to the direct mapping between per-

ceptual and quantitative differences we have prescribed. These are based on Kovesi’s

colourmaps, which have a uniform perceptual contrast over their entire range [78].

This includes a function that offers different types of colormaps such as linear maps,

diverging maps, cyclic maps, rainbow maps(Fig. 5.2a, Fig. 5.2b and Fig. 5.2c) and

insoluminant maps. We use rainbow maps and apply these as a density derived tex-

ture as shown in Fig. 5.1 to the 3D models. Two different types of visualization are

proposed, and the details and motivation for these visualizations are described in

what follows.
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Figure 5.2b: Rainbow color map R2

Acuity Based Heatmaps

The essential elements for Acuity Based Heatmaps have been described in Chapter

4. These are derived from either a face-centric or gaze-centric spotlight directed

through a mask(Fig. 5.3a and Fig. 5.3b) that varies in opacity so that the amount of

light shone on the model corresponds to the density of gaze points. The PLY (Polygon

file format) [79] format is used for storing graphical objects such as in the form of a

polygonal mesh. The gaze density may be retained in the form of a texture, or values

transferred directly to vertices themselves (a process known as baking). Gaze density

is then visualized by assigning colours to the triangular mesh that represents fixation

density according to the associated colourmap.
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Figure 5.2c: Rainbow color map R3

Frame of Reference

Eye-head coordination is involved while locating gaze at the visual target. As

mentioned, it is possible to correct for direction of gaze, or to consider sampling in

head-centric coordinates. Although the intent at the onset of this work was to consider

only gaze directed sampling, the head-centric densities are also quite interesting, and

provide a useful reference for comparison. Eye and head movements usually take place

in the same direction [80] but sometimes during visual search tasks such as reading

the eyes might move in opposite direction of the head. There is also a known tendency

to fixate in the centre of an image, or the visual field [81] which yields some similarity

between the head-centric and gaze centric densities. This is another example of an

observation that would not be possible to make in the context of traditional methods

in eye tracking research.
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(a) The textured 3D model viewed in a 3D modelling software. [6]

(b) Gaze-centric spotlight directed on the statue through a mask such that the the amount

of light shone corresponds to the density of gaze points.
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Surface Based Heatmaps

A alternative interpretation of the gaze data arises if one considers results that

observe that visual attention seems to spread over the surface of objects. Given such

an observation, it is natural to consider an alternative representation in which very

small fixation targets(see Fig. 5.4) are first identified on the surface of objects, and

then allowed to propagate or diffuse over the surface of the object. This can be

done either by using surface based smoothing methods on the model itself, or in the

case of complex geometry, but applying a small blur to a texture map that captures

the loci of fixations. Given that local regions of the model are proximal on a gaze

density texture map, blurring also has the effect of propagating gaze density over

the surface, albeit in an approximate by much quicker fashion. Bojko [82] describes

various types of attentional maps such as fixation count or fixation duration attention

maps depending on the input data.

To represent visual attention for a 3D model we create surface-based attentional

maps [83] as shown in Fig. 5.5. A surface-based attentional map may be thought

of as a representation of where attention is directed, while strongly factoring in an

assumption that attention propagates over 3D surfaces. This provides an example

of one alternative representation that is distinct from an acuity based density that

can be used to examine behaviour in a qualitative manner through visualization.

This also demonstrates the significant benefit that the combination of a 3D model

of the environment, and associated gaze data yields. There are few limits on the

type of visualization that can be generated if a particular visualization is desired in

considering a specific hypothesis.
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5.3 Quantitative Analysis and Metrics

To ascertain maximum value from the methods presented in Chapter 4, it is sen-

sible to also consider methods to quantify the relatedness of gaze patterns elicited by

different observers, or ensembles of observers with different objectives, or for compari-

son with models that aim to predict gaze patterns for 3D models. Like the qualitative

measures, there is also a rich set of prior work that addresses comparison of density

maps, or positions of fixation points based on a 2D topographical representation. In

what follows, we consider two specific measures, KL divergence and ROC Analysis,

that are of particular importance to comparing densities or gaze points.

5.3.1 KL-Divergence

Various dissimilarity/similarity measures are important to solve many pattern

recognition problems. These measures allow for comparison of two probability den-

sity functions. One metric is KL-divergence, also known as relative entropy [84].

KL-divergence is an asymmetric measure unlike most statistical measures of disper-

sion. Nevertheless, KL-divergence is a natural metric for comparison of normalized

distributions. This metric involves information-gain [85], and captures KL-divergence

between the predicted attention distribution, and a ground-truth distribution (or any

other alternative attention distribution). To adapt this to 3D models, assessment is

done on a per-triangle basis rather than a per-pixel basis, with all other elements

remaining the same. A KL-divergence of 0 means that the two probability distri-

butions being measured show similar behavior while a KL-divergence of 1 denotes

very different behavior between the two distributions where the expected distribution
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approaches 0. For the probability distributions P and Q, KL-divergence from Q to P

is given by the expectated value of the logarithmic difference between P and Q, where

the expectation is considered using probabilities from P. In this particular case, each

of P and Q is a set of relative density values distributed across 2 mesh models with

identical geometry that has a sum total of 1 across all triangles. This is effectively

translating the base density into one where each triangle’s value carries it’s likelihood

of being fixated by an observer. The equation for this measurement is as follows:

KL(Q‖P ) =
∑
i

Q(i) log
Q(i)

P (i)
(5.1)

In this case, Q and P refer to 2 densities, and i references each triangle in the two

identical mesh models.

For the purpose of providing an example of applying this metric, we compare the

original 3D model with gaze densities to the magnitude of model curvature where the

curvatures were determined by different algorithms (colored according to gradient

magnitudes in 3-space in figures). As mentioned earlier KL-divergence compares two

probability distributions hence we considered our original model and the colorized

model as the ground-truth distribution(P) and the predicted distribution(Q) respec-

tively. For one such case, the KL-divergence from Q to P comes out to be 0.0051,

which shows a surprising degree of agreement between local curvature and gazed at

locations. This is perhaps not especially surprising in this case, owing to the fact that

the statue is one of the few non-flat surfaces in the scene, and most fixations reside

in this area.
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5.3.2 ROC Analysis

Receiver Operating Characteristic (ROC) curves are a classic tool in signal de-

tection theory [86]. The underlying premise of signal detection theory is that many

detectors can have their level of sensitivity adjusted. This might imply that a weaker

signal is able to be detected if a detector has its threshold adjusted downward. How-

ever, the greater the sensitivity, the greater the possibility that a detector will elicit

a false detection (i.e. where no actual signal is present).

In the context of 2D ROC analysis in examining gaze, the pixel location of eye

movements are examples where a detector should elicit a positive signal, while those

without gaze points should elicit no signal. This formalism allows for a representation

that is predictive of where eye movements may reside to be tested across the entire

range of sensitivity. The extremes in this case are that the detector determines

that every pixel is a fixated location, or that no pixel is a fixated location. For a

continuous probability density over the image, intermediate thresholds may be chosen

and treated as the detector. That is, for a given threshold, the continuous density

map becomes binary, and it is possible to measure specifically which true signals

(gazed at pixels) have a corresponding positive in the binary map. Choosing a large

number of thresholds between the two extremes described yields an entire curve, and

often the area under the curve is used as a summative measure of performance. The

axes of this curve correspond to true positives (hits), and false positives (false alarms)

respectively.

In considering how this representation might be adapted such that it is applicable

to gazed at locations on 3D models, one can instead frame the problem with respect to
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the mesh geometry rather than pixels. That is, a ground truth map can be generated

by producing a small number of “on” triangles that correspond to the foveal region,

or centre of gaze, and superimposed on the model. Given a continuous density map

normalized to have the properties of a probability density function, one can select

an arbitrary number of thresholds between the minimum and maximum values to

produce an ROC curve for the 3D mesh model. Such a density map might be derived

in a variety of ways. For example, a density might be derived from a number of

observers, and ROC analysis used in a leave-one-out fashion to examine how well the

ensemble of observers predicts each individuals viewing patterns. This may identify

observers that display atypical behaviour, or reveal multiple strategies of viewing. One

might also consider a density, and fixations from 2 different populations, and use ROC

analysis to examine similarities or differences; this same type of analysis might also

be performed for a single, or multiple groups across conditions (e.g. task directives).

Finally, there is the opportunity to derive models that consider 3D geometry that form

predictive computational models of gaze patterns. Given fixations from an observer,

or several observers, the predicted density derived from the 3D model can also be

tested. This gives a wide array of methods that allow for mobile data capture, and

3D models to be used in ways that enable new understanding in real-world scenarios.

In the section that follows, we choose one relatively simple measurement in local

surface curvature to demonstrate how a density might be generated that can be

tested against fixated locations.
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5.3.3 Examining Curvature

A 3D mesh is typically composed of vertices and faces of the triangles that form the

geometry of the mesh. When a mesh is represented by many relatively small triangles,

lighting models will produce a realistic representation of how the model is illuminated.

For more coarse grained models, some degree of interpolation is necessary. Classic

methods in graphics use lighting models that rely heavily on surface normals and

smooth shading (Gouraud shading) can yield a good representation of a diffusely lit

model [87] by storing a normal for each vertex of the mesh. The vertex itself does not

have a normal, but rather the normal is an average of the normal of faces that include

a given vertex. For smoother lighting, and especially specular lighting, interpolation

of lighting across triangles is insufficient, and normals are also interpolated across

triangles in determining how they are lit. While normals are orthogonal to a vector

tangent to the face, normal interpolation is most important for parts of a model that

vary substantially in direction. One can characterize this variation, and this is often

framed in terms of local curvature on the surface of the model. Given that real scenes

contain many flat areas (floors, walls), for demonstrative purposes, we aim to examine

how measures of local curvature might be used in the context of the proposed metrics

in their ability to predict points of gaze.

To achieve this, we generate representations of local curvature according to a

variety of methods, and present this as colored models. In this case, the red, green and

blue channels respectively represent the magnitude of curvature along the principal

coordinate directions.

Robust Implicit Moving Least Squares(see Fig. 5.7): This method is based on a
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robust objective function RIMLS (Robust Implicit Moving least squares [88], which

preserves sharp features of the mesh by applying local kernel regression. Implicit

Moving least squares(IMLS) based methods reconstruct only smooth surfaces. This

family of methods combines with robust local kernel regression to give a robust IMLS

estimate i.e. RIMLS for representing underlying surfaces. This approach is robust in

the presence of noise, sparse sampling and outliers, and also improves sharp features

and fine details irrespective of frequency.

Algebraic Point Set Surfaces(see Fig. 5.8): A second method for estimating lo-

cal curvature is called Algebraic Point Set Surfaces (APSS) [89], which focuses on

the local fit of algebraic spheres to the geometric data. Initially, Point Set Surfaces

(PSS) were used that applied planar fits to point sets, but these methods were later

replaced by the spherical fits. The sphere fitting MLS methods were considered to be

better than planar MLS in terms of robustness while also providing a better approx-

imation for mean curvature estimation. However, geometric sphere fits have several

disadvantages related to the size of the center-radius representations considered while

also requiring solution to a non-linear problem. A better alternative to this approach

was to replace the geometric distance by an algebraic distance [90], which presents

higher-quality results, especially for complex models.

Both APSS and RIMLS functions used to generate colored representations of

curvature include the possibility of estimating other measures of curvature including

Gaussian and principal curvatures (K1 and K2 [91]) besides mean curvature.

Curvature in Principal Directions: Several algorithms such as the Taubin approxi-

mation(Fig. 5.9), Principal Component Analysis(Fig. 5.10), Normal Cycles(Fig. 5.11)
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and Pseudoinverse Quadratic Fitting(Fig. 5.12) can be applied to compute principal

directions of curvature locally within a 3D model. Mean and Gaussian curvature

are approximated based on Eulers formula, the maximum rate of surface bending

and the maximum tangential direction of bending is determined by the two principal

curvatures. These two principal curvatures or vectors are known as k1 and k2 which

correspond to local shape of any point on a surface. The maximum bending rate of

the surface and the tangent direction in which the bending occurs is described by k1

while k2 describes the rate of minimum bending of the surface along the tangent di-

rection of minimum bending. Principal curvature is used as a precursor for computing

Mean and Gaussian curvature over grouped point sets.

For mean curvature the focus is on local variation of the surface, and this metric

allows for divergence of normals over the embedded surface. It is equal to the average

of two principal curvatures of a surface where k1 and k2 are the maximal and minimal

curvature respectively and their directions are orthogonal: (H = (k1 + k2)/2) [92].

In the case of Gaussian curvature (also known as total curvature), one is interested

in the product of the two principal curvatures H = k1∗k2 at a given point of a surface.

5.4 Conclusions

In this section we have presented a variety of techniques for qualitative and quanti-

tative analysis of gaze data. This includes methods for transferring common analytical

techniques that are used for gaze analysis on a flat display to allow applicability to

a 3D model. We also highlight some important perceptual considerations in repre-

senting gaze density, and provide a few natural examples of visualizations, and other
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examples that present the unique opportunities for visualization that the methods

presented in the thesis allow. We also provide examples of observations that may be

made from data visualization that could not be made based on existing methods in

eye tracking research.
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Figure 5.4: The rendered image of a model representing small fixation targets on the

surface of the statue.
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Figure 5.5: Surface-based attentional map with diffused fixations over the surface of

the statue.
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Figure 5.6: ROC curve for a predicted density map generated from a local surface

curvature tested against fixations from an observer.
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Figure 5.7: 3D representation of RIMLS curvature filter

Figure 5.8: 3D representation of APSS curvature filter
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Figure 5.9: Principal directions of curvature computed with Taubin approximation

Figure 5.10: Principal directions of curvature computed with Principal Component

Analysis
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Figure 5.11: Principal directions of curvature computed with Normal Cycles method

Figure 5.12: Principal directions of curvature computed with Pseudoinverse Quadric

Fitting



Chapter 6

Conclusions and Future Work

In this thesis, we have considered how algorithms in computer vision, and recent

advances in gaze tracking technology can be leveraged to allow for eye tracking in a

relatively unconstrained manner. To date, the vast majority of eye tracking studies

have been conducted in a lab environment, or within a highly constrained setting in

the real world. The methods in this thesis sought to provide a complete end-to-end

solution that allows for collection, and representation of gaze data in the real-world,

and without traditional constraints.

To this end, we have performed a wide variety of experimentation using different

methods in 3D reconstruction to determine how to best produce high quality 3D

models for analysis. This is a critical consideration, since if any data collected is

to reside in a 3-dimensional environment that may be unknown, one also requires a

representation of this environment to relate any gaze data to. We have shown that it

is possible to use existing sensors on modern eye tracking glasses, or in combination

with SLR images to produce high-fidelity 3D models of environments.

84
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We also consider the problem of how human gaze translates into a 3D represen-

tation. This involves two principal methods wherein either the acuity with which an

environment is sampled is measured and recorded, or alternatively a surface-centric

representation where the focal point of gaze is assumed to spread over the surface of

a model. This has been achieved using a pipeline that leverages efficiencies of modern

rendering hardware, and simulating sampling according to acuity by casting rays in

the direction of the point of gaze. A masked spotlight model was used for this pur-

pose, which allows the efficiency of programmable shaders to be exercised. This is a

critical consideration since every point of gaze creates a light, and this imposes a high

computational burden. For the surface based approach, we also demonstrate an ap-

proximate way of determining spread over surface in directly filtering more localized

gaze maps represented as a texture.

Given that there are few examples of prior work that considers unconstrained gaze

tracking in 3D, it is unclear how the data that is arrived at can be used, either for qual-

itative and quantitative analysis. Based on this motivation, we demonstrate how each

of the most common strategies that apply to 2D eye tracking data may be transferred

to three dimensions, and also discuss the implications of moving from pixel-centric

to triangle-centric representations. This is accompanied by different strategies for

visualizing the data, including both head-centric and gaze-centric renderings. One

interesting observation made, is that head-centric renderings might provide a rea-

sonable proxy to gaze-centric renderings when expensive proprietary lightweight eye

trackers are unavailable. We also show how a modeling approach, based on local cur-

vature might be applied to predicting gazed at points, and relate this to two metrics
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that allow for comparison of two densities, or a density and binary fixation points

respectively on 3D models.

As a whole, this work presents the first complete successful set of methodology

for the capture of base data and models necessary for representing eye movement

behaviour in real-world settings, while also illustrating how quantitative and quali-

tative analysis may be conducted on this data. This presents a solid foundation for

future research across a variety of scientific disciplines, and suitable for numerous

applications. This presents one of the most natural future prospects for the current

work: quantifying and characterizing human gaze behavior in discipline, or scenario

specific experimentation to learn new things about how humans behave.

The last decade has also seen a plethora of work on modeling gaze behaviour for

still images, and predictive models of how humans view images on a screen. This

however is a far cry from how humans behave in the real world. The work presented

in this thesis sets the stage for development of models that appeal to both appearance,

and geometry as represented by rich 3D models. In this regard, this work also estab-

lishes a window into a new paradigm of modeling human behaviour that may be more

reflective of real behaviour, and more useful for this reason. As these methods are

more broadly adopted by the community, and as extensive data sets are collected, this

will present many new opportunities for those interested in computational modeling

of gaze behaviour.
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