HEAD-MOUNTED EYE-TRACKING TECHNOLOGY
AND AUGMENTED REALITY: MULTI-MODAL
ANALYTIC SYSTEMS AND APPLICATIONS

A thesissubmitted by
Qianwen Wan
in partial fulfilment of the requirements for the degree of
Doctor of Philosophy
in
Electrical Engineering
Tufts University

Date
May 2019

© 2019, Qianwen WanAll rights reserved

Adviser:

Prof. Karen Panetta



To my father, mother, and fiancé



ACKNOWLEDGEMENT

| would like to thank my adviser, Dr. Karen Panetta, for all ofureronditionallove
and care throughout my entire graduate career at Tufts University codinuous
guidance encouragemerndtrust hadelped me achieve so much that | could never ever
imagined. She has been showing me how to become a confident woman, a kind person, an
extraordinary researcher, as well as a thoughtful daughter, mom and kéfsix years |
spentwith her will be treasured up my heartas | move forward in future life endeavors.

| would like to thank Dr. Sos Agaian for his great research ideasadwicke. | am
grateful for his continuous sharing thousands fabulous ideas on innovative technologies
and making the time todirect meon formulating problems, drafting journal papers,
presenting conferenaaticles applyingfor grantsandfiling patents| would like to thank
Prof. Ronald Lassesincerelyfor hisvaluable comments and suggestiondothmy MS
and PhDdissertation | would like thank Prof.Holly Taylor for providing me the
extraordinary collaborative opportunitiesand accepting to be my PhDissertation
committee member.

| would like to thank my parents Qinzhong Wan and Jijiao Huang, for their support and
being my motivation to complete my PhD progranwduld like tothank myfiancé
Hongchao Wandopr sharing loving, giving and evidencinmy growth.

Lastly, I would especially thank the real contributors of the wdkleksandra
Kaszowska Arash SamaniSrijith Rajeev, Shishir Paramathma Rao, Shreyas Kamath,
Rahul Rajendranandatle mber s of Dr . Panet Thsthesiswdrk si on

would not have been possible without their support.

8



ABSTRACT

T o d a yt@anemouasecognitionsystemare challenged by the many facts of the multi
modal nature of the data. They can involve images, video streams, audio and a variety of
sensor devicefcluding thermal, 3d imaging as well as elyackers, and virtuahnd
augmented reality devicefRecognition systems are predominantly known for their
significant contributions to advaasecurity and biomedical applicatigrisowever many
research fieldstill tend to use humans to annotate, evaluate and analyze massive datasets.
In this thesis, the research focuses on leveragimage characteristics baséeature
extractionalgorithms, statistical and machine learning classification metiodduman
visual system inspired methods to achiek@bust and efficient recognitiorand
classificationsystemsacross different modalitiesThis includeshuman visual system
inspired image enhancement andnidésing processingpr data capturedinder varying
illumination conditions andusing diverse sensing devices. While adapting the
advancemenstof currentstateof-the-artdeeplearning technologies, the knowledge gained
from single image physical characteristics and classificatiethodologiesire applied for
devebpingautomated solutions for massiggetracking data analysis, which eliminates
the need for cogtrohibitive and timeconsuming manual annotation in cognitive research.
Accordingly, image quality measurement, enhancement, colorization and segmentation
algorithms are presented as contributions to refine the applicabilithe proposed
automated solutions. To further aid in effectively analyzing rmttdal data and promipt
providing feedback for human behavior research exploring complex cognitivespes;
novel software solutions witetandalone graphic user interfaces are proposed utilizing

transferlearning object classification, voice activity detection, speech prosody analysis,



natural language processing, and msiteam data fusion. The pregeal engineering
solutions have been successfullyagigd by cognitive psychologists and shown its
exceptional performance in analyzing rkBd mobile eyetracking case studies.
Experimental results illustrate the gawcteanging potential of the proposegstems for
increasing usefulness and ecological validity of using-teeking technology in
conducting human behavior research and validating hypothesis. Meanwhile, the applied
autonomous systems are successfully deployed on mobile andnoeated augmead

reality platforms for applications such as visimased indoor navigation, interior
decoration, tourism, entertainment, facial emotion analysis, aerial border surveillance for

search and rescue missions, universal accessibility, clinical and megipattsu
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HEAD-MOUNTED EYE-TRACKING TECHNOLOGY
AND AUGMENTED REALITY: MULTI -MODAL
ANALYTIC SYSTEMS AND APPLICATIONS



CHAPTER 1. INTRODUCTION

1.1 Overview

The basis of image processing atettures and autonomous computer vision systems
is studied to investigatthe fundamental characteristi of a natural image and to train
machinesto selectunique featureshiit best emulateaumanvision. This thesis aims to
utilize the gained knowledge image signal processing and machine learning algorithms
to develop the most effective automated engineering solutidmsh can reducextensive
human labor for data analysis and further aid in accelerating conducting human behavior
researchThis includesimpactingreatlife applications such as facial recognitidyman
activity monitoring usingeye tracking and augmented reality technology.

Motivated by the profound implications of autonomous facial recognition algorithms in
the fields of homeland sedty, human trafficking, law enforcement, biometric
identification, and multimediahis thesis starts with presenting novel autonomous facial
recognition systems by analyzing and extracting unique features that exist in face images
cross modalities thare captured by different devices under varying conditions. Human
visual system (HVS) based image thresholding algorithm, parameterized logarithmic
image processing (PLIP) model, and region weighted model based on different facial
components contributionsare proposed and wedtudied for visibleto-visible facial
recognition systems. Local binary pattern feature descriptors and classic statistic similarity
calculations are coupled to achieve {owst, efficient and robust recognition systems in
facial forensic, identifying missing children related human tracking topics, matching
celebrities for social media entertainment, and findimgsingpets applications. These

works focused odevelopingaccurate visible facial recognition systems inputting frontal,



normalized size, wellluminated face imagewith aging variations as well as ntwuman
faces. While realizing the captured facial images are not always urifommnated, a
human visual system based logarithmical image visualization technique is gdpos
extract discriminative features in face images that are captured unddightng
scenarios.

Heterogeneous face recognition (HFR) systemesnow gaining growing attentions

from both research and industry community, because: 1) diverse imagisgy ssamne

widely used in practical applications, such as near infrared and thermal face image; 2) often

times, only one modality of face images can be obtained as probe images, such as face

sketches of a criminal are considered as the only evidence imfase&ment applications;
3) it has been shown that the combination of rmattidal information provided by different
imaging sensor can significantly improve facial recognition rate, such as 2D + 3D facial
recognition. The advances in image collection aitttspread reliance on different sensors
i's the root of HFRO6s growing i mportance
presents a set of heterogonous facial recognition systems, including -tosible
computerized sketch facial recognition systensibleto-thermal facial recognition
system utilizing anisotropic gradient image descriptor, -mdeaired (NIR) facial
recognition using directional visibility filtering. Besides researching on effectively
extraction different image feature descriptorgchine learning classification algorithms,
such as support vector machine (SVM) are applied to improve time efficiency and
recognition accuracy.

We discoveredhat theravere limitedpublicly available face datasets to obtain training

examples for dataungry machine learning algorithms. Meanwhile, the development of

W i



face recognition systems relies greatly on seelilt databases fobenchmarking,
evaluation and validation purpas@ his thesis demonstrates the motivation and introduces
the content of th@ufts Face Database, the most comprehensive-moltial face dataset
that contains photograph images, thermal images, near infrared images, a recorded video,
a computerized facial sketcind 3D images of 113 volunteers

Armed with a comprehensive facialtdset, the exploration of fusing, aligning and
analyzing multistreams data is accelerated. This can be widely applied in conducting
human behavior research using signals that are capturearioyssensors, such as eye
trackersandaudio recorders.

Recem headmounted eye tracking technology has shown its advances in studying eye

movementkl], humands f d&, visual pefcepton, arel magnitivenprocesses

[Blby al l owing r esear chemsvementimageptbughrnear par t i «

infrared cameras, fieldf-vision using front facing camera, and speech by audio recorder,
all while participants are moving freely. Cognitive researchers demonstrate that usage of
lightweight headmounted eye tracking technology give them a ueigvay to monitor
Awheredo and Awhato humans are |l ooking at
they arc interacting with the rewalorld, communicating with other people, manipulating
common objects, and completing specific daily tasks. Hencerising technology has

been utilized extensively in conducting human behavior res¢df,cmultimedia learning

[4], reading strateg)[5], early children development and educati¢], consumer
marketing[7], navigation learning ability8], human machine interactid®], problem
solving[10], clinical [11] and medical applicatior{d42]. However, analyzing and making

informed inferences from the collected lasgmale multimodal datasets remains a

a



challenge. For instance, researchers usually go through the entire eye tracking video,
manuallytag the areaf-interests in each frame to infer what their participants are looking

at. Often times, researchers would transcribe speech by hand, and search for keywords in
the resulting transcript. Those methods are prone to human error, time consamiing,
costprohibitive, especially when working with larger datasets.

When cognitive psychology collaborators seekdoltaboration our built mindset for
developing automated engineering solutions is ready. This thesis presents all the developed
engineemg solutions towards solving rel#fe obstaclsin largescale heasnounted eye
tracking data analysis. Human visual system inspired image quality measurements were
inspected to redeamassive eye tracking recording frames and unbeneficial frames based
onthe quality of the tde-classifedimage frames. A mulievel fixatiornroriented object
segmentation method was described to support efficient cognitive research data analysis
by segmenting adjacent objects within a scene frame. Other image enhancethedsm
such as single image sugesolution transform and dedgarning based image semantic
segmentation, were proposed as important steps for facilitating analyzing massive head
mounted eye tracking datdhis thesis presents three main automated aisalgnd
visualization system architectgrel) a fully automated solution for eyeacking data
analysis is presented, which eliminates the need for manual annotation. The proposed
software architecture, GoC (gaze to object), processes theogadaid vdeo from
commercially available wearable eye trackers, recognizes and classifies the specific object
a user is focusing on and calculates the gaze duration time. GoC utilizes an image cross
correlation method to locate the gaze indicator and an imagestynineasurement to

support faster processing.&)noveleye trackingdata visual analytics system, 1SeeColor,



is proposed. ISeeColor first allows for automatic recognition of independent objects within
field-of-vision (FoV) using deefearning based seantic segmentation. Then, ISeeColor
recolors fixated objects irareaof-interests (objectof-interests) by integrating gaze
fixation information. Effectively, ISeeColor allows researchers to automatically infer what
objects users view and for how long igndmic contexts. 3A comprehensive head
mounted eydracking and concurrent think aloud data analytic technique is presented,
which fully automates multimodal DOI annotation, fusion and alignment. The proposed
system architecture consists of: fixated obp-interests recognition and classification
using transfetearning; voice activity detection, speech prosody analysis and sfmeech
text; and multimodal datef-interests fusion, alignment and visualization. Accompanying
graphic user interfaces for dysis and visualization are highly customizable and ready
to-use for researchers from various disciplines.

Augmented Reality (AR) technology aims to bring the virtual digital components into
human perception of the real world through display modules amder@apture devices
[13]. Since virtual elements and real world scenes harmoniously exist together, the virtual
information can be displayed and used to provide assistameaHife applicationg14],
such as health care, manufacturing, navigation, education and learning, gaming, sports,
entertainment, usability resear , and consumer electroni¢$5-17]. With the fast
development of software solutions, arrival of a great diversity of hardware sensors has
brought augmentertality into a relatively mature levgl8]. Other than smart phones and
seethrough devices, this thesigegratesye tracking technology i augmented reality
platforms for a truly immersive system. Considering eye gaze as a bridge between human,

machine, and the real world, people will be able to interact with theverdd in a more
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Figurel-1 Overview of the dissertation contributions: Blue blocks: Topics related t
dissertation; Orange blocks: proposed automated engineer solutions; Green
proposed and applied image processing algorithms, compsien vechnologies an
other digital signal processing methods; Gray blocks: fields of applications
immersive manneusing their eye gaze instead of head movement, which is the current
directional input for AR headsets. This thesis explored applicatichgde an augmented
reality based visiofid indoor navigation system in GPS denied environment, augmented

reality interior decoration style colorization system and augmented reality systems for

tourism and entertainment.



1.2 Dissertation Organization
The overview of this dissertation is shown kigure 1-1. This dissertation consists of

four parts, as listed in Figure 2.

Part 1: Facial Recognition SystemsHeterogeneous Data AcquisitionFeature based Machine Learningand Reatlife Applications

CHAPTER2 FACE IMAGE FEATURE DESCRIPTORS

CHAPTER3 HETEROGENEOUS FACE DATA ACQUISITIONA REVIEW AND A MULTI-MODALITY DATABASE

CHAPTER4 AUTONOMOUS FACIAL RECOGNIITON SYSTEMSVISIBLE, COMPUTERIZEBDSKETCH, THERMAL, NIR, HETEROGENEOUS AND EMOTION RECOGNIT|ON

PART 2: Head-Mounted Eye-Tracking Technology: Review;, Analytic Systems and Visualization

CHAPTER5 HEAD-MOUNTED EYE TRACKING LITERATURE REVIEW

CHAPTER6 HEAD-MOUNTED EYE TRACKING GAZETO-OBJECT CALSSFICATION

CHAPTER7 MULTIMODAL HEAD -MOUNTED EYE TRACKING DATA-OFINTEREST. ANNOTATION, FUSION AND ALIGNMENT

CHAPTERS8 ISEECOLORHEAD-MOUNTED EYE TRACKING DATA VISUAL ANALYTICS TECHNIQUEBASED ON GAZE DENSITY

CHAPTER9 IMAGE ANALYTICS AND APPLICATIONS FOR HEADMOUNTED EYE TRACKING

PART 3: Extended Applications Head-mounted Eye tracking and Augmented Reality Systems

CHAPTER10AERIAL BORDER SURVEILLANCE FOR SEARCH AND RESCUE MISSIONS USING EYE TRACKING TECHNIQUES

CHAPTER11AUGMENTED REALITY COLORIZATION: ARFURNITURE AND ARNATURE

CHAPTER12AUGMENTED REALITY BASED VISION-AID INDOOR NAVIGATION SYSTEM

PART 4: Conclusion and Future Works

Figure1-2 The orgaieation of this dissertation

Part 1, comprisedof Chapters 22 and e n Eacidl IRecdgnitién Systems:
Heterogeneous Data Acquisition, Feature based Machine Learning, andifeReal
Application® reviewsface image feature descriptors, heterogeneows dataset, and
different autonomous face recognition systems. Part 2, comprised of Ch&ptand
ent i t | eMbuntédHEyelhcking Technology: Review, Analytic Systems, and
Vi sual i zat i o-mountedreye tracking siteratuee aediew, headurted eye
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tracking data fusion, analysis and visualization software architecture, and image analytics
methods and applications for hemunted eye tracking technology. Part 3, comprised of
Chapter 161 2 and enti tl ed 0 ExmeumtddeEyetrabkmg dndc at i o |
Augment ed Real i trgalwsndsppleateeintegnategyelyecracking and
augmented reality in fields such as aerial boarder search and rescue, entertainment,
shopping and navigation. Part 4 draws conclusions based on alladithevhich has been

presented this dissertation and discuss the futsearch directionsorks.

1.3 Dissertation Contributions
The contributions of this dissertation, listed according to the publication list, are as
follows:
Human visual system baseatfal recognition for autonomous systems and applications
1 A reaktime facial recognition system utilizing our human visual system
algorithms coupled with classical Logical Binary Pattern (LBP) feature descriptors
i The contributions of this work include inttucing region weighted models
for facial components. We investigate two models, Hybrid region weighted model
and HybridHolistic region weighted model, and compare and contrast the
performance on public databases of faces.
1  Automatically matching compositgketches to facial photographs.
1 Finding missing children or victims of human trafficking.
1 Investigating the limitations of the system by applying the algorithms for
other norhuman facial features, namely matching animals.

Autonomous Facial Recognitiongsd on the Human Visual System



1 This paper presents a rdahe facial recognition system utilizing our
human visual system algorithms coupled with logarithm Logical Binary Pattern
feature descriptors and our region weighted model.

1 An automatic system to Meh celebrities--- What Celebrity do you most closely
resemble?
A Facial Recognition System for Matching Computerized Composite Sketches to Facial
Photos Using Human Visual System Algorithms

1 A database containing people of interest with correspondingnsga
images and their computerized sketches that will be available for future researchers;

1 An automatic computerized sketch to facial photo recognition system
utilizing human visual system algorithms;

1 This work will also compare the accuracy between Mmatr forensic
photos and matching the composite sketches.

A Video Forensic Technique for Detecting Frame Integrity Using Human Visual
Systeminspired measure
1 An automatic jumgcut detection system to evaluate video altering and
tampering using a novel, Wacost and accurate video forensic technique using
Human Visual System inspired measure, which can detect alterations that the
human eye may not be able to perceive.
Autonomous facial recognition system inspired by human visual system based

logarithmical mage visualization technique

10



9 Utilizes the logarithmical image visualization technique coupled with the
local binary pattern to perform discriminative feature extraction for facial
recognition system.

Face description using anisotropic gradient: thermahiatl to visible face recognition

1 A novel Anisotropic Gradient Facial Recognition (AGFR) system that is
capable of autonomous thermal infrared to visible face recognition is proposed.

1 A framework for thermal/fusethermatvisible to visible face recognan
system.

1 A novel humarvisualsystem inspired thermaisible image fusion
technique.

Fixation oriented object segmentation using mobile eye tracker

1 This paper presents a mdiivel fixationoriented object segmentation
method (MFoOS) to solve the chealiges in segmenting the scene objects in video
data collected by the eye tracker in order to support cognition research data
analysis.

Automatic FrameCut Detection for SelDiagnostics of Video Surveillance Systems

1 An automatic method that can examineeadecordings and detect frame
cuts without any human intervention.

Aerial Border Surveillance for Search and Rescue Missions Using Eye Tracking
Techniques
1 A gaze based aerial boarder surveillance object classification and

recognition framework.

11



1 Reattime object detection and identification system in +smanned
regions;

1 Investigating the scapath (fixation and noiscanned) provided by mobile
eye tracker can help improve training professional search and rescue organizations
or even artificial intelligenceobots for searching and rescuing missions.

A comprehensive database for benchmarking imaging systems

1 Detailed description of the content and acquisition procedure for images in
the Tuts Face Database;

1 The Tufts Face Database is publicly available to researchers worldwide,
which will allow assessment and creation of more robust, consistent, and adaptable
recognition algorithms;

1 A comprehensive, upp-date review on face recognitiogistems and face
datasets.

Software Architecture for Automating Cognitive Science -EEyacking Data Analysis
and Object Annotation

1 A solution using image analytic techniques is described to facilitate the
wearable eydracking data analysis and gazed objedt assi ycati on. T
software architecture (gateo bj e ct classiycation (GoC)
region of interest(ROIl)participants are attending to in gaazlaid videos, classify
the speciyc object within telgazed@tion and
based on frame counts.

T Auserf ri endly GoC prototype is designe

annotation (labeling) of object categories within gazerlaid videos relevant to

12
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the research question under investigation. It is one ghtst versatile approaches

to analyze mobile eygacking data with the advantages of being position invariant,
task driven, illumination and noise tolerant (such as motion blur), and able to
operate with all commercially available mobile dy@cking equbment.

T GoCébs wutility in analyzing a case st
tracking data is presented. During the study, participants had to conceptualize and
present a solution path for a design problem. The detailed case study description is
discused in Section II11l. GoCbls outcomes ar ¢
benchmark of those achieved through manual coding by trained and inexperienced
researchers.

ARFurniture: Augmented Reality Interior Decoration Style Colorization

1 This paper contristes a reatime AR application, ARFurniture, which will
allow the users to envision furnitucd-interests in different colors and different
styles, all from their smart devices. The core software architecture consists-of deep
learning based semantic segmation and fastpeed color transformation.

9 Our software architecture allows the user prompt the system to colorize the
style of the furnitureof-interest within the scene on their mobile devices, and has
been successfully deployed on mobile devices.

1 In addition, using eye gaze as a pointing indicator, a-headted user
centric augmented reality based indoor decoration style colorization concept is

discussed.

13



1 Furthermore, a noeference image quality measure, Naturalness Image
Quality Evaluator (NIQE was utilized to evaluate the immersiveness and
naturalness of ARFuniture.

A Comprehensive Heachounted Eye Tracking Review: Software Solutions,
Applications, and Challenges

1 A survey of statef-art heaemounted eye tracking technology, present
commercally available wearable eye tracking equipment

1 Fields of applications for headounted eye tracking are described.

1 It discusses several software solutions for eye tracking data analysis
techniques reported in the literature.

1 Largescale eye tracking datasualization methods for researchers from
varying backgrounds are described.

1 The limitations and challenges existing in current eye tracking data analysis
software solutions are presented.

Enhanced heathounted eye tracking data analysis using sugsoltion

1 A novel software solution for tackling the challenges mentioned above and
hence replicating all the details with in ROI in offline headunted eye tracking
data analysis: The eye tracking research community is interested in analyzing the
details ofwhat and where a person is looking at using lagme heasnounted
eye tracking data. We formulated this problem to be eye tracking video processing,
which can be resolved by locating at regafrinterests (ROI) based on fixation
location, cropping andooming in the ROI and enhancing the partial image by

superresolution image transformation.

14



1 Experimental results and evaluation using image quality measurements
show the effectiveness, efficiency, and robustness of the proposed prototype
system.

1 Furthemore, we discuss and demonstrate potentialtne@ applications
using the proposed framework with emphasis on using an Augmented Reality (AR)
headset with eye tracking capabilities.

lllumination Invariant NIR Face Recognition using Directional Visibility

1 An illumination invariant near infrared face recognition architecture that
consists of (1) generating a sequence of directional visibility images, (2) extracting
LBP and HOG features, and (3) performing SVM based classification.

1 Furthermore, extensive sgputer simulations will be performed on the
TUFTS (NIR) database.

ISeeColor: Heaanounted Eye Tracking Data Visual Analytics Technique

1 ISeeColor implements efficient and lavast objeciof-interests recoloring
and utilizes color to represent fixation dimat values. Color is a simple and
intuitive indicator for data visualization and for highlighting certain obgdéct
interests based on gaze density.

1 ISeeColor automatically annotates objetiinterests by adapting deep
learning based scene semantic sedatem. This minimizes the need for time
consuming and errgerone manual annotation.

1 ISeeColor can also be used as a gaze density information retrieval system,
which can sort and search objeétinterests based on pemcoded color

information.
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1 ISeeColo offers a usefriendly graphical user interface (GUI) where
objectof-interests are recolored while the color intensity changes based on the
fixation duration overlaid on a video recording from the scene camera. The
categories of objects can be custontiza s ed on researcher sé ne

Annotation, Fusion and Alignment for Multimodal Dat&Interest (DOI)

1 Stateof-art computer vision techniques are adapted to facilitate the
wearable eydracking data analysis and fixated objetinterest recognition and
classification. The novel software architecture aim to recognize which region of
interest (ROI) participants are attending to, classify the specific object within the
ROI, and provide information on the fixation duration.

1 The proposed system architectureeadf functionalities include voice
activity detection, speech prosody analysis and speetext. The combination of
1D signal processing and dfieshelf natural language processing technology
automates the speech data processing for-ddmkd protocal

1 Fusion and alignment of multiple data streams are provide in the proposed
system architecture. To our best knowledge, the proposed system is the first ever
approach targeting fusing the data collected from both audio and visual channel of
headmounted ge trackers. Researcher assume that different streams of data, such
as eye tracking or speech, reflect different aspects of cognitive process. Hence, the
proposed system offers a solution for investigating human cognitive processing
from more than one argg.

1 A userfriendly GUI along with the proposed system is designed for

labeling fixated object categories relevant to the research question under
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investigation. Meanwhile, a visualization GUI is given for researchers to align and
observe multimodal dateof-interests at any point of time. It is one of the most
versatile approaches to analyze mobile-ggeking data.

T The proposed systembs utility 4 n anal
tracking data is presented. The detailed case study descript®mBscussed in
Section Ill. Results demonstrate and validate the great potential of the proposed
system for increasing ecological validity of using heamlinted eydracking
technology in various research fields.

Augmented Reality based Visighid Indoor Navigation System in GPS Denied
Environment

1 This paper describes the development and demonstration of avbead
augmented reality (AR) based vistard indoor navigation system, which localizes
the user without relying on a GPS signal.

ARNature: Augmeted Reality Style Colorization for Enhancing Tourism Experience

1 This work introduces a system architecture integrating augmented reality
technology with statef-art computer vison techniques such as image semantic
segmentation and dedgarning based stylcolorization. The proposed production
system, ARNature, is able to superimpose a virtual scene, audio and other
enhancements in real time over a +&alkld environment for enhancing tourism
experience.

Deep Learning based Thermal Emotion Recognitioriefys
1 This paper proposes a robust emotion recognition system using thermal

imagesand custom convolution neural network (TERN€Ehis employs features

17



obtained via transfer learning technique and -fumeng and evaluation is
conducted using the TUFTS theal database.
Virtual vs Real: Augmented Reality object recoloring
1 Combining rising technology of eye tacking sensors and augmented reality
certainly embraces a truly immersive generation of AR to enhance the user
experience in areas such as tourismaggreciation, fashion, entertainment and
indoor decoration
1 ARColor: Using eye gaze as a pointing indicator, the work introduces a
userworn augmented reality recoloring prototype architecture. By fixating on the
objectof-interest for a certain period tine, user can prompt the system to recolor
certain objects within the scene.
Is there a map in our head: Vision based pointing error analytic technique for mobile
eyetracking
1 Theproposed framework enables the calculation of pointing error measures

in real world navigational tasks using unobtrusive mobile eye tracking technology.
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PART 1. Facial Recognition Systems: Heterogeneous Data
Acquisition, Feature based Machine Learning, and Redife

Applications
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Part 1 gives a comprehensive demonsiratif all my work related to facial recognition
during graduate career. It covers contributions on development of autonomous face
recognition systems for visibl®-visible RGB image, heterogeneous imaging such as
thermalto-visible, sketcko-visible andNIR-to-visible; facial feature extraction methods
inspired by human visual system model, face component region weighted model,
anisotropic gradient processing, image quality measurement; statistical and machine
leaning based classification; and the datguasition for the most comprehensive
heterogeneous face dataset.

This part resents work from selected publications listed below:

1. Karen Panetta, Qianwen Wan, Sos Agaian, et al. "A comprehensive database for
benchmarking imaging systems," IEEE trangas on pattern analysis and machine
intelligence (TPAMI). DOI: 10.1109/TPAMI.2018.2884458.

2.Qianwen Wan, and Karen Panetta. "A facial recognition system for matching
computerized composite sketches to facial photos using human visual system algorithms,"
Technologies for Homeland Security (HST), 2016 IEEE Symposium on. IEEE, 2016.

3.Qi anwen Wan, Karen Panetta, Sos Agai an,

the human visual system, o0l Ih&ghg Jysteme andat i on

Techniques (IST)Macau, 2015.

4.Qi anwen Wan, Karen Panett a, AHuman Vi su:
autonomous systems and applications, 0M. S. ,
158953.
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5Qi anwen Wan, and Karen Panetta. AA Video
Integrity Using Human Visual Systemspired measures,” Technologies for Homeland
Security (HST), 2017 IEEE Symposium on. IEEE, 2017.

6. Qianwen Wan, Karen Panetta, and SosiAg. "Autonomous facial recognition
system inspired by human visual system based logarithmical image visualization
technique,” Mobile Multimedia/Image Processing, Security, and Applications 2017. Vol.
10221. International Society for Optics and Photorito4,7.

7. Qianwen Wan, Shishir Paramathma Rao, Aleksandra Kaszowska, V. Voronin, Karen
Panetta, Holly A. Taylor, and Sos Agaian. "Face description using anisotropic gradient:
thermal infrared to visible face recognition,” In Mobile Multimedia/lmage Processing
Security, and Applications 2018, vol. 10668, p. 106680V. International Society for Optics
and Photonics, 2018.

8Arash Samani, Karen Panett a, Qi a-6uven War
Detection for SelDi agnosti cs of Vi deo Salogiesefor| | an c e
Homeland Security (HST), 2018 IEEE Symposium on. IEEE, 2018

9.Srijith Rajeev, Qi anwen Wan, Karen Panet
NI R Face Recognition using Directional Vis

10. Shreyas Kamath, Rahfajendran, Qianwen Wan, Karen Panetta, Sos Agaian.
OTERNet : A Deep Learning Approach for Ther

Defense and Commercial Sensing 2019, accepted.
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CHAPTER 2. FACE IMAGE FEATURE DESCRIPTORS

Similar to all other natural image mutibjed classification topics, face recognition
technology relies heavily on extracting and identifying the most unique image features and
pairing alike structures for classification and recognition purpose. Generally speaking, an
autonomous face verification @mdentification system is presentagError! Reference
source not found. In this chapter, relevant efficient facial image processing and useful
feature descriptors will be preservidty are humarwisual system based thresholding
algorithm, facial component region weighted megddiuman visual system based
logarithmical image visualization technig&nisotropic gradient, directional visibility,
local binary patterns, and histograms of orientediigmts. The usage of different modules
will be specifically discussed iochapter 2; andomplete autonomous facial recognition

systems with various demonstrative applications in chapter 3.

(1 | !
I : Pre- Feature . Match/Non- |
| i
3 i |
L\ : )

........... -~

Figure2-1 Face verification and identification flow diagram. Note that, proposed
capture procedure (red color square) will be described in section 4; face ima
processing and feature extraction (green color square) is presented in chapte
face recogition systems and applications will be describbdpter3.
2.1 The Human Visual System based Image Thresholding Algorithm
HVS, short for human visual system, was proposed as a remarkable image processing

tool to mimic the nodinear human visual perceptionhich has been utilized in numerous

image processing domairsuch as image enhanceméh®], image denoising, image
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quality measurement0], image classification ancecognition[21]. It is capable of
detecting and recognizing unique image patterns and informattoah follows human
psychephysical principles and reflects attributes of natural RGB img@s[23], [24],
[25].

HVS based image thresholding algorithm aims to provide insights of the most pertinent
information and less informative data in an image. The thresholding value is determined
by the background tensity and the gradient information at each pixel of any given isnage
Foll owing formula is used to calculate i ma
mean:

. .., --B h —B h
o oo g (2.1)

Where 6 ofto represents the background intensity value of each pieekitd
represents input image, Q represente#yhboring pixels of each pixel of the input image,
and Q6 i s alhhtare bne pixeledistancexaedy Sramt@Q in diagonal
directions.

Here, we are using the Sobel operator to ¢alelgradient value. Formu(2.2) is used
to obtain the gradient value of the input image value [2], note tlyastandard gradient

detection algorithms can be adapted into the system:

3 P op
O ahw ¢ M ¢ Zwaw
p TP
5 P G P _
Ochn  m om Tz 6w (2.2)
P ¢ P

O o 0w O afw
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Here & afw is the gradient information an® i, "O ofto are the directional
gradients, whil& ¢hw is the input image.

HVS model is applied to quantify visual incentive information thanan eyesan
perceive. Inother words, human eyes respond to information that is characterized by
attributes such as brightness, edge contrast, and color shades though HVS modeling. More
specifically, human eyes are not able to measure the absolutebsgiue to the adaptive
ability; instead, they measure the relative brightness associated with the amount of light

stimulus entering the ege

Minimum Contrast vs. Background Intensity

il

/

”'
/

, /
| /
|
|

: : /
Saturation Region —4—Jp/
| /
/

|
’/
|/

¥

Log (Contrast Threshold)

I
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|

Weber Region
[V

~

| Devries-Rose Region
|
x1 X2 x3
Log (Background Intensity)

Figure2-2. Linear approximation of the four regions of ramvisual response: De
Vries-Rose region approximates this threshold for wiltleninated areas. Weber
region models this threshold for propeillyminated areas, and the Saturation regi
approximates the threshold for oubuminated areas.
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We b e roidtrast L@w quantifies the minimum change, that is formulated as a function
of background illumination, required for the human visual system to perceive contrast,
however this only holds for a properly illuminated area. There are four different regions
shawvn in Figure2-2, Devrie§ Rose Region is from x1 to x2, Weber Region is from x2 to
x3, Saturation region is from x3 to infinity, and the fourth region is from the origin to x1,
containing the least informative pixgR&g|.

The De VriesRose region is defined by equati(h3), the Weber region i€.4), and

the Saturation regioid defined by(2.5),

1
| &Br=5" | ogB, + log (2.3)
| 8= ogBK;+ | og (2.9)
I C@T: 2 * I |Q3g B + (25)

Here, K1, K2 and K3 are constants. The value of them is arrived at using the following

formula(2.6), (2.7) and(2.8):

1 ex'(x,y)o
K, =—b*maxg———-
100" €8x y) (26)
K2: Kl BX2 (27)
_ Ky
ko= 5 (28)

The thresholding parameteiin (2.6) is set to be as a constant 0.02 in this work, which
determines the amount of information to be placed in the fourth regkigune2-2 from

origin to x1. Then, we assume Bxi copesds to logB, fori =1, 2, 3, so we can write:

Y (2.9)
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Where U1, U2, U3 are parameters determine
human eyes response chaegistics of three different regions. [I27] it was found that the
best results occurred when U1l is set to b
parameters arset to 0.1 and 0.9, respectively.

Using HVS model, an image is first partitioned into four different regions. Then, these
regions are thresholded and filtered out the pixels that do not constitute a noticeable change

for a human observ¢R8]. The thresholding formulas are:

| . . X (X ’c')y)
ml xX 'B/ (0] rBXZOB( XQBy:L& B: K> (210)
X,y
| m2 %X ¥ o rB, OB ( xOBy, & )é(xx ’9%1) 2.11)
| g X{ x ’Y<)
m3 xX ¥ o rB, ;OB ( x, W 3 (2.12
| =X, yor all remaining (2.13)

HVS based image thresholding algorithm is adapted in facial recognition systems for
the purpose of segmenting useful information and hence resulting in amuegfficient

pre-processing for efficient feature extraction steps.

2.2 Facial Component Region Weighted Model

Ha r a a9 poirged out that: fie engineer solutions for facial recognition tasks
should be different than any other object recognition problems where the targetobject
interest is nofhuman. Facial recognition topic involves analyzing information about
individual facial componentssuch as mouth, nose, eyes, etc., but also requires

consideration about entire structure information of all facial fea{®@@s According to
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psychophysical findings, it is clear that some facial features (such as eyes)aoszigh)
play more important roles than other features in human facial recognition appli¢atijons

In this section, we review wvdifferent region weighted methods that propose in previous
work.

Hybrid Region Weighted model: Input facial images are separated in to 16 blocks, a
4x4 window, before feed into the classification procedure. Each window was assigned a
specific weight bsed on the importance of each facial regafter calculating the
contrubitionrecognition rate using exhaustive testing via public datasets, such as AT&T
dataset, FERET dataset and Yale dat&Sgtire 2-3 shows fae image region separation
along with the most effective weights settifggure 2-4 shows the overview of hybrid
region weighted model. Detailed explanation of how to set region weights experimentally

is given in[21].

(b)

Figure2-3 (a) A facial image diided into 4 by 4 windows. (b) The weights set
the weighted dissimilarity measure. Black squares indicate weight 0.0, dar
2.0, light gray 1.0, white 3.0, and whole image score isTh set of weightec
scores were obtained experimentally, aehéea high recognition rate.
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Input Image Regionl » Weightedl >
Region2 » Weighted2 > Fuse weighted
regions calculate
Chi-square distance
and find the best
match
Region Extractor > . .
Regionl6 —» Weighted16 >

Figure2-4 Block diagram of the hybrid weighted modsing public face databas

Whole image Score
» featurevector [p Original $
g il .

Input Image Region a Score a
| Region b Score b
—
/ Decision
Making
Region Extractor .
» Region f Score f H—
L A A

Figure2-5 Block diagram of the combined weighted model
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Holistic-Hybrid Region Weighted model: It is generally agreed that faces are not only
recognized through important facial features, but also via the spatial layout of all facial
compaments. Hence this method combines the hybrid method with the holistic method. The
proposed model is shown in the diagrarfigure2-5. A weight assigned to the entire face
image is added. Detailed explanation of Hoveet all weights experimentally is given in

[21].

2.3 Human Visual System based Logarithmical Im&ggialization

Technique

The PLIP logarithmical model was originally introduced by Panetta[@2hto provide
a nonlinear image rpcessing framework, which is a computationally effective
psychophysically image information moddlhe PLIP logarithmical modecontains
powerful mathematical structures and consistent operfB®n33]. It is proven to be
practically fruitful and do not damageetimature of an input image, which keeps the pixel
values inside a range of (0,M] and accurately process images from an HVS point of view
by adopting absorption filters using the gray tone function as follows:

MNMAQ 0 QA (2.14)

Where £HEE is the input image grayscale value at each pixel locaGofE is the
output gray tone; and M is the maximum value of the input image. The PLIP model
opemtor primitives can be summarized as follows:
r 0

v 5§

¢ O

(2.15)
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X X ' U = 21
OS & Q) (2.16)
.. W
wS w [V v p o (2.17)
PR ¢+ e DD B (2.18)
W _L O0¢ep 5 (2.19
"0 T

Note that symbad is PLIP additionS is PLIP subtractior is PLIP multiplication

by a scale factor, arrdis PLIP multiplication of two images. HerAand b are the gray

scale value of each pixel of two input (Y
maxi mum value, o( M ), k(M ), and &(M ) a
parametersodo sel egion could be found in

HVS based logarithmical image visualization technique combines the PLIP operations
and Weber 06s [34,ovhidh caa extractldisciminative information of arage
while filtering out unbeneficial information.

HVS based logarithmical image visization technique was proposdzhsed on
Michelson contrast for each n by n window over the entire irffZigeThe processed image
can be presented in a logarithmical form using formula below:

@y 681 P2 nﬁ.é O ni (2.21)

Where @h@ are the size of the image s the result image after HVS based
logarithmical image mualization technique processin® i and ‘O pj are the

maximum and minimum intensity value within each n by n block. C is a constant. In our
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work, window size was set to be 3 by 3 and constant C was set to be 600 to provide the

best performance after exhaustive testing.

2.4  Anisotropic Gradient based image processing

Image preprocessing is important in solving heterogeneous face recognition problems
due to the different signatures of face images captured from various sensors.pied ada
anisotropic gradient concept for therrtalvisible face recognition syster{36]. Detailed
usage, configuration,nad demonstrative example results will be presented later in the
thesis.

Oftentimes, medical images contain fuzryiseat the surfaces of objects; in order to
eliminate the noise in biomedical images, an adaptive filtering based onQIRkcal
polynomal estimations with ICl rule) is us¢87]. The LPAICI technique combines Local
polynomial appoximation (LPA) and intersection of confidence interval rule (ICI)
together[38]. LPA performs a pixelise polynomial fit on a certain neighborhood using
a bank of linear filters of various bandwidth. ICI defines the most suitable neighborhood
on a polynomial surface.

Anisotropic Gradieh b ased i mage processing estimate
into the gradientn™Qr)  and the neighboring pixel sets following formula below,

00 on 0 QR £ Dshon o (2.22)

2.5 Directional Visibility Filtering
Directional Visibility filters are linear filters that have been developed to extract

directional contrast informationn Figure 2-6, two directional visibility shapes are
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proposed and adapted as a-precessing step before feature eximact(1l) we choose a
triangle shape (marked as black region) in a 5 by 5 window neighborhood, the center value
of the circles is set using equatior{2.23), (2.24) and (2.25) while conparing to the
neighboring pixel values. (2) we choose a pie area in a circle round block area around each
local center and every neighbor. The center value daitbles is set using equatiofis23),

(2.24) and(2.25).

o e
e .
L] o] L ]
Figure2-6 Directional Visibility filters window shape
9 04 & Q¢ (2.23
G, ‘046 wa0a Qe0a w 0a Q¢ (2.249)
Gy O] OaQFEO | OaQwe (2.25

2.6  Face image Feature Extractiohocal Binary Patterns, and Histograms of

Oriented Gradients

Local Binary Patterns (LBP) is a ngrarametric feature extraction method that is able
to efficiently summarize loal structures of an image. Due to its proven high tolerance
against the monotonic illumination changes and its computational simplicity, LBP has
become one of the domain feature extraction methods for facial recognition sja#%ms
[40]. The classical LBP operatscan through an image by a 33gize window. Every
pixel value is then changed by comparing to neighbor pixels: If the center pixel's value is

greater than the neigbr's value, label as "1"; otherwise, label as "0". Then-digi8
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binary number (which is usually converted to decimal for convenience) is generated and
replaced the original pixel valu€&igure 2-7 is a demonstrate example b 8-bit LBP
number generationTable below lists commonly used Local Binary Patterns (LBPS)

including its variations.

___________

Fd

212 oJo]o]™

i Binary: 00010011
516 M"‘ 1 ,:Decimalz 19
3]1 1jo]o 'a,

Figure2-7 An example of the basic LBP operafdd]

Table2-1 List of Local Binary Pattern and its variations

Local Binary

Pattern Properties Advantages

Effectively extract imagt
features in a lovcost
manner

An 8-digit binary number is

Classical LBH42] generated to present center pix

The uniform mapping
produces 59 output labels for Universality, statistical

Uniform LBP [42] neighborhoods of 8ampling  robustness, and efficienc

points
Improved LBP[43] ConS|der_ effects of center Enhances C!IfSCI’ImIna'[IV‘
pixels capability
Exterded LBP[44] ConS|der_effects of derivativ Enhances d_|_scr|m|nat|v‘
image capability

Enhances discriminativ

Consider effects of rotation ¢ " ,
capability for facial

Advanced LBH45|

facial images :
expression.
Considering fa@al component Retrieves more
Modified LBP[46] such as eyebrow, eye, pupil, nc information to distinguish
and face boundary face and noiface objects.
. Incorporate no+uniform Enhances discriminativ
Hamming LBP{47] Patterns into the uniform patter capability

Improves the robustnes
especially for nise image.

Local Ternary

Patterng4g] Bring in new thresholds
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Capable to choose
Elongated LBH49| Not invariant to rotation  different Neighborhood an
consider rotation as a textt

Extending to 3D facial
image
Produces less binary
Give the largest weight to units, and thus reducing tt
strengthen the effect of the cen feature vector length, goo

Volume LBP[50] Describe dynamic texture

Centralized Binary

Patterng51] , : .
pixel for facial expression
recognize.
Logarithmic LBP Preprocess the images in Enhances discriminativ
[52] logarithm domain capability

A local binary pattern is called uniforfd2] if the binary pattern contains at most two
bitwise transitions from 0 to 1 or vice versa when the bit pattern isd=oesl circular. For
example, the patterns 00000000 (O transitions), 01110000 (2 transitions) and 11001111 (2
transitions) are uniform whereas the patterns 11001001 (4 transitions) and 0180011 (
transitions) are not. In the uniform LBP mapping, theressarate output label for each
uniform pattern, and all the namiform patterns are assigned to a single label.

Logarithmical LBP operator was introduced by Mandal, K. Panetta, and S. Agaian
in [52]. In this approach instead of using the raw image pixels, a logarithmic transform is
applied on the image and the then the uniform LBP features are extracted in the logarithmic
domain.

Let /BAU be the input image then the image in the logarithdomain is given by:

ydu 11 AP0 —"— gmil (2.26)

Where] is the parameter, which can set experimen{&i#}.
Feature extraction using Histograms of Oriented Gradients (HOG) is another domain
approach in facial recognition systems. Dalal and THi§gfirst introduced HOG features

for human detection; then HOG features have been proven to be highly effective for face
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recognition [54]. HOG can be used to encode the edge orientation features after

preprocessing step.

2.7 ClassificationStatistic and SVM

Classification is made after measuring and compdrow similar between the selective
feature vectors of training and testing imag88]. Feature classification procedure
originally startsfrom statistic approaches. They are Slguare Distancgb6], Euclidean
distancg57], Histogram Intersectio[b8], Match Distancg59] and Jeffrey Divergence

[60], which can be defined i2@7)(2.31), respectively:

2 ) ) ** (2.27)
)
(2.29)
% )ht ) ¥
()i i E o (2.29)
- ) 0@ 0 0%t B o (2.30)
-l yiide «iigomin L (2:31)

Support Vector Machine (SVMPB1] was first proposed for binary classification tasks,
since then it has been widely adopted in melidss classification face recognition tasks
[62]. SVM maps the extracted facial features onto a-Higtension space through non

linear transformation in order to construct optimal hyperplanes. Finally, data can be

35



classified by finding closest matching hyperplane. SVM has advantages of computational

efficiency, memory saving, and functional stability for multiplasses classification.
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CHAPTER 3. HETEROGENEOUS FACE DATA
ACQUISITION: A REVIEW AND A MULTI -MODALITY

DATABASE

This chaper introduces a newly proposed muttodality face databas¢hat is the Tufts
Face Databaseit contains photograph images, near infrared images, thermal images, a
computerized facial sketch, a recorded video, Lytro 3D, and a reconstructed point cloud
3D i mage of a single i ndi vidual 0s face.
comprehensive mulinodal face dataset are:

1) Crossmodality face recognition has recently become an emerging research topic
because advanced capturing sensors are easier angercheause in daily redife
applications.

2) Multi-sensing data fusion is the short future. Researchers have adopted information
that in multiple modalities to pursue a higher accuracy while developing recognition
systems.

3) The development and evaliwam of a good face recognition system rely heavily on
well-obtained, propelabeled and largscale face databases.

4) Enough training data is crucial for ddmangry machine learning algorithms and
deeplearning methodologies.

5) Thereis no publicly aailable face database that includes more than two modalities
for the same subject.

This chapter covers: a) Motivation and idea for making a reliable face database; b) A

up-to-date review on available public face datasets and existing autonomous face
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recoqnition systems; c) Detailed description of the data acquisition settings and procedure
for the Tufts Face Database; d) Content of the database: more than ten thousands facial
images from over one hundred individuals from 15 different countries, varioagrgen

identities and ethnic backgrounds.

3.1 Motivation and Introduction

Autonomous facial recognition algorithms and systems have been widely adopted in
numerous areas, such as human trafficking, homeland security, biometric identification
[63], law enforcement, and social media applicatif¥. Impressive progress has be
made due to the extensivesearch on facial recognitidopic [31, 65]; however
challenges and difficulties are still existing while matchiage images across different
image types. Different modality of facial images, such as 2D RGB;infared (NIR)
thermal, 3D, and other modalities, are showRigure3-1.

Many times, only a specific modality or limited numbefaxfe images can be acquired
in reatlife scenario$66]. For instance, criminals or suspects face $letrovided by the
victims are usually the only evidence obtained by law enforcement agencies. Facial
imaging in the infrared and nemafrared spectrum, such as night vision camera in the wild,
are sometimes the only source files that captured in lomodiuminated environment.
Furthermore, it is proven that the combination of several imaging sensor information can
significantly increase the facial recognition accur§@y] in the literature. Hence, the
development of crossiodality face recognition system is needed because of the increasing

diversity of imaging sensors in daily tasks.
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Figure3-1 Who are these people under fdfAcan
reatlife scenarios: images captured through different sources, such as (a) Surve
cameras and public social madi ( b)) Bet ween driveré6
identification documents; (c) Many forensic and law enforcement scenarios onl
face images available from alternate imaging sources such asingared, thermal,
computerized forensic sketchasd LIDAR 3D devices.

Developing accurate and robust crossdality facial recognition algorithms, also
known as heterogeneous facial recognition system (HFERires extensively training,
testing and evaluatiof68]. Therefore, it is important to provide researchers with targe
scale and welannotatedfacial images to benchmark their proposed recognition

architectures and to aid in addressing existing challenges and obstacles. Howevier, there
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no available public face database that contains RGB visible, thermalinfraaed,
computerized sketchesdD3mages and video data all together.

To sum up, the motivation and idea behind investigating and developing the Tufts Face
Database is the rising need of developing croedality matching facial recognition
systemsandthe lack of largescale, multimodality and welllabeled heterogeneous facial

images for evaluation and supervised machine learning training algorithms.

3.2 Comprehensive review of available public face datasets

Substantial efforts have been devoted to developing face datasets to fulfiletie
from facial recognition research communitgble3-1offers an overview of prevalent face
databases that has been found in the literature, along with providing the highlight dataset
information for comparison.

1) 2D face databases

Majority face recognition systems were developed for vidibesible image

matching. There are large numbers of published work on constructing 2D RGB or gray
scale face database. The FER[EE] [70] database is a grousmeaking RGB face
database proposed in the 9Dke FRVT 200Q71] and 200372] challenges provide large
scale face images from 37,437 people to meetwedd applicatims. CMU PIE[73] is
one of the most commonly used face database for algorithm evaluation, which consists of
more thar0,000 images of 68 people avidlti-PIE[74] database is an enhanced version
of the CMU PIE database in which increasing the amount of participants and thernumb
of different facial expression variations. Other popular face datasets that are used for

researchers are AR face datab@®$, the ORL[75] , ATT database, MIT face database
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[76], Yale databasfr7] and YaleB face databasgrg] [79], M2VTS and XM2VTSDB
databas¢80], Georgia Tech databaf#l] and Caltech face databd82)].

Face databa&s that provide explicit test cases for facial recognition within variety of
nationalities, races, and sexes are: the ®&3L [83], The Japanese Female Facial
Expression datbase(JAFFE)84], the Indian face databaf#s], and IFDB(The Iranian
Face Databa3g86]. In addition, there are face databases that were made for specific
everyday applications, such as forensic surveillancaahnutrafficking, missing children
and entertainment: SCface, Labeled Faces in the Wild (LEB¥) YouTube faces
databas¢88], the plastic surgery face datab§8¥|, as well as the Large Ageap (LAG)

datasef9q].

2) Computerized Sketch (CS) face databases

Matching computerized or hdsdrawn face sketches with fareages has been studied
intensivdy over the past decades because of the demand from law enforcement
applications. Often times, police officers have to identify suspects and criminals using a
sketch image provided biie vidims. Sketch images ausually the only evidence to feed
into the face image gallery, then a smaller range of identified face images would be selected
after applying sketcko-visible facial recognition systems, and hence aid in identifying
potential persn-of-interests. This work is mainly focused on computerized sketch.

Some popular composite sketch database are: The PRIP Viewed Sdisveamted
Composite (PRIF/SGC) databasf1] [92], Extended PRIP (ERIP)[93] [94] sketch

database , The Uo/8GFS databag85] [96] [97]. However, none of those databases were

41



built based on live portrait of the individual. The proposed Tufts Face Database is the first

computerized sketch dataset bbihsed on living human beings.

3) Infrared thermal face database

Thermal face recognition is a dominant technology in biometric identification
applications. The USTGIVIE (Natural Visible and Infrared facial Expression) Database
[98] contains visible images and infrared thermal images of over 100 participants. NIST
Equinox [99] offers thermal face images contains images captured uneegistered
broadbanevisible/LWIR, MWIR, and SWIRIRIS [100 makes 30 pairs of visible and
thermal face images available. Other thermal face images are Carlsadtedia 107
Terravic Facial IR Databagdd03 and Kotani Thermal Facial Emotion (KTFE)04.
However, availability of thermal image face databases is limited: there is a lower demand
for thermal images as compared Ddatabases, and thermal images are significantly more
difficult to obtain. The Tufts face database contains a laggde thermal facial database,
with pose variance and facial expression, which provides a benchmark for thermal face

recognition research.

4) NIR face databases

The CASIA NIRVIS 2.0 databasgl0Y is the biggest NIR face database to date. The
PolyU-NIRFD contains NIR images with variations of pose and expression from 350
participant§106. The University of California/lrvine published multispectral face images

under halogen ambient illuminati¢h07]. The LDHFDB provides pairs of near infrared
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(NIR) face images captured in nighttime and visible light (VIS) face images captured in

daytime[109§,.
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Table3-1 Comparison of popular face databases
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5) 3D face dataset

3D image capturing process has become easier and affordable, hence 3fadérge
face image datasets are possible for captlfid]. The face recognition grand challenge
(FRGC)[12Y is one of the earliest works on developing 3D face datasetsM3D[R17]
dataset was captured under structured light 3D acquisition systemCBITL Face
Recognition Databadé2q is a 3D synthetic face dataset of 10 participants reconstructed
based on a group of higlesolution 2D images. Gavab[JB27] contains 3D face models
of 61 Caucasian participants. Othetuise 3D face databases includes FRAV3Dabase
[128, BU-3DFE [119, BU-4DFE[129, BP4D[130, Texas 3DFRO121], Bosphorus

[131], and the EURECOM KFPL22.

3.3 Overview of Face Recognition Systems

1) Conventional face recognition system
Autonomous facial recognition system is able to find the most similar 2D face image
matches which has been applied in a wide range of-liéalapplications in areas of law

enforcement, homeland security, biometric identification, and entertainfd&a}.
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Broadly speaking, an autonomous facedognition system consists of face detection and
face recognition[19]. Although astonishing progress has been made in past years,
autonomous facial recognition system still lack in robustness and accuracy as well as
cannot competewith human performancg132 133. The present challenges are:
uncontrolled lighting conditions, unpretible environments, low imagguality, aging
effects, facial expressions, illungition variations, body poses, and difficulty in detecting
faces in video conterjtl33. Next chapter, we will present relevant information about

proposed facial recognition systems and architectures.

2) Sketchto-face recognition

Matching facial sketch is a frequently used approach in law enforcement agencies to
identify personf-interesf134, 135. There are two types facial sketches: handrawn
sketches created by artists and computerized sketches generated by computer software
solutions. Computerized sketchese commonly adopted to recognize suspects and
criminals due to its lowost advantage over haddawn sketcheg136. The huge
dissimilarities in shapand textures between computerized sketches and visible images,
and limited amount of available training data are two real obstacles of skdtue
recognition system.

Machine learning techniques, such as facial component based MLBP, SIFT feature
extragion method, and Gabor filter, were adapted to achieve promising computerized
sketchto-face recognitiori91, 92, 137, 13§. In addition, intra and inter modality sketch
to-face recognition can be attached together to produce a better perfobhagcéd he

discrepancies between computerized sketches and real facial photos can be reduced in
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[140 and further improve the computerized sketciiace recognition rate. Deep
convolutional neural network algoritis [141] are developed for sketdb-face image

recognition.

3) Thermal face recognition

Thermal face remgnition systems are broadly used in biomedical identification and
verification applications. Thermal images usually contain more distinguishable
physiological biometric featur¢$42 143. As a consequence, thermal face images reflect
a unique heat patterns of human body, which are affected by air flow conditions, ambient
temperature, iliness, exercise, and drlig¥l]. However, thermal face images offer less
face features than normal 2D RGB face images.

Feature extraction algorithms, like histogram feat{td$§], local binary pattern (LBP),
SIFT feature§146, and SURHReatureq147, 148, have been applied in thermal face
recognition systems. Wavelet transfditd9, Gabor filtering 150 as well as other image
transformations have been deployed on the recognition systems to increase the robustness.
Partial least squarafiscriminant analysis (PL-BA) [15]] [157 is used to minimize the
modality gap between thermal face images anbleisace images. Furthermoreaahine
learning methods, such as the Optimized sypexl and AdaBoost classifigi53, were
used for thermal face recognitif#t, 154]. Generative Adversarial Network (GANased
method[155 can aid in addressing challenges existing in thermal face recognition, such

as occlusions, different skin tones and limited amouotédermal training data.

4) Nearinfrared (NIR) face recognition systems
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NIR face recognition systems were suggested to solve the problems caused by varying
lighting conditions[156]. Autonomous facial recognition beyond visible spectrum has
received massive attention from the research commLi6® 157, 158. Liao et al[159
utilized multiblock local binarypattern (MBLBP) and Gaussian (DoG) filter to extract
facial features for visible (VIS)o-NIR face recognition. HoG and LBP facial feature
descriptorg 160 were extracted to construct aSAo-NIR face recognition system. A
multi-view smooth discriminant analysi$61] and Canonical correlation analy$i62]
areusedfor estimating discriminative features between VIS and NIR face images. Chen et
al. [163 transformed NIR images to VIS images via local linear embedding, and Liao et

al. performed VIS and NIR face matching LBP feature extraction and LDA angl$Sis

5) 3D face recognition systems

3D facial recognition systems have gained a huge spike of interest recently. A 3D image
aims to provide surface texture and the depth informgti@4], which inspires the
development of 3D face recognition system for a higher recognition agctinan
conventional 2D face recognition systgéhe4)].

Since 3D capturig devices have become more prevalent and affordable, an increasing
effort has been made for developing 3D face image reconstruction algorithms and 3D face
recognition[165-167]. Structure from Motion (SfM) is a hand® approach for 3D face
image reconstruction, which constructs a 3D model based on a series of 2D images that are
captured from different multiple perspectives.

Surface feature matching and registratibased methods are used for 3D face

recognition systems. The surface registration based methodologies usually utilize Iterative
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Closest Point (ICP) algorithnid68, while feature matching based method is looking for
objectcentric shape features of two 3D facial surfgd€8]. There are a number of 3D
face recognition systems found in the literature. A 3D face recognition system was
proposed if17q using ICP algorithm to match 3D face surface. Chang gt'&l] applied

PCA (principal component analysis) for facial recognition system combining 3D and 2D

images.

6) Heterogonous face recognition (HFR)

HFR matches face images with different modalities. As varied imaging capture devices
are widely adopted in practical rdde applications, HFR is now attracting growing
attentions. Autonomous face recognitg&ystems using thermal images, computerized face
sketches, near infrared images and 3D depth images emerged to address issues of biometric
identification, complicated light conditions, law enforcement, and army applicftiégs
Common methods are: common space projection based mdak®ls75 [162 174,
synthesis based methofls77-181], and feature descriptor based methf@g 187. A
graphical representation HFR systemHER) was described {183. More works can be
found in [66, 68, 184-186. Table 3-2 summarizes the advantages and restrictions of

common imaging sensors and gives an overview of multimodal image usages
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Table3-2 Advantages and limitations of popular imagsensors

. L. Near ..
Characteristics infrared 3D Visible
Visibility in low/no light yes yes no
Record image through transluce
yes no no
obstacles
Provide color content/informatio no yes yes

Display surface temperatures o

solid objects yes no no
Distinguish objects at varying
) no yes yes
distances
Image quality low low high
Presence of noise low low high
Commercial cost high high low
Consumer applications limited limited yes
Existing too_l§ for facial limited limited more
recognition

3.4 Data acquisitionsettings and procedure for the Tufts Face

Database

1) Photographic Room

The Tufts face database was approved and protected by an institutional research board
protocol (IRB) and images were collected from students, staff and faculty at Tufts
University. To cdlect 2D face images with varying poses, expressions, and accessories, a
special photographic room with the dimension of 9 x 10ft was set up. The Tufts database
capturing section took place in an office inside Halligan Hall, Tufts UniverBitute
3-2). All the details about configuration of the different camera systems, face variations,

and computerized sketch making process are described in this section.
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Figure3-2 Scene of the photographic room.

2) Institutional Research Board Protocol and study participation

We conducted an institution research board (IRB) protocol for collecting and publishing
the Tufts face database. The IRB protocol discussed the purposecaedyse of the
study, the confidentiality and public access of the database, as well as the benefits and
protection of the participants.

The purpose of the IRB protocol is to build a heterogeneous face database, which
contains sets of 2D frontal faceages of people, thermal face images, near infrared face
images, 3D face images and the known matching sketch, for researchers to test and improve
facial recognition system algorithms for different rki@ applications. The participation
takes approximatg 30 minutes and happens in Tufts University electrical and computer
engineering department building.

There are no foreseeable risks or discomfort associated with this study. If participants

find the procedure the least bit uncomfortable, he or shetoprtte experiment at any
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point during the study. There are no direct benefits to the participants besides the
educational experience of participating in the study and adding to the body of knowledge
on developing facial recognition systems. We found bat kots of Tufts undergracite

studentsand graduate students have gained interest for researching facial recognition after

they experienced the study.

3) Face Image Acquisition

Acquisition of frontal images was performed using a Nikon D3100 DSLR cameéra an
a FLIR Vue pro camerdigure3-3). The cameras were mounted on tripods and the height
of each camera was adjusted manually to correspond to the image center. The distance
from the cameras to the participant wascty controlled by the researchers during the
acquisition process. A constant lighting condition was maintained using diffused lights.

During the image collection section, each participant was seated in a comfortable
position in front of a blue backgrod. Participants were asked to pose with (1) a neutral
expression, (2) a smile, (3) closed eyes, (4) shocked expression, (5) wearing sunglasses. In
addition, individuals were instructed to remove any eyewear during frontal thermal
acquisition.Figure3-4 shows examples of sets of frontal images of an individual with the
different constraints for both visible and thermal. The angular acquisition was performed
around each participant in nine different angles by usidgf@ent camerasa LYTRO
ILLUM 40 Megaray Light Field Camera, a FLIR Vue Pro camera, and acssied

QuadCam (a combination of 4 cameras) NIR+RGB devices.
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Figure3-3 Left is the camera for 2D RBface image, middle is the capturing device
thermal face images, and right is a picture of LYTRO ILLUM 40 Megaray Light
Camerahat used to capture 3D image

(b)

(d)
Figure 3-4 (a), (b), (c) and (d) are two sets of frontal images of an individual wi
different constraints for both visible and thermal. (a) and (c) visual images of a pat
with various facial expressions; and (b) and (d) provide corresponding empees:
thermal imaging. For each row, each participant has 5 different facial expressiol
neutral expression, (2) a smile, (3) closed eyes, (4) shocked expression, (5)
sunglasses
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Figure3-5Ther mal and visible face I mages:

Each participant was to stare at a fixed point while the cameras were moved to nine
positions around them forming an approximatmisercle around the individualThe
lighting condition for NIR imaging wamaintained by using an 850nnfrared 96 LED
light system. The 3D models were reconstructed using-sperce structurrom-motion

algorithms. Table below furthermore demonstrétesdetailed camera settings.

Table3-3 Detailed Camera Settings for the Tufts Database

RGB Ni kon D3100
Ther ma FLI'R Vue Pro
RGB+ N QuadCam

Around Ther ma FLI'R Vue Pro
participant

Front face

Mir r or | LYTRO I LLUM 40 Mege
Vi deo RGB QuadCam

Vi si bl Di ffused | ight witt
Lighting _

NI'R i 850nm I nfrared 96 1
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2D Thermal NIR CS 3D

Figure3-6 Example images selected from the Tufts Face Database. The Tufts Database has
a wide range of nationalise ages, and ethnic backgrounds

4) Computerized facial sketches

The computerized sketches were created using computer software FACES8%,0
one of the most commonly software solutions adopted by law enforcement agsmcies
as FBIl and US Military. FACES 4.0 software allows users to select a set of candidate face
components from the database based on their observation or mEmorg3-7 illustrates
the facial components providén the software solution for researchers to choose, such as
hairstyle, head shape, eye brows, eyes, nose, mouth, jaw shape, mustaches, beards, goatees,
forehead lines, eye lines, smile lines, mouth lines, chin lines, facial markings such as scars,

moles,piercings, tattoos and earrings, and using hats, headwear and eyeglasses.
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Figure3-7 All facial components provided in the software solution for researcher
choose

Table3-4 Contents in the Tufts Database (Best Quality 100 out of 113)

Subset #Variations #Participants #lmages

Expressions
2D Accessory 100 4,100
Camera position

Expressions

Thermal Accessory 100 1,400
Camera position

NIR Camera position 100 3,600

3D Point Cloud 100 200
LYTRO-3D

Video RGB 100

Computerized

Sketch Frontal 100 100

5) Contents of th Tufts Face Database
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The Tufts Face Database contains over 10,000 images of 113 participants in total. These
images belong to six main subsets: the 2D subset, the thermal subset, the near infrared
subset, the 3D subset, video subset and the computesketdh subset. Table IV
summarizes the contents of the best 100 ppatnts from the Tufts database.

In the Tufts Face Database, the image filename encodes the image information. Its
format is described ifrigure 3-8. It consists of 4 fields and are separated by underline

marks as shown below, which provides an easy way for researcher to use.

TD RGBE 001-100Folders TD RGBE 1, TD RGBE 2, X TD RGBE 5

™ TOIRE 001-100Folders TDIRELTDIRE2XTDIRES

TDRGBA 1.0, TDRGBA 1_1,X TDRGBA 1_8
TDRGBA 2 0, TDRGBA 2 1,X TDRGBA 2 8

TD RGBA QOEI00Folders TDRGBA 3 0, TDRGBA 3 1, X TDRGBA 3 8

TDRGBA 4 0, TDRGBA 4 1,X TDRGBA 4 8

TDNIRA 10, TDNIRA1 1, XTDNIRA 138

TDNIRA 2 0, TDNIRA 2 1, X TDNIRA 2 8

TDNIRA QOL100Folders TDNIRA 3 0, TDNIRA 3 1, X TDNIRA 3 8
TDNIRA 4.0, TDNIRA 4 1, X TDNIRA 4 8
TDLYTA 001-100Folders TDLYTA O, TDLYTA 1 X TDLYTA 8
D 3D TD 3D 1, TD 3D_2, X TD 3D_100
D Video TDV_1,TDV. 2 XTDV_100
TDCS TDCS1,TD CS2, X TD CS100

Figure3-8 Database naming convention indexing summary.
(1) TD field: TD stands for the Tufts Face Database. It is the common filed that shared
by all the files.
(2) Camera and image type fields: RGB stands for 2D visible face image; IR stands for

infrared thermal face image; NIR stands for near infrared face images; aivdsdbr face
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images that captured by 3D LYTRO camera; 3D stands for point cloud reconstructed 3D
face images; Video stds for a short video that cére used to reconstruct the 3D face
image and to test face detection and recognition in video data; @8sstar the
computerized sketch face images.

(3) Expression field. The initial charact
expression, smile, open mouth, close eyes and wearing sunglasses.

(4) Camera angl e f i e lprésentsDkdierent camera paditions.h ar a

Furthermore, the raw images file formats of the TuftsaDase are listed in theable
3-5. The Tufts face database will be publicly available for downloading from our research
website on Tuk ECE servers. Researchers who want access the database will need to fill
out a request form in order to receive the download permission.

The information on how to obtain a copy of the Tufts Face Database can be found on

the project website (http://tdfaece.tufts.edu/).

Table3-5 Details of the files in the database

Categories File format Average size per file
2D Visible Jpg 3.45 MB
Thermal Jpg 187 KB
NIR Jpg 13.5 MB
3D ply 20.8MB
3D LYTRO Afr 53MB
Sketch Jpg 75.9 KB
Video .h264 40 MB
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CHAPTER 4. AUTONOMOUS FACIAL RECOGN ITION
SYSTEMS: VISIBLE, COMPUTERIZED -SKETCH,
THERMAL, NIR, HETEROGENEOUS AND EMOTION

RECOGNITION

This chapter presents different autonomous facial recognition systems that proposed and
developed during my graduate career, including face/ emotion recognition systems for
visible faceto-face matching, computerized sketckhface matching, thermab-visible
face matching, near infrared face matching, rmalbdal face matching utilizing &ure

extraction and machine learning algorithms.

SYSTEMI.  Autonomous facial recognition based on the human

visual system

Development of autonomous facial recognition systems is considered as a high priority
topic in computer vision sociefy188. Since it beomes much easier to capture human
faces by cheap imaging sensors, such as passports photographs, credit cards profile, photo
| D6S, drivero6s | i cens eE89; facraldmageyprocessingahca nc e
analysis systems are widely applied in identification and authenti¢a®6happlications,
computer and physical access control, and digital entertaifi®@ht This section
describes the proposed face recognition approach that computes a description of weighted
facial regions based on the combination of the properties of the Human Visual System

(HVS) and Local Binary Patterns (EB. It aims to provide a robust facial recognition
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machine, in a lowcost, accurate and efficient manrfeigure4-1is a refined representation

of the entire system schematic diagram.

HVS based image HVS based image
Decomposition Decomposition
A A 4
LBP based facial LBP based facial
feature extraction feature extraction
A A 4
Region Weighted Region Weighted

A

Classification

A 4

l

(A)

(B)
Figure4-1. A. The flow chart of Facial Recognition based on the Human Vi
System for autonomous systems. B. HVS based image decomposition proce
original grayscale image (b) Weber ragi(c) De VriesRose region (d) Saturatic
region(e) Remaining image pixels (f) result of H¥&sed thresholding algorithm
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1) HVS Based Image Decomposition

HVS based image decomposition, which derives from HVS image thresholding
described in chapter 2, prides a straightforward yet accurate imagenecessing tool.
Input face images are first converted into grayscale format. Then the gradient magnitude
and background information at each pixel of the grayscale images are calculated. Finally,
by referring © HVS based thresholding rules mentioned in Chapter 2, the original input
images can be divided into 4 suhages, which are the Weber Region, the De WRese
Regi on, the Saturation Region and remainir
image pixt s0 represents the regions in the iIm
constant according to the human visual perception, which is not available for human eye
to detect its changes. In our experiment, it is efficient to fuse the Weber Region image, De
VriesRose Region image and Saturation Region image together for feature extracting.

Figure4-1 (B) shows an example of image decomposition based on human visual system.

2) Logarithm LBP based facial recognition
The logarithm Local Binary Pattern operator is robust to detect monotonicsgedg
changes. In the proposed novel method, we transform the extracted LBP features into the

logarithm domain.

Figure4-2 (A) is theflow chat of LBP processing.

3) Classification
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In order to find the closest match, the similarity measure is computed bygGdie
distance. The resulting Gkguare distance value can measure how similar between the

testing image and the training image.

Figure4-2 (B) shows how we find the matching images from a large amount of training

images in a database.

Decomposition Image

Training image Chi-square Testing image
—_—> . —
v Distance
Image in the logarithmic
domain
A
Image divided by#*4
¥
Uniform LBP Best Match
,, |

Feature Vectors

(A) (B)

Fi ga42(eA) Diagram of | ogarithmical LB
process

4) Region Weighted

Our system is designed to utilize a hybrid region weighted approach (see Chapter 2),
instead of striving for a holistic description. The rasglt histogram computed
independently within each of the facial regions, derived from logarithm uniform LBP can
be extended into a weighted region enhanced histogram, which concerns both the
appearance and the spatial relations of facial regions. It sheutdted that when using

the histograrbased methods, the description of the face is no longer based on-a pixel
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level. Instead, this kind of description focuses on producing information on a regional
level. Then all regional patterns are concatenateditd &global description of the face.

The regions can be weighted based on the importance of the information they contain.
Therefore, the enhanced histogram can be calculated by weighted Chi squards#gtistic

which can be defined as:

? 3R Bpx —— " (4.1)
h

R
In which x and- are the normalized enhanced histogramsetadmpared, i and j refer

to i-th bin in histogram corresponding to thid jocal region and is the weight for region

J.

5) Experimental Results

U Public Face Database

First, we will present the experimental results of our Weighted -HBB facial
recognition system using popular public face datasets, such as the AT&T, the Yale face
database and FERET database. For different databases with different image sizes, we
divide the images is into 16 equal blocks. We apply different weighted parametegs to th
16 LBP features that are extracted from each of these blocks and concatenated to form the
final feature vector for the facial image. For example, a uint8 image of the 256 possible 8
bit patterns are uniform and the roniform patterns are all put in t&®th bin. Hence the
total length of the feature vector is 59%16 = 9Bdble4-1shows the comparison of public

database of the Weighted and Nateighted HVSLBP[192 recognition results.
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Table4-1 Recognition rate of the proposed system tested on public datasets

Method AT&T Yale FERET
Nonweighted HVS 75% 76% 70%
LBP
Weighted HVSLBP 88% 88.5% 85%
Table4-2 Recogni ti on rat e or A Which ¢
application
Method 1 2 3 4 5 6
Weighted HVSLBP 92%| 80% | 86% % 82 83%| 79%
Non-weighted HVSLBP 5% 66%| 71%|, T | 69%| 62%
O AWhich celebrity do you most cl osely

Furthermore, we tested the proposed recognition system using IMDB database. We
utilized the Weighted HV&BP facial recognition sstem for this application is because
that this system provide a way track the person of interest on social media. The facial
images we gathered from IMDB website can be divided into six sets: 1. Frontal Face
images (200 celebrities); 2. Face with facighrssions images (130 celebrities); 3. Male
Face images (100 celebrities); 4. Female Face images (100 celebrities); 5. White and

African Face images (168); and 6. Asian Face images ([3#)le 4-2 represent the
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percatage of agreement of human observers with the HVS systems assessment of image

similarity. Some demonstrative results are showrmor! Reference source not found.

Similar 99. 97% 89.672

»

Similar 100. 00 98.637 94.672 87.885"

Table 4 3 Example results for fAWhich cel et
U0 Missing Children application
Missing children has become a very severoblem and is exasperated by human
trafficking [193; however there is limited work has been done to assist in finding missing
kids in a lowcost and efficient way. In this section, we will test our approach for missing

children application.
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We gathered cel ebriti eesfomyMbDB databaserfoaigtals a n d
testing.Table4-3 shows some example results of matching the same person of childhood
and older pictures. Since 10 years may change a lot of facial characteristics, we will show
thetop-three likely images produced by our syst&mm the resultshown inTable4-3,
we can see that, after 10 years, many facial components have changed quite a bit for the
same person. Our prototype method showames validity to deal with missing children
problem by applying our facial recognition system.

Table 4-3 Example results of Missing Children application images are fron
https://www.imdb.com/

Testing Image Identified Identified Identified
Image(top 2

kid Image(top 1 Image(top 3

[

R
[/

A.;‘.- !

-

Check Check Miss

Miss Miss Check
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U Example results for Pet Finder application

In this section, we will utite our facial recognition system to solfiedingp et s 6
problem. The goal of the applicatthomani s to
face recognition. However, this case has many limitations. First of all, facial characteristics
of an animalappear to possess much less uniqueness than a human, so this presents a
challenge to find a suitable facial feature extraction algorithm. Next, for pets, their breeds,
shape and fur offer other difficult challenges to the recognition prolligre4-3 present

some example results of dogs form different breeds and cats from different breeds.

Testing Training image

Result
Identifie
d image
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Testing Training image
image

Result
Identified
image
(check)
Testing Training image
image

Result
Identified
image

(miss)

Figure4-3 Example results of Pets Finder Application

From our exploratiom Figure4-3 of a different usage of our facial recognition system,
there exist some limitations of our method, such as when trying to find animals the size,
breed, and fur color play an important role. Despite this, we believe there is muchepromis

for searching for nohuman faces and can envision future work in this area.
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SYSTEM II.  Autonomous facial recognition system inspired by

human visual system based logarithmical image visualization technique

Since human faces can be easily captured by imagingrsearabdevices, autonomous
facial recognition system is popular in numerous applica{ib®§. Developing a robust
autonomous facial recogrot system is therefore important in computer vision research
community[52]. Although huge progress has been made in recent years, many challenges
still exist in current faial recognition systems under uncontrolled conditions like
illumination and poses variations, facial expression, aging, changing apped@@cén
this section, weresenta novel method to improve the robustness of autonomous facial
recognition systems, particularly for addressing the Iprolof variations that are due to
changes in illumination.

Some approaches have been applied to overcome image illumination variations
problem, such as: 1) Using traditional image enhancement methods, such as Histogram
Equalization[20(,, Gamma Intensity Correctiof201] and Homomorphism filtering
approach[207; 2) Applying image reprentation models, such as edge maps and the
resulting gray scale image from the HVS preprocessing, to reduce the effect of variations
in illumination [203 [204]; 3) Finding the illumination invariant features of the face
imageq 205, 206]; 4) Handling the image variation by finding and comparing several other
images of the same objdai8].

Motivated by the human visual system based logarithmical image visualization
technique, we propose a novel, simple yet efficient image feature extraction model to
extract the discriminative information of the facial images address the illumination

challenge.
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Humanvisual system (HVS) is an excellent image processor capable of detecting and
recognizing image information, it is a natural way to bridge the gap between human
psychophysical attributes and the way in which images are represented and manipulated
[21]. HVS also emulates the way that human eyes respond to wsoallus like
brightness, edge information,gnolor shades. Hence HMfased image processing aims
to mimic the way in which the HVS discriminates between useful and usele$2@ata

The human visual system based logarithmical imagealization technique, utilizes
the Parameterized Logarithmic Image Processing (PLIP) model, has been considered as a
crucial tool for reaktime biometricbased identification applicatiof?, 20§. Its
efficiency has been shown when it is applied to difficult scenarios such as images with
nonuniform lighting or shadowg34].

Our novel architecture for human visual systd#V$) based logarithmical image
visualization technique inspired facial recognition system consists of three main different
procedures following the common system steps mentioned bEigtee4-4 is a refined

repregntation of the entire system schematic diagram.
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Input Testing Image Input Training Image

HVS based HVS based
logarithmical image logarithmical image
visualization technique visualization technique
Local Binary Pattern Local Binary Pattern

- N——

Classification

Figure4-4 A refined schematic diagram for the proposed HVS based logarithmica
image visualization technique inspired facial recognition system

Figure4-5 shows example processing results step by step in order to demonstrate the
procedure in details. The original image is an example facial image under low illumination

condition, from the Yal&3 database.
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Figure4-5 HVS based logarithmical image visualization technique inspired f.
recognition system procedure demonstrated
Experiment Setting: Experiments are carried out from the Yale Database, Extefeled Ya
Face Database B, and ATT Database to illustrate the effectiveness of the feature extraction
process.
The Yale Face Database contains 165-@@afte images in GIF format of 15 individuals
with differentfacial variations The Extended Yale Face DatabBsis an updated version
of the Yale Face Database B, containing 38 subjects with 9 poses and 64 illumination
conditions. The AT&T face database contains ten different images of each of 40 distinct
subjects. For some subjects, the images were taken aedtffanes, varying the lighting,

facial expressions and facial details.
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For recognition rate testing, we randomly select a facial imageyigectas training
images. And we tested the recognition results for every individual.

Variation lllumination Simiation: The Figure 4-6 represents the results after using
HVS based logarithmical image visualization technique. At the same time, the table also
includes the example results based on the HVSpreess as a compson, as well as
photometric normalization techniques from INFace (lllumination Normalization
techniques for robust Face recognition) toolboxes: The wavelet based normalization
technique (WA)[209, The Gradient faces based normalization technique (GEIg),

The steerable filter based normalization technique [3EH), The adaptive single scale

retinex (ASR) algorithnf211]. In Figure4-6, the original testing images are from the Yale

B database, Yale database and ATT database. The result images using the proposed method
are sharper and have more details, which are more suitable for faceitienodVith this

method, our face recognition system works effectively under a wide range of illumination

conditions.
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Original Image Proposed method HVS WA GRF

oy PR

Figure4-6 Example results for Variation lllumination Simulation

Facial Recognition Bsult: The recognition rates of our HVS based logarithmical image

visualization technique inspired facial recognition system are shown and compared in the

table below.
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Table 4-4 Comparison of the recogioh rate of Uniform LBP vs. HVS prprocessin
LBP vs. Efficient LBP vs. Pixel wise LBP vs. our method for YRlelatabase, Ya
database and ATT database

Recognition Chi-Square Euclidean Histogram Match Distance Jeffrey

Rate Distance distance Intersection Divergence
(%) Yale-B | Yale | AT&T |Yale-B| Yale |AT&T|Yale-B| Yale | AT&T |Yale-B |Yale|AT&T |vale-B| Yale [AT&T

Uniform 68 | 72| 75 | 72 |715/ 80| 60 | 72| 78 | 62 |72| 72| 65| 78| 72
LBP

HVS LBP

Efficient 70 | 85| 8 | 72 |8 |80 65 | 80| 8 | 63 70| 80| 68|82 85
LBP
Pixelwise| 70 | 85| 8 | 72 | 82| 85| 65 | 80| 80 | 63 |70/ 80| 70| 82| 85
LBP

Proposed| 80 (87.5] 85 | 80 [83.5/835 75 | 78| 78 78 | 78| 78 | 72 | 80 | 85
method

68 | 70| 75 | 715| 73| 83| 60 | 75| 75 | 60 68| 72|60 | 75| 75

The presented automatic facial recognition System based on the Human Visual System
inspired logaritmical image visualization technique has proved to be promising for
lighting-change conditions. Its efficiency, lewost and robustness make this method

suitable for many redife applications.

SYSTEM IIl. A facial recognition system for matching computerized

conposite sketches to facial photos using human visual system algorithms

Autonomous facial recognition systems have been considered one of the most important
tools for law enforcement applicatioas a result ofheir dramatic progress over the past
decadeq194. Automatic facial recognition systems can quickly help determine the
identity of criminals and narrow down the potential suspects; though, in many cases the
facial photo of a suspect is not availal8&]. Therefore, a commonly used method to assist
police in identifying possible spects is to use a sketch of the perpetrator drawn by an
artist from a description provided by the eyewitness or the v[d@H. To the best of the
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aut horsoé knowledge, the forensic sketches
century[134]. Figure4-7 shows facial photo of mug shots and their corresponding forensic

sketches from public forensic sketch databasePFRIC [196.

Figure4-7 Example Forensic sketches from PRIPC dataset

However, it is expensive and tireensuming to employ forensic skhtartists, who
possess this competency and proficief@3]. Due to budgetary restrictions, many law
enforcement agencies are now using facial composite software to create computerized
composite sketchefl34. A survey shows that there are more than 80% of law
enforcement agencies using a computer to generate composite ské®Mfiednlike
forensic sketches created by artists, computerized sketches are generated by facial
composite software. Some of the most popular computerized facial composite software
programs are, IdentiKit, Phaftit, FACES, Maea-Mug, EVOFIT[197]. These software kits
allow even norartists to generate a sketch with only hours of training.

Examples otomputerizedacial sketclesand the procedure to kathemwere shown
in Chapter 3. Although this computerized composite technique is broadly applied, there is
only a limited amount of research investigating using computerized sketches to identify

and recognize faces from photograpBg]. Most published facial recognition work is
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focusing on photdo-photo recognition or hand drawn sketokhphoto recognition.
Therefore, there is a need to study the computer composite sketch to face photos
recognition sgtem.

Our automatic matching computerized sketch to facial photo recognition architecture
consists a training phase and a testing phase. In each phase, we have four separate
procedures. They are the Human Visual System based image decomposition, Logarithm
Local Binary Pattern feature extraction, classification and facial component region

weighting.Figure4-8 is a refined schematic diagram representation of the entire system.

-

: ' Computerized facial|
Facial photo I sketch
O n s O A
HVS based image HVS based image
decomposition | | decomposition
o) o)
Log-LBP feature Log-LBP feature
extraction ] extraction
O n s O aY
facial component facial component
| regional weighting | | regional weighting |
5] _ 5]
classification classification
s 2

output result

Figure4-8 Flow chart for the computerized sketch to facial photo recognition sy

The proposed automatic Sketch to Facial image recognition system can be separated in

to five steps below and example results are showigimre4-9 andTable4-5.

1 Load the facial images and sketches from the database and then convert them

into gray scale images;
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1 Apply Human Visual System image decomposition and fusion of the sub
images to create a grascale edge map;

1 Apply the LogarithmlLocal Binary Pattern to obtain the LBP coded image;

1 Use HybridHolistic Region Weighted model get the improved regional
histogram;

1 Calculate Chisquare distance and matching the-2olkely facial mages
according to the input sketches (utilize a similarity ranking procedure in addition to

our recognition system in order to assist in finding the people of interest).

Sketch Image  Top 1 matched Top 2 matched

Figure 4-9 Example Results of the proposed computerized sketch to facial
recognition system.
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Table4-5 Comparison of recognition accuracy
Database CUHK FERET TUPIS
Forensic skeehPhoto 81.5% 85% 86%
Facial Recognition
Computerized sketeRhoto
facial Recognition

80% 81.5% 88.5%

SYSTEM IV. Face description usingnisotropic gradient: thermal

infrared to visible face recognition

Face recognition technology relies on identifying unifa&al features and pairing
alike structures for identification and recognitfmurpose It has been webtudied over the
past decades, hence finds multiple 4ldal applications in areas of homeland border
security, law enforcement identification, vidbased surveillance analysis, biometric
identification and entertainment systems. However-unaform illumination can impair
the performance of recognition systems, especially in outdoor sdttB@sGenerally, an
automatic reatime facial recognition system comprises of two s{dj$. face detection
and face recognition, and despite extensive work done in the tieldautomatic facial
recognition systems still lack in accuracy when compared to human performBBge
Automated systems are prone to interference due to uncontrolled conditions caused by low
quality capture devices, difficultyf detecting the faces in videos, aging effects, unlawful
face disguise, facial expressions, illumination variations and the difference in body
positions (PIE]73].

To address illumination challenge of visible facial recognition, thermal infrared camera
has been populated and thermal infrared facial recognition system has appeared as a new
modality in the literature, especially for biometric identtion applications and military

applications.Table 4-4shows comparison between thermal infrared cameras and visible
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cameras in order to demonstrate the advantages and disadvantages ofttheisiidé

face recognion over regular visible face recognition system.

Table4-6 comparison between thermal infrared camera and visible cameras

Infrared Visible
thermal cameras| cameras
Objects can be observed in no light diion (dark
environments) yes no
The detectors can pick up on features invisibl
yes no
the human eye
Record image through obstacles (such as thin v
yes no
or smoke)
Color information no yes
Distinguish between objects in proximity or o yes
similar temperatures
Expensive yes no
Consumer use no yes
Detecting humans in nocturnal environments yes no
Low visibility areas yes no
Shaded areas yes no
Low spatial resolution yes no
Lower sensitivity yes no
Low image noise yes no
Low image quality in general yes no
Displays surface temperaturessofid objects yes no
Existing tools for facial recognition fewer more

In this section we will present: 1) a promising autonomous thermal infrared to visible
face recognition system (AGFRAGFR, for the first time, utilizes novel face descriptors
combined with anisotropic gradient concept. AGFR contains anisotropic gradient based on
local polynomial approximation intersection of confidence intervals (L&A inspired
preprocessing, hisgram of oriented gradients feature descriptor, support vector machine
classifer. 2) A new imageaware HVS based visible and thermal image fusion technique
that makes use of the Parameterized Logarithmic Image Processing (PLIP) model. It

provides a methodo fuse both thermal and visible sensors, which can be a valuable
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fundamental work for future imaging fusion from multiple sensors. 3) Moreover, AGFR
has been tested using vary face datasets to show its efficiency, acandropustness
for infrared trermal to visible facial recognition as well as regular vistbleisible face
recognition, fused thermab-visible face recognition and namiform illumination face

recognition.

U Related work on Thermal Imaging

Infrared thermal imaging is a promisingcauseful modality due to its insensitivity to
visible lighting conditions. High illumination variability caused by the face surface
reflectivity is one of the most difficult challenges for facial recognition. Thermal face
recognition technology achievedgh immunity to illumination changes, and as such the
research and business communities have been exploring its appli€dign&igure4-10
below shows an example of a visible face image and corresponding infrared face images.
Infrared thermal face image was first introduced as a robust facial identity signature in
[2121 [213 because infrared fAappearanceo consi st
blood vein branches; hence it is consgika reliable and distinguishable physiological
biometric feature. In addition, thermal images are less affected by changes in pose or facial
expressiorf214]. Thus, thermal face recognition is a powerful technology for biometric

identification application§143.
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Figure4-10: Visible face image and according infrared face images

Although thermal face image technology has all the mentioned advantagpes, |
several main drawbacks in the context of autonomous facial recognition system. The
infrared face images provide the body heat pattern which can be easily affected by ambient
temperature, air flow conditions, exercise, illness and diigd. For exampleFigure
4-11 shows an example set of thermal face images in different lighting conditions, room

temperature and skin temperature (variable due to outside weather conditions).
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@) ) ®3)

(4) (5) (6) (7)

Figure 4-11: An example set of visible and accordingly thermal face images in diff
lighting conditions, room temperature and outside cold weather. (1) and (4) are
face and accordingly thermal face gean no light condition; (2) and (5) are visible fe
and accordingly thermal face image in low light condition; (3) and (6) are visible
and accordingly thermal face image in normal light condition; (7) is thermal face i
in cold room condition.

Due to the popularity of the thermal face recognition methodology, increasing number
of facial feature extraction methods, machine learning techniques and classifiers are
applied to constructing thermal face recognition systgihg] [66]. Image feature based
methods are commonly used not only in visible to visible face recognition, but also widely
applied in thermal to thermal face recdgm. One of the earliest works on thermal face
recognition was a thermal image feature based method proposed if148B7which
measures gray level histogram and locally averages gray level values, followed by neural
network training and supervised classification.

Thermal local binary pattern (LBP), SIFT, and speeded up robust feftd@svere

investigated 148; however with a limited success. A pateise selfsimilarity features

[219 were studied against pose variance for images captured by infrared imaging
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technology. A disguise detection rhetl in visible/thermal face images classified the local
facial regions into biometric and ndmometric (regions with disguise) clas$é47, 149;
then the biometric part was used for feature extraction and matching.

Moreover, the wavelet transform has been studied foraixtgarobust face appearance
features in infrared spectrum due to its ability to gain information in both frequency and
spatial domairf149. In [150, a fourstage system was applied: the faces are separated
from the background using adaptive fuzzy connectedness segmentation; wavelet transform
using Gabor filtering; the derivative filtered images were nextieking Bessel forms and
the simple L2norm, followed by a Bayesian classifier to find the exact match. In addition,
machine learning techniques and modern classifiers were researched for thermal face
recognition in recent years. For instance, optimiageespixel and AdaBoost classifier
were combined for human thermal face recognitidi¥]; Generative Adversarial Network
(GAN) based method159 was developed for challenges like occlusions, high pose,
different skin tone and limited trairgrdata in thermal face recognition.

Limited work has been done on thermal to visible face recognitiga5M, in order to
match the thermal face image to the visible face image, algwritfiat reduce the modality
gapwere proposed. Specifically, partial least squaissriminant anaisis (PLSDA) was
applied to correlate the difference between thermal face signatures to the visible face
signatures. Thermdb-visible face recognition system using a partial least squares (PLS)
regression crossiodal recognition approach was proposedil®?, which consisted of
preprocessing, feature extraction, and PLS model building.

The modality gap between thermal and visible femeognition is one of the most

difficult face recognition challenges, which has been approached with limited success
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[15]]. Hence, we believe our proposed thermal to visible face recognition system, AGFR,

is valuable in both academic and commercial field.

U Proposed thermal to visible facecognition system

Our proposed architecture for thermal to visible face recognition system, AGFR,
consists of three different procedures: the anisotropic gradient based imagegassing,
facial feature extraction (HOG), and SVM classificatidgtigure 4-12 is a refined

representation of the entire system schematic diagram.

C Input Image ) ( Image Gallary )

) 4 h 4
anisotropic gradient anisotropic gradient
pre-processing pre-processing
) 4

\ 4
facial feature extractio facial feature extractio
(HOG) (HOG)

( Classification (SVM\

Find Match—bL\

Figure4-12: Refined system diagram for AGFR

U Experiment Rests

Thermal face dataset

Two popular thermal face datasets have been used for experimental protocol design and
testing. IRIS thermal/visible face datab§®6g contains simultaneously captured thermal

and visible face image pairs under variable illuminations, expressions, and poses. This
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database has a total of 4228 pairs of thermal and visible images (320x240 pixels) from 30
individuals. Each subject was capgd under 11 pose rotations, 3 facial expressions, and 5
illumination conditions. Carl Database contains 41 pairs of visible and thermal images,
which have been acquired using a thermographic camera TEST& 8&f@ails about the
thermographic camera cogftiration were described 101 and[10Z. Carl database
provides a resolution of 160x120 pixels for thermal images and 640x480 for visible

imagesFigure4-13 below shows example images from IRIS thermal/visible.

-

Figure4-13. Example images from IRIS thermalivisible database

Used noruniformed illumination frontal face dataset and other commonly umsesl f

datasets

Yale-B databasgr8] [79], Yale face databa$@7], and AT&T[75] database have been
used to test thaccuracy for potential use of the proposed AGFR. Yale B database has face
images from 28 human subjects under 9 poses and 64 illumination conditions. It has been
widely used in face recognition research specifically on variant illumination conditions.
Yale face database contains face images of 15 individuals. 11 images were collected for
each individuals following facial expressions or configurations: ceigter; with or
without glasses, happy, ldfght, normal, rightlight, sad, sleepy, surprised, dawink.

AT&T database, also as known as ORL face database, contains ten different images each
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of 40 distinct subjects. Images were taken under varying lighting, facial expressions (open
and close eyes, smiling, neutral) and different facial accesseigese4-14 below shows
example images from neimiformed illumination frontal face dataset and other commonly
used face datasets.

==
=J

Yale face

Yale-B database AT&T face database

database

Figure4-14: Example images from YalB, AT&T and Yale database

Experimental Protocols and Results Comparison

For IRIS thermal/visible face database, we choose one thermal image and one visible
image for each participant. Both therniamlage and visible face image were noted as a
same pose angle. However, for IRIS database, the thermal camera and 2D camera were not
set up in a same distance. Hence for testing this specific dataset, we included a face
normalization step. For Carl Datakdace database, we choose one thermal image and one
visible image for each participant.

For AT&T and Yale, we tested against the complete dataset. For each subject, 70%
images were selected as training images and 30% images were used as testing images.

Yale-B dataset we tested against the complete dataset in order to show the performance
of AGFR for nonuniformed illumination face recognition. For each subject, 70% images

were selected as training images and 30% images were used as testing images.
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The tdle below shows the recognition rate against different images datasets using
different algorithms. The proposed AGFR provides a promising improvement in thermal
to visible face recognition system while giving an outstanding performance in visible to
visible face recognition system under regular andunaformed illumination conditions.

Table4-7 Recognition rate against different image datasets using different algorithms

Database LBP HOG Proposed AGFR
IRIS face databas 6.7% 23.3% 50.0%
Carl Database 5% 17.1% 60.0%
AT&T 55.8% 88.3% 89.2%
Yale 62.2% 91.1% 93.4%
Yale-B 17% 80.4% 83.3%

U Discussion on using both thermal and visible images for face recognition system

The most notable benefit of the joint usé thermal and visible sensors is the
complementary nature of different modalities that provides the thermal and -igittle
information of the scene. For instance, firefighters can use the combination of thermal
infrared camera and visible RBG camerasaiscue scenarios where traditional visibility is
impossible due to smoke, obstructed space, and possible fire. Meanwhile, the
complementarity of information captured by the different modalities (such as
supplementing thermal images with color informafiean increase the reliability and
robustness of a face recognition or surveillgitc@.

In this section, we explore the joint of using both thermal and visible sensors, which we
believe it can be a valuable fundamental work for any imaging fusion from multiple
Sensors.

A new imageaware HVS based visible and thermal image fusion techtigienakes

use of the Parameterized Logarithmic Image Processing (PLIP) model is proposed in this
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paper. The PLIP model, a generalized version of LIP model, views images in terms of their
gray-tone functions and processes them using new arithmetic ofera@acing the
standard arithmetical operators. They also overcome the shortcomings of the LIP model,
namely the potential of clipping and the loss of information inherent to the framework.

The graytone functiomy, for agiven image, is generated using

w | O (4.2)

Where,| is a model parameter. In this paper, the valu¢ fisrmade image dependent
and is set td A @D, the maximum intensity value in tii@age . In contrast to having a
constant value for (255 usually), setting its value to be dependent on image statistics
provides for a more robust imagevare fusion. Based on the above formulated-tag
function, the fused image can be obtainedifing,

QoI QQ0a WAy a w (4.3

Where & is the PLIP addition operator, angis the result of PLIP scalar multiplication

as defined below.

g W W (4.9
wauy e A @ hy

W (4.5)
T Agy

For this work,w is the visible imagey is the thermal image, ang is the maximum

W maw A@m [A@ p

combined image obtained by selecting the maximum intensity value of thermal and visible
image at each pixel location. The constamtshould be selected imish a way thaBm

p. Inthis paperm 1™ wYyrmp T Y xandm TP p Tape selected. The results

of the thermal and visible image fusion using the prosed PLIP inspired fusion method are

shown inFigure4-15.
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(@) (b) () (d) ()

Figure4-15: Thermalvisible image fusion. First row shows the visible images, se:

row shows the thermal image and the third row shows therfussult.
Figure 4-16 shows a refined architecture of visiiteermal fused image to visible
recognition. The fused images from Carl detest has been used to test the validity of the

proposed AGFR, a recognition eadf 83.3% has been achieved.
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Figure4-16 A refined architecture of fused image to visible image recognition; &

example fused image was shown as well.

To sum up, ALGORITHM Y presents an infrared thermal to visible face recognition
system: (1) face image pprFocessing using anisotropic gradient l-RX method, (2)
features extraction using HOG, (3) classification using SVM classifier. Numerous
experimental protocols were aiurcted to evaluate the proposed system (i) using Carl
thermal database, IRIS thermal database; (ii) using theimiéormed illumination frontal
face database YaR; (iii) using standard RGB face database, Yale and ATT. Computer
simulation results confired that AGFR is a promising infrared thermal to visible face
recognition system. Moreover, AGFR also shows its advantage for face recognition

applications in nowniformed illumination conditions.
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In addition, we explore the joint of using both thermal @isible sensors. A new image
aware HVS based visible and thermal image fusion technique that makes use of the
Parameterized Logarithmic Image Processing (PLIP) model is proposed as part of
ALGORITHM IV. Thermal face images and visible images are fusgether Carl dataset

has been used to test again the fused image to visible face recognition using AGFR.

SYSTEM V. lllumination invariant NIR face recognition using

directional visibility

This sectiordescribes novel architecture for illumination invariant fa@eognition.
First, a sequence of directional visibilifgee section 2.5jnages are generated. Second,
LBP or HOG features are extracted from these images. The resulting face images encode
intrinsic information of the face, subject only to a monotoningfarm in the gray tone;
based on this, we use local binary pattern (LBP) features to compensate for the monotonic
transform, thus deriving an illumination invariant face representation. Finally, SVM based
classification is performed. The overview systerohéecture is shown ifrigure 4-17.
Since this work was led by other contributahss thesiswill not present too much detailed

information in this thesis.
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Figure 4-17 lllumination invariant NIR face recognition system using directic
visibility .

The proposed method was extensively tested using two publicly available databases:
The NIR Tufts Face Database (TD), Set 1: This dataset has 675 images. 25 ptgti2ipa
images each separated into 4 sets. Set 2: [IT Delhi Near IR Face Database: 48 participants,
6 images each.

The database was randomly split (73296, 80%20%, 90%10%) into training and
testing setsTable4-8 present the computer simulation results of the proposed system.

Table4-8 Face recognition using directional visibility on visible image

. Tufts Database (NIR) [IT Delhi NIR Database
Training
Ratio HOG LBP HOG LBP
0.7 95.28 34.42 73.19 17.52
0.8 95.45 37.5 73.46 24.48
0.9 97.02 39.6 71.42 20.4
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The proposed lllumination Invariant NIR Face Recognition usimgdiional Visibility
algorithm has several advantages such as: it proposes a novel directional visibility based
local feature extractor to generate complementary data types; it does not require images
captured under different lighting conditions to creat®rmalizing ceefficient, and it does
not need to align the images for recognition. The experimental results demonstrate the

successfulness of the proposed method.

SYSTEM VI. Deeplearning based thermal emotion recognition system

Facial emotn recognition technoby finds numeroureallife applications in areas of
virtual learning, cognitive psychology analysigyatar animation,human machine
interactons,and entertainment systems. Most stat¢he-art techniquegocus primarily
on visible spectrum infonationfor emotion recognition. This becomes very arduous as
emotionsof individuals vary significantlyMoreover, visible images are susceptible to
variation in illumination. Low lighihg, variation in poses, aging, and disguise have a
substantial impact on tlwpearance ofmages and textural information. Even thoggeat
advanes have been made in the field, facial emotion recognitisimg existing
techniquess often not satisfactory when compared to human perform@nocavercome
these shortcomings, theafrimages are preferred to visible images. Thermal images a) are
lesssensitive tdighting conditions, bhave consistent thermal signaturasgc) have a
temperaturalistributionformed by the face vein branches. Tlegction presents
arobustemotion ecognition system ursg thermal images (TERnet). To accomplikls,

customized convolutionaleuralnetworks (CNNs) are employed, which possess excellent
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generalizatiortapabilities. The architecture adopts featumsained via transfer
learningfrom theVGG-Face CNN model, which is further finaned with thahermal
expression face data from the TUFTS face dataltzm®aputer simulations demonstrate an
accuracy of 96.2% when compared to the stétine-art models.

U Introduction and motivation

Facial Emaéion Recognition (FER) has attracted considerable interest in a variety of
applications, including biometric authentication, surveillance, huooamputer interaction
(virtual learning), and multimedia management [1]. Emotions such as anger, disgust, fear,
happiness, neutral, sadness, and surprise form the basis for emotion recognition [2]. The
accuracy of detecting a particular emotion lies solely on the ability to generate
representative features. However, emotion states often vary across individuatsgg maki
classification a challenging problem [3]. Conventionally, FER is compostdoahajor
categories: statibased FER and dynamic based FER. Staged methods consider
features pertaining to a single image, whereas dynbagsed methods consider the
sajuential relation between frames [4]. Traditional ste#téhe-art classifiers such &M
(support vector machingsAdaBoost, and random forest have been effective when
classifying posed facial expressions in a controlled environment. However, clagsifyin
images captured in a spontaneous uncontrolled manner or when applied to databases for
which they were not designed poses challengeg.

With an increase in computational power and the availability of larger datasets, neural
networks are being favored over many stat¢he-art machine learning techniques. Deep
neural networks or Convolution Neural Network (CNN) possess the atuligxtract

obscure features that improve visual processing tasks. Convolution is performed by
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applying a set of twalimensional regioiioased filters over the entire image, resulting in a
series of filter response maf&lg. To reduce the range of feature banks and make the
architecture invariant to transformations, convolutional layers are often followed by a
pooling layer, subsampling feature maps by breaking them down intgla slament.

Current research focuses on face images or videos in the visible spectrum. Due to high
illumination variability caused by the face surface andvidugation in poseaccurately
predicting each emotion is challenging and hinders FER. To adtirese challenges of
visible facial recognition, thermal infrared facial recognition was developed. Thermal face
recognition technology has achieveslatively high resistance to illumination changes
attracting applications in the fields of research éndiness. Few of the applications
include testing psychopathic offenders who demonstrate a lack of em{Zibg,
classifying cognitive workload22(], measuring emotional stress for safety driia2d],
and detectinganxiety by assessing the breathing rate along with facial skin temperature
[227). Infrared thermal face imaging was first presentefRiB 223 as a robust non
intrusive facial identity signature because it mainly comprises of facial temperature
variations caused by vein structure on facial surfa2d]. Thus, thermal face recognition
is a distinguishing trait for biometric identification applicatiphd3 224]. Moreover, this
imaging techique can penetrate over smoke, dust, and mist thereby aiding in spotting
individuals over a wide range of troublesome atmospheric condj2@3% Nevertheless,
thermal images also suffer from problems. One of the major problems being occlusion due
to the opaqueness of eye glasses. Thermal images are also sensitive to the environmental

temperature and pbical and health conditions of the person. Moreover, given the limited
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availability of thermal images in datasets, training a deep neural net model would prove
unfruitful.

In machine learning, the training and testing data have the same input featararspac
data distribution. Due to the lack training samples, learning from a related supplementary
dataset and transferring its feature representations becomes necessary. This is the
motivation for transfer learning. Transfer learning mimics the human vssistem by
making use of sufficient amounts of prior knowledge in other related domains when
executing new tasks in the given domdRecent astonishing work in the field of deep
convolutional neural network (CNN) has demonstrated its ability to extrapieifeatures
from input images and its superior performance over a wide variety of fa2&s
However, when applied to Face Emotion Recogni{leER), they hava few limitations
such as: a) largscale amount of training data is needed to avoid overfitting; b) expensive
computational power is required to run deep layers for training purpose; c) the existing
thermal facial emotion databases ao¢ sufficient to train the weknown neural network
with deep architecturi227], d) high intersubject variations exist due to different personal
attributes, such as age, falctemperature, gender, ethnic backgrounds and level of
expressivenesf22g. To solve the challenges listed above, deep CNN based transfer
learning is proposed to optimize and rapidly train the system to solve a task with limited

dataset and reduce computational power by usingrpiedweights from a similar task

U Related Work
Most of the stat®f-the-art algorithms employ visible images to detect facial emotions
[40, 53, 229 23(. But a major downside with visible facial emotion recognition algorithms

is the lack of differentiating between genuine emotion and fake emotiomainge
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emotions can be concealed through fake expressions. Furthermore, recognition rate is
dependent on the surrounding illumination for visible images. To overcome this, a few
researchers have paid attention to emotion detection using infrared therges[ggd-
235.

Khan[236] proposed a nemtrusive automated facial pression classification system
by computing the variances in thermal intensities captured at thermally significant
locations on human faces. Derivation of principal components, stepwise selection of
optimal and most discriminating features, and linearruisoant analysis within the
reduced optimal Eigenspace were employed for classification purposes. f2phie
proposed a technique to categonimee action units by employing a noninvasive metho
that assesses fluctuations of facial heat patterns induced by facial muscles contractions. For
guantification purposes, leaomeout crossvalidation method with knearest neighbor
model was used. Trujill$23g presented a method that used unsupervised Local and
Global feature extraction technique-modal tiresholding was used for face localization,
followed by extraction of Eigen features. Finally, Support Vector Machine was used for
classification purposes. Yoshitorf235 proposed a technique that uses-RBcrete
Cosine Transform on thermal difference images. Feature vectors were generated according
to a heuristic rule. These features were then classified using nearest neighbor criterion to
detect facial expressions. Nhg@34 classified different affective states and baseline state.
A genetic algorithm was employed to classify emotions. This algorithm selected the best
combination among features such as various time, andlftieggiency features extracted
from facial thermal infrared imaging data, blood volume pulse data, and respiration data.

Shen[239 used infrared thermal videos to perform facigbression recognition. Subset
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of features were extracted according to theakies of horizontal and vertical temperature
difference sequences of different facial sagions. Finally, an Adaboost algorithm with
the weak classifiers of-Kearest Neighbor veaemployed for classifying purposes.

i Proposed Emotion recognition systeherNet

In this section, a deep learnibgsed thermal emotion recognition system (TERNet) is
presented. A visual block diagram of TERNet is illustratedFigure 4-18Error!
Reference source not found. The proposed network is initialized using the weights
provided by the VGG-ace mode[24( and the network is finrtuned using thermal
images from the Tufts database. V&@ce weights were reused as it was trained on 2.6
million faceimages when compared to ImageNet which was mainly develop for various
object recognition purposes. The V&@ce model was trained for visible image face
recognition purposes. This network was trained on N=2,622 unique individuals that was
setup asnN-ways classifier. To perform recognition, a triplet loss was employed to verify
identities by comparing the N linear predictors from the final fully connected layer with
the ground truth in Euclidean space. To perform transfer learning, the lastdotgced

layer is replaced with our custom network.

Table 4-9 : Architecture of TERNet. Building blocks are shown in brackets \
[kernel size, # of filters] x repetition

Block Block Block Block Block Block
1 conv_x 2 conv_x | 3 _corv_x 4 conv_x 5 conv_x 6_conv_x
Conv_x Conv_x Conv_x Conv_x Conv_x Conv_x
o OFIpT o o ouve| o ovpc o chupg| v ufmnw(
C OFp c Y o] o o P Pt Mwg
C p phr
Softmax
Maxpool Maxpool Maxpool Maxpool Maxpool
S S S .G S
¢ Istride =2 ¢ hstride =2 C hstride = 2 C hstride = 2 ¢ lstride =2

103



The CNN architecture ofERNet is provided iTable4-9. In this network, each linear
operation such as convolution layers is followed bg-iear operations such as RelLU
activation functiorf241] as defined i(4.6). Each blocks followed by a maxpooling layer
to reduce the dimensionality of the feature maps. For the last convolution layessoftm

function is employed and can be formulated as show#h T

oA, B | Agih (4.6)
O I

&8 _
B Owmp (4.7)

The VGGFace model used visible face images of 224 x 224, whereas TERNet uses 161
x161 resolution with thermal face images. This image is propagated through the network
and the softmax layer provides N predictions. These N prediciiensompared to the
ground truth usingnulticlass log lossThis loss function quantifies the accuracy of a
classifier by penalizing false classifications. To compute Log Loss the classifier must
assign a probability to each class rather than simply ngldhe most likely class.

Mathematically Log Loss is defined @&8).

beii P Oiig (4.9)

where_ is the number of samples instances, is the number of possible labets,
is a binary indicator of whether labs the correct classification for instari@andr) is
the model probability of assigning lab8o instancéQA perfect classifier woulddve a
Log Loss of precisely zero. Less ideal classifiers have progressively larger values of Log

Loss. The fully connected layers in the V&@ce model is replaced by convolutional
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layers. These fully connected layers have fixed dimensions and requitaia nember

of parameters to connect the input to the output. Moreover, they eliminate spatial
coordinate$242]. The replacement allows us to be more efficient as only one forward pass
is needed.

U Dataset ad Evaluation

The Tufts Face Databgssee Chapter 3243 is a newly proposed face image dataset,
which consists of D, 3-D, thermal, neamfrared, and computerizedketch images to
facilitate for heterogeneous facial and emotion recognition purposes developed for
multimedia, forensic, security, biometric, and entertainment applications. For thermal FER
purposes, only thermal emotion images were considered. Thistdedasgns a total of
565 images from 113 participants with 5 images per participant. In this, expressions consist
of a) a neutral expression, b) a smile, c) eyes close (sleepy), d) exaggerated shocked
expression, and e) with sunglasses. However, for emogcognition task, the images with
sunglasses were discarded. The images were cropped such that irrelevant information is
removed. The original images were of size 336 x 256 and the cropped imagef wze
161 x 161.

To increase the amount of data,age preprocessing techniques were employed.
Accordingly, adaptive histogram equalizati¢®44], guided filtering[245 246, and
intensity adjustment techniques were applied, and combined with the original iflages.
recognition results oTERNet finetuned with pretrained weights obtained from VGG

Faceis shown in table below.
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Table4-10: Comparison of TERNet with staté-the-art models.

Model VGG16-custom layer VGG19 ResNet18
Pretrained VGG-Face ImageNet ImageNet ImageNet
weights
Topl 96.2 93.4 94.8 94.2
Accuracy (%)
Detailed description and configuratiotan be found inShreyas Kamath, Rahul
Rajendr an, Qi anwen Wan, Karen Panett a, So
Approach for Ther mal Face Emotion Recogni

Sensing 2019.

U Summary

This section discusa robust and efficienthermal face emotion recognition system
using a custom convolution neural network, TERN@tjch utilizes pretrained weights
from VGG-Face as initial facial feature maps. A custom layer is added to the VGG16
network to extract thermal facial features atabsify emotions more effectively. Extensive
computer simulation indicate that the proposed system, when applied on the newly
published Tufts face database, produces 96.2% accuracy, better in comparison tc the state
of-the-art networks. The emotion recatjon architecture has proven to have advantageous
characteristics in positiemvariance, varying illumination conditions, and high noise
tolerance

A loss function that can distinguish between classes with subtle changes will be
investigatedin the future Furthermore, the proposed system will be prototyped and
integrated into augmented reality devices in orderto prodebm e assessment o

emotion.
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Figure 4-18The promsed Face Emotion recognition system architecture. Blegk
maintain weights pertained using vggfd2d(Q [247]. The parameter for convolution
layer is: name/filter ge / stride / filter number. The format for the pooling layer

method / filter size / stride. Fine Tune process contains 3 fully connected layers (fc
fc8), and the feature dimensions after each fc are shown
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PART 2. Head-Mounted Eye-Tracking Technology: Review,

Analytic Systems, and Visualization
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Part 2 gives a comprehensive demonstration of all my work related tenfeaded
eye tracking technology during graduate career. It covers contributions on a comprehensive
literature review on tateof-art headmounted eye tracking technology and fields of
applications, the development of muttiodal eye tracking data analytics, proposed system
architectures to enhance largeale headnounted eye tracking data analysis utilizing
image processingnd computer vision techniques, as well as visualization software
solutions for researchers from varying backgrounds.

This partpresents work from selected publications listed below:

1. Karen Panetta, Qianwen Wakleksandra Kaszowska, Holly A. Tayl@ps Agaian.
ASoftware Architecture f or-Traking ®aeaAnalysig Co gn
and Object Annotati on, eMathiBeESysteins (AHMSRRAL: I o n s
10.1109/THMS.2019.2892919.

2. Karen Panetta, Qianwen WaAleksandra Kaszowska, et| . Al See-Col or :
mounted Eye r acki ng Data Visual Analytics techn
Transactions on Visualization and Computer Graphics (TVCG), under review.

3. Karen Panga, Qianwen WanAleksandra Kaszowska, Holly A.Taylor, Sos Agaian.
OAnnotation, Fusion and Mtlingtnemeenstt f(oDrOIl My |
Transactions on Systems, Man, and Cybernetics, under review.

4.Qi anwen Wan, and Karen Panetta. AA Video
Integrity Using Human Visual Systemspired measures," Technologies for Homeland
Security (HST), 2017 IEEE Symposium on. IEEE, 2017.

5. Qianwen Wan, Srijith Rajeev, Aleksandra Kaszowska, Karen Panetta, Holly A.

Taylor, and Sos Agaian. "Fixation oriented object segmentation using mobileeker tt
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In Mobile Multimedia/Image Processing, Security, and Applications 2018, vol. 10668, p.
106680D. International Society for Optics and Photonics, 2018.

6. Qianwen Wan, Aleksandra Kaszowska, Karen Panetta, Holly A.Taylor, Sos Agaian.
AAeri al B ilana® gar Se&rchr ance Rescue Missions Using Eye Tracking

Techniques, 0 Technologies for Homel and Sec

IEEE, 2018.
7Arash Samani , Karen Panett a, Qi a-6uven Warl
Detection for SeHlDiagnostics © Vi deo Surveillance Systen

Homeland Security (HST), 2018 IEEE Symposium on. IEEE, 2018.

8. Qianwen Wan, Aleksandra Kaszowska, Karen Panetta, Holly A.Taylor, Sos Agaian.
A A Compr e h e-msuntede EyeH €racking Review: Software Solutions
Applications, and Challenges, 0 Stereoscopi
IS&T Electronic Imaging 2019.

9. Qianwen Wan, Aleksandra Kaszowska, Karen Panetta, Holly A.Taylor, Sos Agaian.
A En h an c-malinted eya wacking data analysis usingsupe s ol uti on, 6 St e
Displays and Applications XXX Conference, IS&T Electronic Imaging 2019.

10. Aleksandra Kaszowska, Qianwen Wan, Karen Panetta, William C. Messner, Holly
A. Tayl or . AYou canot al ways know wéat y O
tracking analysis of a tool design process,
Society, poster presentation

Patent: Karen Panetta, Qianwen Wan, Aleksandra Kaszowska, Holly A. Taylor, Sos

Agaian, Shreyas Kamat h, SidniSgstemsrandRzhitectora t h ma
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using Human Performance Monitor Deviceo,

University. July 2018.
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CHAPTER 5. HEAD-MOUNTED EYE TRACKING

LITERATURE REVIEW

The material presented in this chapter was previously published irn@maiwan,
Al eksandra Kaszowska, Karen Panett a, Hol |y
Headmount ed Eye Tracking Review: Software Soc
Stereoscopic Displays and Applications XXX Conference, IS&T Electronic Imdijifg 2

Headmountedey¢ r acking technology allows for mo
eye movements in a completely unobtrusive fashion. It has been effectively used to
accelerate human behavior research in a wide variety of areas.

The investigation oéye movements dates back to 1960s and is supported by a rising
trend technology that is eye tracking sensor technology. fgeking technique has been
effectively use in psychology related fields for several dexésiee Table 5-1). Eye
tracking sensor technology can monitor where a person is looking while completing
complex tasks. Generally speaking, all present eye tracking technology allows for tracking
humands eyes focus, which provi dergioni ndi c a
awareness, and presence.

Al-Rahayfeh and Faezipour published a comprehensive survey in 2013 on eye tracking
and head movement detection [1]. The survey includes eye gaze detection and tracking
algorithms, eye tracking applications and review ommercial products. Recently,
Sridharan introduced realorld task inference using eye tracking and corresponding
software solutions in his Ph.D. thesis [2]. This work provides information on different case
studies and objects classification methods torawe efficiency of regionof-interest

manual annotatan Duc hows ki 6s book [ 3] i s -ttadkind i zed

technology for students and researchers who are interested in psychology, marketing,
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industrial engineering, and computer scienM ChitaTegmark [4] provided a review and
metaanalysis of eydracking studies focusing on social attention research. Alemdag
reviewed eye tracking methodology on multimedia learning research [5].

Headmounted eye tracking devices have received asing attention from both
academia and industrial community because they allow the participants to move around
freely without compromising the quality of captured eye gaze information. Wearable eye
tracking devices can be used to investigate natural vigWwahavior in any reatorld
environment with high robustness and accuracy.

Motivated by the growing importance of heabunted eye tracking technology, this
chapter provides a comprehensive review for researchers who are trying to find the most
effective strategies for their research and applications. The goal of this chapsetoaim
provide a survey of stasf-art headmounted eye tracking technology, present
commercially available wearable eye tracking equipment, software solutions for eye
tracking dataanalysis techniques reported in the literature, and dscgke eye tracking
data visualization methods for researchers from varying backgrounds. Example
applications adopting headounted eye tracking are described, such as humzahine
interaction, cogitive psychology, medical applications, and augmented reality.
Furthermore, discussion of limitations and expectations for-headchted eye tracking

analysis methodology is also investigated.

5.1 Popular commercial headounted eye tracking products
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(b) (€)

(d) (e) (f)

Figure 5-1 Example images of different heatbunted eye trackers.(a) SNR49; (b)
Tobii pro glasses R249; (c) Pupil[25(; eye image as captured by the eye trackel
(e); (f) is the captured gaze point overlaid scene video while participants doing an
human problem solving study, the orange circle is showing where the particip
looking at.

Current commercially available infrared eye tracking equipment can be categorized into
stationary remote eye trackers and headinted mobile eye trackers. Sta@oy remote
eye trackers are widely used in traditional indoor humachine interaction research since
the 1980s, such as reading assignment, web searching, and gaming. This technology
significantly reduces part i c iegparticipantdtositange
still to ensure the quality of the collected data.

On the other hand, the heatbunted mobile eye tracking technology allows researchers
to investigate human eye movements without many restrictions, opening up the range of
possiblerecordings that stationary eye tracking could never fit. With the arrival of this

technology, researchers can monitor Awher e
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are interacting with the realorld, communicating with other people, manipulating

common objects and completisgecific daily taks.

Table5-1 A Comprehensive Heahounted Eye Tracking Review: Software Solution
Applications, and Challenges

Headmounted eye

tracking technology Category Related work
Popular devices SMI, Tobii pro glasses 2, Pupll [248-25(

1 Cognitive psychology [251-258

1 Infant and child education [259-269

1 Augmented reality & virtual reality [270-282
Fields of application 1 Marketing and consumer [283-292

f Human machine interaction [194, 293-300

1 Sports [301-304

1 Medical and clinical applications  [305-308

1 Heatmap visualization [309 310
Visualization methods  { Scanpath visualization [311, 317

1 AOI visualization [313

1 Commercial software [248-25Q

Analysis approaches . .
ySIS app { Manual annotation on aaeof-interest[313-319

1 No commercially available eye tracking analysis syster

that enables the automatic caiegation of what people

looked at without manual tagging AOls.

Software solution ﬂ No aut_omatic visual analytic tools that can present

limitations and Cha"enge!nformatlon_ abouWhefe what and forhow longall together
in a dynamic scene video.

1 No automated data fusion approach existed thafuse

the audio data collected from the concurrent headnted

eye trackers associate with the eye tracking video analy:

SMI headmounted eye tracker is a popular headunted eydracking device that is
often adopted by cognitive scientists apdychologists, though SMI is no longer
commercially available since August 201Figure5-1 (a) shows a picture of SMI eye
tracker. Another popular headounted eye tracker is released by Tobii along with the

Tobii Studio eye tracking data analysis software. Tobii is used a lot in education research
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and marketingisability applicationskFigure5-1 (b) shows a picture of Tobii eye tracker.
The most commonly used open sourcetegeking technology is developed by pupil labs
[32Q. Pupil labg321] not only develops open source software eye trackiatforms and

build accessibléardware but also provide tracking agias for the latest augmented reality
(AR) and virtual reality (VR) headsets. Astonishing number of imadnted eye tracking
devices are mask available, information and comparison about different devices can be

found in[293.

5.2 Fields of applications for headounted eye tracking

U Cognitive psychology

Headmounted eye trackers were used to measure the cognitive load of interviewers
while problemsolving on a whiteboard during techrliaaterview process in industry for
reducing bias in hiring practic¢251]. An eye tracking solution using SMI eye tracking
glasses for psychological research is discussggbi. Different experimental psychology
research fields that require unconstrdieges, head and hand movements suggested to use
headmounted eye tracking technology, such as visual searching, reading, natural tasks,
scene viewing, and information processing in complex cognitive tasks. Research
investigating how designers approachedriexperience and usability when working with
different end users combines concurrent think aloud and eye tracking protocols were
introduced in[253. Resarchers used headounted eye tracking devices to record
unconstrained speech and eye movements elicited in purposefully controlled fashion.

Eye movements of a group of geologists engaged in a field study across California were

examined while extractingnvironmental clueg254]. This project stems from the notion
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that exploring patterns of eye movements and fixations for the purpose of offering insights
to the deelopment of perceptual expertise. Wearable eye trackers have been used to study
cognitive status in enoad driving applicationg255, which trackgshe eye movements of

a driver navigating a test route while completing various driving tasks. Trends using head
mounted eye tracking technology in cognitive science and neurophysiological studies were
denonstrated 256, such as studying the relationship between saccadic eye movements
and cognitive processes. Heaxbunted eye tracking techniques were utilized to validate
the cognitive load advantage to vispatsentation of simple arithmetic and memorization
tasks[257]. Headmounted eye tracking techingies for investigating research on spatial

cognition, geographic information science and cartography were detajZs8jn

U Infant and child education

Headmount ed eye tracking technol ogy was u
exploration[259. The study measured infantos eye
speech and visual guidance during spontaneous, unconstrained, natural interactions with
caregivers, objects, and obstacles. The limitationsaalvdnces of using headounted
eye tracking devices for understanding early human behavior development by researching
young infantsdé6 corneal reflection, visual
shifts were discussed [260. Devel opment al psychol ogi st s
behavior depend on the use of mobile eye tracking technology in order to gain insights of
i nfant s06 ever yaheagy paradiging and edrly wosiors deprivag@6]]
[267. The visual evidence for language learning of ambiguous and unambiguous words

was under investigated using headunted eye tracking devic¢®63. Headmounted
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systems were used to understand how information frommeyements, charseristics

such as interest in objects, time spent on objects, frequency of visits, and sequences in
which content i s consumed, could be wused t
the learning process in the context of attentielated task§264 [265. The wuser 6s 1
cognitive behavior during interaction with an environment for explordiased learning

was measured using heawunted eye tracking devicgz6§. In the recent years, various
technologies (such as collaborative software, cloud computing, scaséng, virtual

classroom) adapting headounted eye tracking systems to facilitatele@ning

develgpment efficiency[267] [268 [269.

U Augmented reality and virtual reality

A headmounteckye tracker was intergraded into a binocular eye tracking virtual reality
system for aircraft inspection training j&70. A virtual reality scene that is currently
displayed to a user wearing the haadunted system through detecting the direction in
which the user is looking in the scene, via eye tracking esteablished i]282. Gaze
typing via virtual keyboard, redime facial reenactment and eye gaze control in a-head
mounted virtual reality system using mobile eye tracking technology is descrifg&tlin
275. Headmounted eye tracking can assess visual attention and has opened up many
possibilities for virtual reality based therapy while VR technology recently éasniea
popular tool for therapists to use as an immersive environment for pdf&etsHead
mounted eye tracking camera enables sensing and conveying facial expressions and user
emotions during social interaction in virtual realisettings[277]. [278 introduced

electroencephalographic eymcking as an additional interaction channel to record real
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time pupil position for headthounted virtual reality and augmented reality devices in
gaming and entertainment industries. Heamlinted virtual and augmet reality near

eye displays require accurate eye tracking technology to create the possibilities to take us
to new places, provide instant and spattallyare access to information, hence improving
navigation capability279. Combination of using headounted eydracking technology

and usemworn virtual reality system was proposed as a novel tool to facilitate research in
human novement and movement disordg280. Headmounted eye tracking technology

is predict efd eaesdO thhuemafinh ammadcshi ne i nt enualct i on

reality and augmented reality gameplay fij@al].

U Marketing and consumer

In [283 [284], grocery store experiments were described to investigate the possible
regionof-interests of costumers using a headunted mobileeye tracker. The interplay
between store familiarity, visual attention, and navigational fluency to precede and
influence unplanned purchases of 100 retailer store shoppers wearing Tobndweaed
eye trackers were examined [iB89. The power of using headounted eye tracking
systens in marketing research and economics theory was discus$2égn In [287],
different types of heuristics to meet shopping goals were investigated by monitoring how
a customero6s visual attention is influence
store,and a grocery store. The combination of virtual reality settings with-imeaeted
eye tracking provides a unique opportunity for shopper research in particular to shopper
assistancg28g. A headmounted eydracking case study was conducted[289 to

demonstrate that retailers can attract con
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such as providing relevant information, orienting consumers around, and offering-an eco
friendly product assortnme. [290 outlined case studies investigating the relationship

bet ween costumerso6 visual Ssearqprocepsain t er ns
supermarkets. A review of using eye tracking measurement for understanding of
consumer s needs ad].[@%) examireed assoeatians bgtiveee n i n
broad personality traits and human gaze behavior when buying a car or viewing car dealer

advertisements.

U Human machine interaction

For ideal human machine interaction systems, the most effective mean is through the
behavior of the eye gaf294. Since early 20s, weable, and lightweight eye gaze trackers
became increasingly used for HCI studj293. A new riiecheadn dmset hod f o1
border surveillance, search and rescue missions using-nm@aated eye tracking
technology was offered {194]. Searching and rescue soldiers are suggested to wear head
mounted eye trackers to better complete their mission by analyzifapa&gnterests
online and offline, investigating the workload through thaéud protocol and training
through gaze path guidance. Gaze based command and control is largely used for people
with severe disabilities who requiring harfdse alternative ireveryday life[295. An
electrooculography based systems hemdinted eye tracking system shows great
potential value for interacting with computers and devices by recognizing the user's eye
movements[296. Orbits [297] proposed a novel eye gaze based human machine
interaction technique that enables hafrde input on smart watches, which was tested

using example music player application. A toast heagnounted eye tracking solution
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was propoed to improve the human machine interaction with iPad applicaiR98.
Personal viewing devices, such as an augmented reality devices, virtitalglaases,

scope simulators, monocular simulators, binoculars simulators, or telescope simulators,
can be integrated with eye tracking technology to create a more immersive human machine
interaction experiend®99. Chittaro, L. and Sioni, R. combined eye tracking technology

in mobile heaemounted devicéo effectively select menu items [i[BOQ.

U Sports

Headmounted eye tracker was proposed to find the evidence for prediotie| of
eye movements in sporft801] of two skilled squash players. Visual fixation of obstacles
of both adilts and children were measured using wearable eye tracking devices while they
were during free, unfettered locomotion such as jumping, walking and rui@@#g This
study aimed to provide evidence to support the role of foveal vision in guiding action such
as navigation, locomotion and sports. H@aounted eye trackers have been successfully
used in live sports to explore the vision and gaze behaviorsletfesthadvice and solutions
for using wearable eye trackers investigating exercise and sports psychology have been

provided in[303 304].

U Medical and clinical applications

Clinical research on mental health monitoring, regarding mental disorders, using mobile
eye tracker was demonstrated 395. Headmounted eye tracking device was advocated
for as a rapid, user friendly, and fieldady technique for the purpose of diagnosing and

monitoring improvemeistof symptoms following mild traumatic brain injuf$06. Head
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mounted eydracking technology is used as a robust and accurate approach for better
understanding the role of vision during readrld tasks in older people with Parkims®
diseasg307]. [30§ gives an insight into different studies utilizing eye imaging in eye

disease and other medical applications.

5.3 Software stutions for eye tracking data analysis techniques

reported in the literature

To understand eye movement measures, a commonly usetiaekiag indices
according to two dimensions was summarizefBf]. While there has been a significant
success deploying heaxounted eye tracking technology in both academic and
commercial research, analyzing the collected lmage eye tracking data remains a
challenge.

Eye tracking data analgstools have been developed in order to provide a more efficient
way to understand the recorded eye tracking data, such as manual annotation-ofh areas
interest[314-316], and manual gaze point labeling systd®&3 317-319. In order to
ensure high accuracy, most exigtisoftware solutions for annotating the collected eye
tracking data rely heavily on human manual labor. Usually, researchers would go frame by
frame to annotate the areafinterest (AOl), or just simply play/stop a video stream while
watching through th entire eye tracking video and label the AOI. In other word,
researchers will manually assign a semantic meaning to where the human eye gaze falls
(SeeFigure 5-3); hence the information about what, where and how long of an eye

movement event occur will be collected.
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Example commercial software solutions for analyzing freadnted eye tracking data

recommended by psychology experts and education reseaareeshown ifrigure 5-2

below.

Figure5-2 Example commercial software solutions for analyzing head
mounted eye tracking data recommended by psychology experts.

Gaze Label
Massage

Figure5-3 An illustration for manual AOI labeling: a recorded video is converte
frames, aredf-i nt erests are detected based
algorithms and the object being viewed is determined.

5.4 Largescale eye tracking data visualization nosth for
researchers from varying backgrounds

Data visualization methods for eye tracking technology is an interdisciplinary challenge
that has become crucial due to the large application range among differenf3iglds
Largescale eye tracking data visualization methods for researchers from varying
backgrounds can be typically categorized into heatmap visualization, scanpath

visualization and AOI visualizationGoldberg and Jonath§B09 visualized eye tracking
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data in a 2D space representing time on one axis of a coordinate system and eye tracking
data on the other axis. Kurzhals and WeisK8ff)] presented robust motiecompensated
attention maps using optical flow information @jwst fixation data based on the fixated
moving object. Scanpath visualization incorporates fixations and saccades in creating a
Avi ewing patho while a person is | ooking
each fixation is indicated by a synilsaich as a circle, where the radius often corresponds

to the fixation duration. Saccades between fixations are represented by connecting lines
between these circlg811]. AOI (areaof-interest) based visualization techniques also
consider the annotation of the regions or objects on the stimulus that are of special interest
to the observer Kurzhals and Hlawatsc[313 described a visualnalytics approach to
implemented an serasiutomatic areaf-interest annotation process by imdggesed,
automatic clustering of eye tracking data integrated in an interactive labeling and analysis

system.

5.5 Discussion of limitations of heathounted eye trackg

methodology

This section will present the limitations and challenges existing in current eye tracking
data analysis software solutions.

Manually tagging massive eye movement data is time prohibitive, prone to human error,
and a weHknown obstacle toutilizing mobile eye tracking technology. As we
demonstratedefore analyzing collected eye tracking data poses a particular analytic
challenge for automatically obtaining information on where and what a person is looking

at in a specific scene. Howeveurrently there is no commercially available eye tracking
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analysis systems that enables the automatic categorization of what people looked at without
manual tagging AOIs in the video; and moreover, there are no automatic visual analytic
tools that can presit all three aspects in a dynamic scene video: where, what, and for how
long participants were looking. Lack of reliable and «fsendly solutions for automating
video data analysis limits possibilities for utilizing mobile eye tracking technology in
exploring largesample data, effectively limiting the scope of possible advancements in our
understanding of how people interact with the surrounding world.

Another big limitation existing in eye tracking data analysis is that no automated data
fusion appoach existed to fuse the audio data collected from the concurrentrioegded
eye trackers associate with the eye tracking video analysis. Lacking automatic speech
prosody method and speetthtext semantic analysis limits possibilities for utilizing
mobile eye tracking technology in exploring muttiannel eye tracking data through think

aloudprotocol.

To sum up, wearable eye tracking technology opened a new way to conduct research in
unconstrained environment settings. This section present a revieansaie statef-art
headmounted eye tracking equipment, software solutions for eye tracking data analysis
and visualization, heashounted eye tracking applications, and challenges and limitations
in software solutions in headounted eye tracking mulinodal data analysis and fusion.

We believe our presented review will provide valid suggestions and advice for researchers

who are trying find the most effective strategies for their research and applications.
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CHAPTER 6. HEAD-MOUNTE D EYE TRACKING

GAZE-TO-OBJECT CLAS3FICATION

A great portion of this chapter was previously publishedPanetta K, Wan Q,
Kaszowska A, Taylor HA, Agaian S. Software Architecture for Automating Cognitive
Science Eydracking Data Analysis and Object Annotation. IEEE Transactions on
HumanMachine Systems. 2019 FebDOI: 10.1109/THMS.2019.2892919.

The advancement of wearable dgyacking technology enables cognitive researchers to
capture vast amounts of eye gaze information while participants are completing specific
tasks without restctions on their movement. However, while eye trackers can overlay a
gaze indicator on the scene video, identifying the specific objects being looked at and
analyzing the resulting dataset is accomplished mostly by manual annotation. This method
is a cosfprohibitive and timeconsuming approach that is prone to human error. Such
analytic difficulty | i-nmmettlte inforenatienaefficiemte,r s 6 a
ultimately restricting the number of scenarios that can feasibly be conducted within budget.
This chapter presenthe proposed automated software solution for-tegeking video
data, which eliminates the need for manual annotation. The proposed software architecture,
GoC (gazeto-object), processes the gazeerlaid video from commercially avable
wearable eye trackers, recognizes and classifies the specific object a user is focusing on
and calculates the gaze duration time. GoC utilizes an imageaoostation method to
locate the gaze indicator and an image similarity measurement tasigsper processing.

The presented system has been successfull
exceptional performance in analyzing a case study, which is the motivation of the entire

work, spanning over 50 hours, of mobile axecking is preented. The accuracy and a

costanalysis comparison between GoC and stétthe-art manual annotation software are
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provided. GoC has garwhanging potential for increasing the ecological validity of using

eyetracking technology in cognitive research

6.1 Motivation: Case Study

The case study explored how engineers discovered possible solution paths in aiding
completion of a mundane and repetitive task: sorting an unorganized Lego Mindstorms
NXT kit. The kit contains different types of Lego pieces, totalingro430 pieces
distributed across two trays with 4 and 13 compartments each.

The goal of the design problem was to optimize the sorting process by conceptualizing
a tool (a physical piece of equipment) to be used by a particular end user in sorting a sing
Lego NXT kit in accordance with the instructions provided. The given instructions were to
sort a disorganized Lego kit to match a-présting reference image of a sorted Lego kit.
The envisioned tool will be used by one of three possible end usemamt{end user of
known physical and cognitive capabilities), a robot (end user of unknown technical
specifications), or a team consisting of a human and a robot.

As participants were given no information about specific abilities or capacities of their
erd user, they were expected to infer that information from previous experience or through
observation.

The goal of the study was to identify the approaches that engineers employ to fill in
their knowledge gaps when faced with a probkatving task. Thease study investigated
whet her such Aknowledge patcheso were basce
indicated by their verbal explanations during the task), or on visual examination of the end
user (as indicated by the efracking data).

U0 Detailed Description of Tool design and human problem solving Case study
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Design problemParticipants were to devise a tool that would help a specific end user

sort a Lego kit more efficiently.

Participants: 50 undergraduate students (age mean=19.7, standaidmeXia}from

the Tufts University School of Engineering completed the study for monetary
compensation.

ProcedureEach participant was randomly assigned to one of three possiblesersd
(15 participants per engser in total). Participants were seated table across from their
intended end user and were not allowed to interact with the user in any way other than
observation. Furthermore, participants were not given any information about their end user
beyond what they could observe and infer on tlsgshaf previous knowledge.

In each session, participants received a disorganized Lego NXT kit that they could freely
manipulate. The experimental task consisted of three stages: first, participants
brainstormed possible solutions for 10 minutes. Thery toauld use paper, pencils,
scissors, and tape to record their design idea in any form they saw fit (sketch or model).
After approximately 40 minutes, participants gave a short explanation of how their
proposed sorting tool worked.

Eyetracking Protocol eye-tracking data were collected using SMI Epeacking

Glasseg[323 (Sensomotoric Instruments, Inc.) at 30 Hz. Gaxerlaid videos were
exported using SMI BeGaze 3.7 (Sensomotoric Instruments, Inc.).

Region of InterestOur cognitive psychology team was interested in obsewgher

participants looked at four objects: the end user, the Lego kit, the reference image of a

sorted Lego kit, or the writing utensils (degure6-7).
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Current AnalyticObjective Measuring the proportion of time spent looking at the end

user vs. time spent manipulating items on the table. Such analysis informs our
understanding of how approaches to designing a tool differ as a function of the intended
end user.

Analytic Challenges As participants interact with objects (Lego pieces or writing

utensils), the resulting eyteacking videos are particularly difficult to analyze due to: 1)

blurring of the video resulting from a rapid shift in the field of vision from eveslifjletest

shift in head position; 2) object manipulation and sketching during the experimental session
means that the appearance of the areas of interest are constantly changing, i.e., Lego pieces
can be stuck together or separated or the initial blan&rgapvided gradually becomes
covered in writing; and 3) participantso h:

periodically obscure the view.

6.2  Background and Introduction

Human problem solving in its most basic form requires generating fossibnario
solution paths to move between the initial problem state and the desired solution.
Enhancing our understanding of the cognitive processes involved in evaluating scenarios
requires psychologists to study problem solving in-vealld contexts. Rsearchers
capture these vast amounts of visual eye gaze information from eye trackers while
participants are completing specific tasks.

Eyetracking technology can be applied in various research contexts and scenarios with
demonstrated usability in neunisnce[324], psychology 325, sportd301], human robot

interaction[326], geology[254, 283 284, medical diagnosi$305 327 and onroad
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driving applications[255 328. The rapid development of eyecking systems and
technology popularized eye movement research and expanded the potential scope of
research paradigni829.

Wearable mobile ey&acking glasses rely on infrared cameras to locate and monitor
t he pupil 6s {&avkeretthe garticigamt is éosking. M &refaicing scene
camera records the personbdés field of visi
subsequently overlaid over that scene vidégure6-1). Hence, lightweight mobileye-
tracking technology enables investigation of eye movements wwigdd, unconstrained

settings, drastically improving the ecological validity of research in cognitive science.

Figure6-1SMI [323 headmounted mobile eye tracker (left), the image captured 1
the infrared camera monitoring the eye (middle) and the recorded video wi
overlaid gaze captured from the frestene camera (right).

While there hae been significant advances in technology to capture eye movement data
from participants, the ability to automatically process, analyze, and make informed
inferences from the resulting datasets remains a challenge. The lack of reliable and user
friendly solutions limits possibilities for utilizing mobile eyteacking technology in
exploring largesample data, effectively limiting the scope of possible advancements in our

understanding of how people interact with the surrounding world.
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Automated video pragssing analysis addresses this problem; however, no reported
work has been perforneodjtecat autcdmatse ft bhat id
mobile eyetracking data for cognitive research. This work presents a novel software
architecture for automatinmobile eyeracking data analysis and class#ithe object

being gazed upon.

Child 10
Rabbit 3
Bird 7

Video scene collected b
eye tracker. Orange d«
in the lower right corne

Researchers review eve . . .
frame to identify which Researchers identify the obje

. - d calculate the time spe
) o object in the scene th and - .
is the gaze indicato participant is looking at viz looking at the specific object.
produced by the ey

tracker s ptheorangedot.

Figure 6-2 Example of agaze poininspired ROI labeling process used in cognit
science research. White Rabbit on the left, child in the middle, and bird on the rigl
the orange gaze indicator overlaid on the bird.

6.3 Related Work

i Eye movement properties

Eye movements arproactive. They are the conduit for gathering information, which
seek to provide insight into a tasko6s att
required for future actio830, 331]. Eyemovement properties such as blink rate, fixation

duration, or saccadic amplitude and velocity are robust indicators of underlying cognitive
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states such as stress or high mental work|83d and provide insight into the cognitive
requirements of various task833-335. Analyzing the process of how people look at
things informs our understanding of mechanisms guiding visual attention and influencing
underlying cognitive states. Combining such information with data on where people look
and what they look at provides cognitive science researchers with unique insight into how
humans interact with the world to advance our understanding of human cognitive function

[336, 337).

U Eyetracking research and applications

Wearable eydracking technology opens new avenues for researchers to monitor eye
movements and record their properties under a variety of experimental protocols and in
reallife situations[338§. This allows researchers to extend the scope of investigation to
more ecologically valid experimentagsigns[339. In analyzing where and what people
look at, scientists rely on predefined regions of interest (ROI) malspecific stimulus or
environment. Such selection is informed by a specific research question on hypothesis. As
such, the ROI differs across studies in shape, size, scope, and location, and can range in
complexity from large clusters of objects (an enttorefront display) to narrow areas
within a single object (a specific item on the shelf). Robust identification and annotation

of ROI within resulting data is therefore critical.

U Eyetracking data analysis methodology
Existing automatic image recogom algorithms can detect all objects within a video

frame that fulfill a certain set of criteria. The relative importance of objects within a visual
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scene is often estimated on the basis of existing visual attention models, such as visual
salience modelg340, 341]. Such detection algorithms are heavily rooted in computational
approaches to vision modelin®42, and allow for informed prediction on where
participants would look343 344]. This allows researchers to delineate which objects
within the visual environment should grasp
objects of interest within a video frame isiaiportant first step to automating eyracking

data analysis and as such presents incredible potential féifeesgdplicationg345.

It is not necessary to identify all objects of possible interest within a visual scene in
order to support aatnated eydracking analysis. Ey&acking equipment collects
information about the participantsd pupil
looking at any given time. The gaze direction can be then-ceéesienced with an object
within the vsual scen¢312.. However, eydracking data accuracy is prone to drift over
time, and as such the calculated gaze point does not always overlap with the region of
interest even when the participant is in fact attending to that ROI. It is therefore necessary
to introduce corrective measuf@i§. Outstandig work has been done to understand the
relationship between eye movements, semantic description and computer[2&6on
346. Gaze tracking systems include examination of eyeball features (such as pupil, eyelid,
and iris), gaze direction evaluation, a gaze mapping function and hardware calibration as
described iM347. A benchmark for pint of gaze detection algorithms is presented by
McMurrough at al. i348. The gaze detection technique is mature and commercially
available;commercial eye trackers are able to calculate eye movement properties and
reports gaze position estimates as a seriesyotoordinates falling on a specific frame

within an independent scene video.
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The next logical step is developing a gaze to objedsdication tool for automated
gaze annotation and ROI labeling.

To date, there is no commercially available software enablingragking researchers
to perform automated object recognition on the scene video, and as such, researchers do
not have a snple way of inferring what their participants are looking at.

Instead, cognitive researchers are forced to process mobil&aeikeng data by
manually delineating regions of interest (ROI), often freopdrame, such as depicted in
Figure 6-2. This approach is a weinown obstacle to utilizing mobile eyeacking
technology[349.

Prior research has contributed to make ROI annotation easigg14)) Tsang et al.
introduced eSeeTrack, a visualization prototype that streamR@isannotation and
allows researchers to estimate fixation duration falling within specific ROI content.
However, for wearable eyteacking data, fixated ROI annotation still heavily relies on
manual human labor in completing the analysis. A similar appreeas presented by
Kurzhals and colleaguef315. The proposed ISeeCube is a visual analytics tool
specifically designed for visual analysis of recordedtegekinggaze pattern information
with the ROI content. The toolbox offers the possibility of including multiple coordinated
viewpoints in converting the 2D video data to a 3D model supporting analysis of ROI in
motion, making 1SeeCube an important tool for videalgsis despite its reliance on the
manual ROI annotation process. This labeling time is reduced in recenf{3t&kvith
the introduction of a user interface. This system uses theddtaté image similarity
measures to decrease the number of video frames that need to be manually annotated, but

does not altogether remove the need for extensive human labor. Last, Pontillo et al.
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proposed an object recognitimased sem@utomation labeling softwaf@18; however,

it depends heavily on manually labeling during the process of video streamlining, and its
color-histogramoriented object classification method fails to account for variance in
luminane.

Other works, such as gageided object recognition for a heatbunted eye tracker
[350 and gazeguided object classification utilizing deep neuratworks[351], address
reattime obje¢ recognition using heachounted eye trackers. However, the classification
depends heavily on providing extensive training data and the method is not position
invariant, meaning the viewing distance and view perspective must remain fixed.

ROI object catgories selection is hypothesisiven and therefore relies exclusively on
the researcheroés scienti fi c -gverlaidvideo@be i dent
the gaze indicator overlaps with one of the predefined ROI object categories. It then
aubmatically labels which object of interest the participant attended to.

To the best of our knowledge, there is no software architecture that can automate video
data labeling of mobile eyacking devices, especially with the occurrence of dynamic
zoomingand in the presence of distortions, such as motion blurring. To date, GoC is the
only automated analytic approach that does not rely on extensive human labor inherent to
a manual ROI labeling approach. To clarify the capabilities of the different tontgomed

above, we have supplied the comparison table below.
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Table6-1 Comparison between GoC and other-egeking data analytic tools

Related Problem addressed ROl annotatio
work
[37] Eyetracking data isualization combining| pManual
fixation patterns within ROI content
[38] Visual analysis of eyracking data can
combine the gaze pattern information with f Manual
ROI content
[39] Userfriendly interface to simplify ROI
Manual
annotation by sorting similamage patches
[40] Match labeled ROI using coldnistogram |  gemiautomatic
intersection method
[41] Realtime object recognition using featur|  No annotation
matching
[42] Reattime object classification using Dee|  No annotation
Neural Network
GoC Largescale heatnounted eydracking date Automatic
analysis

6.4 GoC System Framework

The overview of the GoC software architecture for automating mobiteaglang data

analysis and scergazed object classification is presented-igure 6-3. There are six

system process blocks:

1. Input video: For our software solution, we directly input a gazerlaid video
generated by the commercially available wearable eye trackers. Thewmilsd scene

video is converted o individual image frames. This step aims to allow the employment

of image processing algorithms.
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2. Filtering process: The number of images is reduced by taking the advantage of
temporal coherence of the video data. This step can remove blurry and otherwise

uninformative frames, which can also result in increasing processing speed.
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Figure 6-3 Overview of GoC prototype architecture. The input mobile-tegeking
gazeoverlaid video data is (A) broken dowrte image frames. (B) A filtering proce:
reduces the size of the data by taking the advantage of the temporal coherenc
gaze data. This is followed by (C) gaze indicator detection, (D)-diageted ROI
cropping; (E) object classification and (Fgsult visualization. Step (E) involve
building the training dataset; creating a bag of visual words, obtaining the hist
for each image and using classifiers to train the produced histogram features.
the resulting visualization of GoC is showsing a scarf plot demonstrating t
temporal overview for the video and a histogram showing the occurrence of di
object classes.
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3. Utilize the eye trackerods gaze indicat

attention will highlight where andhat the observer is looking at in each frame.

4. Gaze directed ROI cropping: The area around the gaze indicator is selected. Due to
calibration issues, the actual gaze point may not always be in the ROI but will be close by.
Cropping the area around the détec gaze indicator can help minimize the error
introduced by the eye tracker calibration and help better identify the gazed upon object
information.

5. Object classification: The classes of objects are user defined, which depends on
constructions driven byhe hypothesis under investigation. The goal of this step is to
automate ROI annotation.

6. Result visualization: A scarf plot and histogram generation are used for the purpose
of summarizing and visualizing analysis results. Either a scarf plot demonstitating
temporal overview for the video or a histogram showing the occurrence of different object
classes can be utilized here.

All the process blocks will be explained in detail in this section.

U Video to frame conversion

The GoC architecture starts by cortirgg the gazeoverlaid scene video stream into
frames, which means that all the subsequent image processing tools are applied directly
onto the converted frames. Hence, there is no restriction on the video format and no
limitation on the eye tracker dees used.

The video data captured by the SMI he@adunted mobile ey&racking glasses were 25

frames per second; thus, after converting, there are 70,500 images in one 47 minute video.
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U Filtering process

When people focus their visual attention on a speaifea, the resulting video contains
a sequence of similar image frames. Relying on the temporal coherence of the underlying
gaze video, a downsampling processing utilizing an image similarity measur@sgnt
[353 can reduce the number of frames.

The structural similarity between subsequent video frames catculated
algorithmically; images are deleted when they drop below a similarity threshold, which
means the participant is moving quickly from one object to the other, or one of the images

is too blurry and noisy. The decisiomaking schematic is shown iFigure6-4.

Continue

Yes Process

Similarity
Computing

| o

Similarity Value
Threshold

Delete
subsequent
frame

Figure6-4 The top image frame is compared to the subsequent frame (bottom le
shows severe motion blur. The blurry frame is deleted.

In [354], an image similarity measureEX5SSIM usig enhanced human visual system
characteristics is introduced. This similarity measure was applied because of its high
distinguishing ability in video processifigs5.

For two conterminous video frames x and
are calculated using a Sobel edge detd8%8. Each image was first partitioned into four
subregions based on the edge information. The implementation uses the following

formulas:
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Preserved edge pixel region (R1):

ae@ake p YQOQaém®ark p Y (6.1)

Change edge pixel region (R2):

Il Tadark p YOQA TdakR p Y s
Ih@gakk p YOOI ldak p 7Y 0g;)
Smooth region (R3):

lidaRk p “YOOw aRR Y s

I Tddar p YOO Tdaakk p 7Y (6.3)
Texture Region (R4): Otherwise (6.4)
Here, T1=0.12@max) and T2 = 0.06(x06max), where

the gradient magnitude of x.

Then, the £GSSIM value is calculated using equation (5):

T 00YYQho B T B s« OYYGQHGR (6.5)

where wi are the weights for each region Ri, i = 1,2,3, and 4. These parameters were
obtained experimentally. The GSS[B57], a variant of SSIM358, values are calculated
in terms of local luminance, contrast, and structure, and then these local similarity measures
are pooled into a single similarity-BGSSIM metric; the detailed explanation and
calculation can be found [1354].

For this work, an applied measure threshold of 0.8 provided a good filtering result,
which removed redundant frames and reduced the dataset by 10% from the original video.

The filtering process using the image similarity measure has two significant advantages:

1) efficiency is enhanced because the image assessment method is used tchesduce t

140



dataset size; and 2) accuracy is addressed because undergoing an image similarity

assessment also helps delete unbefitting frames.

0O Utilize the eye trackeroés gaze indicato
Normalized image 2D cross correlation is used to localize the human eyedjeatom

by estimating the similarity between the cropped template of the gaze indi@mre(

6-5(c)) and the original video frame captured from a frstson perspectiveFigure

6-5(a)).

(@) (b) (©)

Figure6-5 Original video frame captured in a laboratory setting (a). Gaze indi
template generated by commercial ¢sgeking devices (c) that is produced by S
BeGaze[323. It is an orange circle with the same size in each video frame
Representation of the extracted red channel of the original RGB video frame.

The gaze indicator detection step starts with extracting the red color channel of the input
RGB video frames. An example of a red channel image from an original video frame is
shown inFigure 6-5 (b). Next, the 2D normalized cressrrelation between the video

frame and gaze template is performed using the following form8a[@o9g:

(6.6)
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where (s the image, t is the templatis the mean of the template, a?nili is the mean

of "Qado in the region under the template.

The resulting matrix contains the correlation coefficients that range -ftdinto 1.0,
which is displayed irFigure 6-6 (left). The detected gaze indicator is within a bounding
box in Figure 6-6 (right). Note that the accuracy of this step was approximately 99.5%,
with the failure cases occurring when the predicted gaze indicator was not in a complete
round shape. This occurs when the gaze falls on the edge of duefrache.

U  ROI cropping

One of the most important tasks in analyzing mobileteyeking data is to distinguish
between different objects in a single frame by finding the segment boundary between

objects.

Figure 6-6 Normalized 2D correlation results for gaze indicator detection. The
image shows the 2D correlation coefficients matrix displayed as a surface
correlation coefficients (axis) can range in value frof.0 to 1.0, and the-»xand y

axis show the pixel location of the original image. The peak value indicates the
patch that is most similar to the template, which provides the location of a gaze in
and is displayed within a bounding box (right).

In designing the GoC fram@rk architecture, the ROI cropping step can be achieved
using image segmentation meth¢@sJ.
Usually, the sgmentation obeys a certain criterion with respect to the same

characteristics, such as color, intensity or texture. Though many practical applications of
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segmentation technology are fully explored, no segmentation algorithm is flawless and
suitable for allpplications. Therefore, segmentation solutions must be chosen with respect
to specific analytic needs in order to maximize the efficiency and performance of the
algorithm.

It was challenging to find a suitable image segmentation technique that can #wdra
objects of interest without losing the structural information for the subsequenigacaete
object classification step. Instead, in the prototype system, the area around the detected
gaze indicator is automatically cropped using a fixed size.

As ore aspect of our future work, we will optimize the ROI cropping step by using a
promising image segmentation algorithm. By combining the detected location of the gaze
indicator with the location of objects within a frame, the system was able to confirm wher

a participant is looking during the mobile etyacking experiment.

U Object classification

Image classification refers to training a computer to determine whether an object
belongs to a specific predefined category. In GoC, we chose thefbayatwords
classification[361] model (BoVW) over other computer vision classification algorithms
(such as corslutional neural networks) because BoVW requires less computational
complexity without sacrificing accuracy, needs less extensive training data and has
advantages of orientation invariance and scale invariance.

BoVW treats every i mihgranyaisual wads.disualwondgsnt at i
are small patches in an image that are automatically detected by feature detectors based on

image structural information. Then, the similar visual words are grouped together to form
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the visual word vocabulary. A histagn records the visual word occurrences that represent
an image, which is used to train an image category classifier. Finally, the system predicts

the content using an image classifier that is encoded from the training set images.

Figure6-71 mage <cl assification with the b
i mage, top right is the reference 17
Il mage, and bottom right is a ASketch
BoVW is a leading machine learning methodology with numerous modules, such as
feature extraction, feature description, unsupervised clustering and classifier selection.
Examples of selected training images are display&aginre6-7.
The steps for BoVW in GoC gazed object classification are:
1) Extract SIFT[367 (scaleinvariant feature transform) features from
all training image with different categories;

2) Construct the visual words vocabulary bynieans clusterinf863

(K=100);
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3) Generate a histogram to represent each image, counting the visual
word occurrencesiian image;
4) Train the classifier;
5) Predict the objectds category.
The selection of different algorithms is tagitven, which means that we set up different
parameters for different applicatiof®64]. For instance, in step 1, we chose the SIFT
feature extraction algorithm over the regular ddB86& feaure, SURH 366 feature and
random samplin¢367] feature extraction because it provided more accurate ctadm
for eye tracker data with regard to the
zoomin and zoorout actions.
Additionally, we chose the visual vocabulary size to be 100 and used the linear SVM
classifier in the GoC prototype system.
U  Sarf plot and histogram generation
For visualization purposes of summarizing and presenting analysis results, a scarf plot
was created to demonstrate the video streaming content with a timestamp spetiéo
objects are being looked at. A histogramlspautput to show the occurrence of different
object classes to indicate the task time durationKggpee6-3 (b)).
i GoC ROI annotation GUI
An accompanying graphical user interface (GUI) was designed for the pugbos
optimizing the bagf-visualword parameters and evaluating the accuracy of the frame
by-frame classification. In addition, the GUI can be considered as a semiautomatic visual
analytics tool for gaze data that is recorded using wearable eye tragkes,is an

improved approach to manual ROI annotation. The designed GUI effectively addresses the
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analytic challenges and supports their resolution by: 1) observing what participants looked
at (the end user, the Lego kit, the reference image of a soegpal Kit, or the writing
utensils); and 2) measuring the proportion of time spent looking at each category.

The presented GUI is shownkigure6-8 (a). The main view of the GUI contains a text
header denoting theldi name of the ey&racking dataset currently being annotated. The
image shown in the middle of the canvas is the cropped bounding box area with a gaze
location marked as the orange circle (generated after implementing step D in GoC). The
button panel onhie right of the screen is divided into the following subsections: 1) Load
and Next buttons are used to select the starting frame and the next image frame; 2) Gaze
toObj ect category buttons show t he di ffe
AreferenceRapetdo and ASketchingd i mage in
can easily customize and modify in the source code for different applications; and 3) the

ADoneod button saves the annotated (evaluat
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(b)

Figure 6-8 (a) Evaluation GUI developed for GoC for annotating each frame o
recorded mobile ey&acking video; the load and next button are clicked to select i
frames; four categories are displayed on the buwo n s ; by clicki
evaluation data is saved as a spreadsheet.

(b) Screenshot of wusing annotation ¢
BeGaze version 3.7).
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U  Accuracy validation

There is no ground truth for the case studtiew annotation since no other automated
process exists. The Gg@oduced histogram distribution matched 83.4% compared with
the human label annotatigoroduced histogram (commercially available SMI BeGaze
version 3.7). This accuracy was consistent foe cdady videos spanning over 50 hours
(over four million image frames).

To further test the accuracy and efficiency of GoC, we conducted two additional
experiments described below:

1) The study was a realorld outdoor walking experiment where participardt
movements are completely dynamic and the location and/or scene is also changing in time.
The study involved a campus navigation task, where participants devise routes around the
Tufts University campus and then guide the researcher along the routewehilimg
mobile eye tracker devices. Our cognitive psychology team was interested in observing
whether participants looked at common objects in the campus environment: cars, people,
and street scenes. The wearablei egeker device for data collection described in
section Ill. The proposed GoC achieved 94.6% accuracy compared to human manual
annotation.

2) To prove the stability of GoC in varying illumination conditions, we conducted a
straightforward office environment recording while the researcher ehanging the
lighting intensity during migrecording. The purpose of the recording was to investigate
whether the GoC recognizes common office objects (such as office utensils) and people
regardless of varying illumination conditions. We started therdegog in a lowlighting

condition (the office lights were off during the late afternoon/twilight, and barely any light
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was coming through the office window). Then, the researcher turned on the overhead light
in the middle of the recording. The accuracyGmfC is 99.5%, which demonstrated that
GoC could detect and recognize objeattsnterest in varying illumination conditions.

i Time and Cost Comparison

Perhaps the most prohibitive aspect of manual ROI annotation is the time required from
researchers to corigte the task. We compared how much data an inexperienced and
experienced coder could annotate in one hour. The inexperienced coder was an
undergraduate student who received anBQute tutorial on using the proprietary
annotation software from the eyedr@i er 6 s manuf acturer ( SMI
Sensomotoric Instruments, In&igure 6-8 (b)). The experienced coder was a graduate
student who had approximately five years of experience with mobiletragiang
recodings and analysis.

The inexperienced coder reported annotating approximately 2 minutes of video data in
one hour. The experienced coder reported annotating approximately 3 minutes of video
data in one hour. On the other hand, the GoC set up took apptelim5 minutes of
human labor, and the subsequent automated annotation process did not require supervision.
The annotation evaluation using the provided GUI was possible at the rate of 500 images
per hour, whereas the cost of human manual annotatienassthe amount of data to be
analyzed increases. In the case of using GoC, the cost of human labor remains consistent
regardless of the size of dataset to be analyzed.

The case study presented in this paper consisted of 5@dmguvideos. The benefits o
using GoC over both experienced and inexperienced human coders are compelling (see

Figure6-9).
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Annotation Time for a 6@ninute video

GoC annotation |
Experienced coder ROI annotatio i
Inexperienced coder ROI annotatio M —
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® Annotation Time(min)

Figure 6-9 Comparison of annotation human labor time for an {iong video
between manual ROI annotation (for both an experienced coder ar
inexperienced coder) and the evaluation using the proposed GoC annotatiot

To sum up, the contribution of this chapter is to solve the problem that out psychology
collaboratorare facing. Hence, in order to fulfill the grant work, we presents the following:

1 A solution using image analytic techniques is described to facilitate the wearable eye
tracking data analysis and gazed object classification. The novel software &uohitec
(GoC) can recognize which region of interest (ROI) participants are attending to in gaze
overlaid videos, classify the specific object within the ROI, and provide information on the
gaze duration based on frame counts.

1 A userfriendly GoC prototypés designed for automatic identification and annotation
(labeling) of object categories within gaaeerlaid videos relevant to the research question
under investigation. It is one of the most versatile approaches to analyze mobile eye
tracking data withite advantages of being position invariant, 4dsken, illumination and
noise tolerant (such as motion blur), and able to operate with all commercially available

mobile eyetracking equipment.
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IGoCbés wutility in anal yzi ngofnwobileeyarackingt udy s
data is presented. During the study, participants had to conceptualize and present a solution
path for a design problem. The detailed case study description is discussed in Section lll.
GoCbds outcomes ar e tnhseamdardbemiprark ef thosé achievdile ¢ u

through manual coding by trained and inexperienced researchers.
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CHAPTER 7. MULTIMODAL HEAD -MOUNTED EYE
TRACKING DATA -OF-INTEREST: ANNOTATION,

FUSION AND ALIGNMENT

The content of this chapter was previously published in KRearetta, Qianwen Wan,

Al eksandra Kaszowska, Hol ly A. Tayl or, Sos
for Multimodal Dataof-l nt er est (DOI')), 0 I EEE Transact.i
Cybernetics, under review.

This chapter introduces the background, ivation and expansion for an ultimate
version of GoC presented in chapgéem he original goal of this work is to develop engineer
solutions to aid cognitive psychologists in analyzing human workload while performing a
designed task using commercial wedgaleye tracking device reéime recording
functionality. Single image processing tools, machine learning algorithms and modern
deeplearning techniques are explored and examined for a more practical and universal
solution throughout my graduate career.

Concurrent thinkaloud protocol (CTAP) and eyteacking protocol (ETP) are common
methodologies for human behavior research exploring complex cognitive processes, such
as use of mental process, strategy planning, navigation learning ability rymexcadl,and
problem solvingThe development of headounted eydracking technology with built in
microphones provides a groubdeaking opportunity to gain insight into the cognitive
processes through multiple data streams, verbalizations andmaements,
simutaneously in unobtrusive realorld contexts. However, identifying the objexft
interests being looked at, while attempting to simultaneously annotate the speech, and

analyzing the resulting dat#-interest (DOI) are often accomplished manually.
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Diffic ulties arise when researchers are analyzing 1acgée multimodal heachounted
eyetracking datasets for several reasons: manual annotation is prone to human error and
time-consuming. As a result, the field is suffering from the lack of methods for radigni
collected multistream data that would allow for robust, automated processing of large
datasets. Here, the first comprehensive hreadnted eydracking and concurrent think
aloud data analytic technique is presented, which fully automates multimodal DO
annotation, fusion and alignment.

The proposed system architecture consists of: 1) fixated edifj@aterests recognition
and classification using transflrarning via ETP; 2) voice activity detection, speech
prosody analysis and speetthtext via CTAP; 3) multimodal dataf-interests fusion,
alignment and visualization. Accompanying graphic user interfaces for analysis and
visualization are highly customizable and reaolyise for researchers from various
disciplines. The proposed system architextoas been successfully utilized in rkis
case studies conducted by cognitive psychologists. Results demonstrate and validate the
gamechanging potential of the proposed system for increasing usefulness of head
mounted eydracking technology.

Detailedinformation will be provided later in this chapter.

7.1 Introduction

The term Acanowrdr enmtottoltcionk (CTAP) 0 refers
participants are asked to tackle a specific task and to simultaneously verbalize whatever
crosses theimind [368. The concurrent thinkloud protocol (CTAP) was adapted from

cognitive psychology369 and has been applied to gairdepth insights wheexamining
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human cognitive processing in decisimaking [370, 371], reasoning[3727, problem
solving [373, learning strategy374], translation proced875, and usability tesi376,
377). This type of firsthand recording has demonstrated applicability to identifying human
cognition in information processing aspe@gg.

The eyemind hypothesi$2] postulates a strong relationship between eye movements
and mindful cognitive processifij] and closely links eye movements, especially fixations
to huma®bs f ocus of attention, Vi suf8l. Eyper cept
movements are utilized in human behavior reseptcimultimedia learning4], reading
strategy[5], early children development and educat{@h consumer marketing7],
navigation learning abilityf8], human machine interactid®], problem solving[10],
clinical [11] and medical applicatiorjd2]. Research institutions and consumer companies
are eager to develop @yracking solutions to capture vast amount of comprehensive eye
tracking datd379 38Q.

The technolgical advances of headounted eye trackers allow researchers to capture
par ti ci-mavamest @nages/terough naeafrared cameras, fieldf-vision using
front facing camera, and speech by audio recorder, all while participants are moving freely,
making headmounted eye trackers a critical tool for acquiring CTAP afidPElata. Using
lightweightheadmount ed eye tracking technology, re
Awhat 0 humans are | ooking at and record
interacting with the realkorld, communicating with other people, manipulating common
objects, and completing specific daily tasks.

However, analyzing and making informed inferences from the collecteddeade

multimodal datasets remains a challenge.ifstance, researchers usually go through the
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entire eye tracking video, manually tag the aséaterests in each frame to infer what

their participants are looking at. Often times, researchers would transcribe speech by hand,
and search for keywords the resulting transcript. Those methods are prone to human
error, time consuming, and cegathibitive, especially when working with larger datasets.

In this chapter, we present the proposed comprehensive engineer solution for researchers
who are interded in utilizing eye tracking and concurrent thisloud protocol to explore

their hypotheses related to human behavior.

7.2 Case Study and Description of Data to be analyzed

The motivation of the proposed system architecture is the need of analysis wkemass
collected data collected from three concrete projects conducted by our cognitive
psychology collaborators at Tufts University. In this section, we report on the research
design problem, participant sample, experimental procedure, and the analysi$ thesis
projects as means of exemplifying the research processes that the proposed system can
facilitate.

Note that, the ey&racking data were collected using SMI Eeacking Glassef323

at 30 Hz and 60Hz. The audiata was extracted from the taped video.

U Tool design

Design problem Investigation on how engineers construct and design solutions in

aiding completion of a mundane task: engineering students were asked to create a tool that
would help a specific end eissort a messy Lego kit more efficiently. Lego Mindstorms

NXT series is a kit containing different types of Lego pieces, totaling over 430 pieces
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distributed across two trays with 4 and 13 compartments each. Three possible end users
are: a robot, a humaand a robchuman team.

Participants 45 students from the Tufts University School of Engineering completed
the study for monetary compensation.

Experimental session: Participants received a messy Lego NXT kit and a reference

picture of what a sorted Kiaoks like. Participants were seated comfortably at a table during

the study while their intended end users of the tool were positioned on the other side. First,
participants brainstormed possible design solutions while thinking aloud. Then they used
office utensils to sketch their design idea. Finally, participants gave a short explanation of
how their tool can be used to alleviate some efficiency issues inherent to the sorting

process.

Analytic Objective:Our cognitive psychology team was interested iseobing what
the participants are talking about while they looked at four objects: the end user, the Lego

kit, the reference image of a sorted Lego kit, or the office utensils.

U Human problem solving

Design problemRe s ear ch on huma n Gens: partcipahte weres o | v i

asked to solve a dice game on a whiteboard.

Participants20 undergraduate students from Tufts University completed the study for
monetary compensation.

Experimental session: In each session, participants were to compete a derie§ ma k e
your own diceo diagrams on whiteboard in a

normal dice (where the number of dots on opposing sides had to equal seven) in two
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dimensions with few digits missing. Participants had to visualize theadalgeing folded

into three dimensional normal dice, and fill the missing digits to follow the rule about sum
of dots on opposing sides. Participated verbalized the strategies they used to infer which
blocks in the diagram would oppose each other in &tttireensional model.

Analytic Objective Our cognitive psychology team was interested in observing

problem solving patterns and verbal strategies accompanying translating a two dimensional
diagram into a three dimensional object.
U Navigation learning abilt

Design problem: Research on whether heading error and heading entropy, n&asures

environment knowledge and uncertainty in virtual environment navigation, can be applied
during realworld navigation; inferring these metrics from r&adrld interaction(as
opposed to navigating in virtual reality) provides actionable feedback to navigators,
possibly accelerating knowledge and skill acquisition throughwedt task practice.
Participants30 undergraduate students from Tufts University completediuldg $or

monetary compensation.

Experimental sessiorFirst, our participants pointed toward notable Tufts landmarks
with their finger while wearing mobile eye tracking glasses. We will explore whether it is
possible to infer cardinal direction, and therefaccuracy, of their pointing using the front
scene camera recording alone. Then, participants walked across the campus with the eye
tracking recording still on; we will explore whether it is possible to infer total heading error
and heading entropy froroontinuous video data collected using mobile eye tracking

glasses.

157



Analytic Objective Our cognitive psychology team was interested in observing where

participants direct their gaze when discussing campus landmarks, and whether their
viewing correspondto perceived location of landmark as opposed to the actual location

of landmark.

7.3 Background and Related Works

This section reviews common eye tracking terminology and measurements; eye tracking
technology and applications; eye tracking analysis methogalog visualization systems.
Furthermore, a comparison between the proposed method and othef-statpproaches
is provided to demonstrate the advantages of the proposed system architecture.

U Eye tracking terminologies

Eye gaze is directed to moaeparticular portion of the fieldf-vison (FoV) into high
resolution in order to gain fine detailed information, suggesting a strong relationship
between eye movements and the visual attention f§88% 387. In other words,
extracting the information on where and what humans look at through tracking their eye
movements cafurther help withour understanding of attention and provide insight into
how human brains perceive information in a sci8&3 384]. Popul ar eye movV
research terminologies are:

1) Gaze indicates whemnd what a person is looking at, as well as what the
visual focus of attention (VFOA) of the persori385.
2) ROl is short for regiowf-interest, which is the specific portion of the FoV

that has high importance to the researdB86. ROI can be defined as an area
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(such as an entire store display) or an independent object within the scene (such as
a single products on the shelf).

3) AOIl is short for areaf-interest, which is same as ROl and used
interchangeably through the literature.

4) Fixation is a type of an eye movement where the pupil remains relatively
stable over an objedf-interest, which is hypothesized to reflect overt visual
attention and underlining cognitive processjB§7].

5) Saccades are rapid eye movements that are responsible for moving the pupil
between fixations.

6) Smooth pursuit movements are eye movements tracking along moving
targets. they reflect periodic target mot{@88 389.

7) Scanpaths contain a series of fixations and saccadesathaeflectthe
observersdé viewing behavior.

8) DOI stands for dataf-interests, which encompsss data that are
meaningful for researchers within a specific study. DOI can range from ROI hits or
other eye movement metrics in case of eye tracking data, or specific issues raised
by the participant in the concurrent think aloud protocol.

9) The comparisn between AOI/ROI and DOI: AOI mainly exists in collected
visual data, such as image frames. DOI, on the other hand, can be extracted for any
type of sensor data. In terms of range of research quediB@t,differentiates
AOlandDOlineyet r acki ng research particul ar by

at exploring lowlevel perceptual processes; ilghthe DOI methodology can

159



support novel questions about the types of data users are interested in, and how they

mi ght wuse this data to reason and hypot

U Headmounted eye tracking technology and applications

Generally speaking, all presenteyar ki ng technol ogy all ows
eyes focus, which provides indicators of h
presence. Eye tracking technology has been deployed on devices mounted to helmets,
electrodes that measure the activatyf t he eyebal |, l' i ght repec
infrared (NIR) imaging, or video cameras as an alternative method to monitor eye
movement$391, 397.

When people mavaround a room, read, walk, or drive a car, they move their head and
eyes in a coordinated manner. This head and eye coordination allows them to direct their
attention to objects of interest, and hence eye tracking devices rely on a mathematical
model[393t o track humands eye (¢ &394 Eyemovemerdc o mpl e
data has been widely used outside of research settings as well. The use of eye tracking and
head movements allows for development of practical tools for people with severe paralysis
[399 and facilitate wheelchair usef$87 in daily activities.[396] introduced an active
assistance using gageiven human interaction architecture for stroke rehabilitation in
realsetting scenario reaching tasks. Investigating information acquisition process from
pictures, such as radiographs, maps, charts, photographs, and drawings, is an important
component in aiding diagnostic tasks and clinical applicatj8083, 398. The visual
scanning patterns, pupillary response, and the clinical diagnoses of mammographic experts

were investigated if899. Eye tracking system with ofine modeling and oiine control

160



is commonly used in ey@-hand robotic systenjd00-402. Eye gaze tracking technology
is used in driver assistance systddi3).

Eye tracking systems offer a great promise as an interface between humans and
machine§404. The eye gaze can provide insight
at objects of interest before acting upon them. flea eyegaze traking systems allow
dynamic interaction between the user and the system using the human visual system for
both feedback and control. Eye gaze information can be further used as a pointing device
[409. ERICA is a personatomputer workstation that operated by eye gaze developed to
provide nonverbal, otor-disabled individuals with a means of communicafédg .

Since eye tracking sensors become easier and cheaper to use, popularity- of head
mounted eye tracking technology has increased in various researcH I@fssuch as
cognitive psychology, early child development and education, marketing asdnecen
science, human machine interaction, sports, medicine, virtual reality, and augmented
reality. Example heathounted eye tracking devices and fields of applications can be

referred in the comprehensive wearable-ggeking reviewTable5-1in chapter 5.

U Eye Tracking Analysis Methodology and Visualization
1 ROI Annotation
Our first contribution aligns with efforts to recognize and classify the ROI with in the
eye tracking video stimuli. Manual annotation on a@asiterest commeeial software
solutions[314-316 and manual/sermmanual gaze point labeling syste[843 317-319
have been developed in order to provide a more efficient way to understand the recorded

eye tracking data. In order to ensure high accuracy, most existing software sdtutions
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annotating the collected eye tracking data rely heavily on human manual labor. Usually,
researchers would manually assign a label denoting where the human eye gaze falls (ROI)
by scrolling through individual frames, or simply play/stop a video str@&asnpause to
annotate the ROI.

Automating tedious human tasks with migéinsor systems, computer vision techniques
and control theory is a common objective for enging&03, 408. In our previous work,
GoC, a solution using image analytic techniques can automatically recognize which ROI
participants are attendingtoingazer er | ai d eye tracking vide:
object within the ROI, and provideformation on the gaze duration. This work refines the
GoC by adapting object classification via transfer learning and interpolating the generated
eye movement fixation information along with recorded front scene video through eye

trackerods .internal cl ock

1 CTAP Audio Data

The validity of concurrent thinkloud protocol (CTAP) is based on Information
Processing Theory, that is the claim that human process information ifesinornemory
with preexisting knowledge from lorterm memory, leading to a corcent verbal
reports as one of the outcomd®9. Despite the wide usage of CTARLQ 411], the
coding and transcription of speech remains largely mgdda]. However, the lack of
reliable and useiriendly automatic solutions limits the possibilitgrfutilizing CTAP in
exploring largesample data, hence limiting the scope of possible advancements in our
understanding of peopl esd inner t hought s

proposed system architecture provides an engineering solutiomahstribe the CTAP
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data while completely removing the human labor using computer programs and cloud
based speeeto-text API. Considering the rich functional significance of vocal signals as

a means for conveying emotions or studying-higuistic vocaizations, the proposed
system architecture is able to deal with speech prosody and voice activity detection via
signal processing in both frequency and time domain.

In addition to detecting the prosodic features and automatic pause time calculation, the
system will also have the capability to combine them with the gaze location. Correlating
gaze locations with the pauses in speech facilitates the inference of the patterns of difficulty
and uncertainty with complex cognitive tasks such as navigation irownkterrain and
operating complex devices. The ability to detect points of difficulty within a specific task
allows for the development of performance optimization guide. Prosody analysis can also
be used for fine tuning classification and quantificatibaftective states while pauses in
speech can be used to infer userds current
is aimed at oHline analysis of the audio signal, it can be further developed to handle real
time scenarios. Such a framework Wbbe pivotal in future works of pairing the audio
visual data with other streams of concurrent data such as heart rate, pupil size, and galvanic

skin response.

1 User feedback and data visualization methods
Third, largesample eye tracking data visualipati methods have been an
interdisciplinary challenge for researchers from varying backgro{#iti§. Currently
available visualization methods rely on heatmap visualization, scanpath visualization and

AOI visualization[414].
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Heatmaps, also known as attention maps, deviation maps, difference maps, and
significance mapR381], highlight different areas using different colors based on the gained
fixation time. In a scanpath visualization, each fixation event is indicated by a circle (where
variation in radius can correspond to fixation duration), and saccadic eye movements are
oversimplified and represented as a straight line between these ¢8tlgs Hence,
scanpatlvisualization incorporates fixations and saccades together and reflects the totality
of observerso viewing behavior. ROI (or AO
objects which the observer is looking at that are of special interest to thehesgd 15 .

An emerging discipline of visual analytics explores lasgale eydracking data analysis.
Kurzhals created RG@dased scanpaths of different viewers based on a timeline
visualization[313. Users are allowed to tag each fixation with its semantic content while
visualizing fixation patterns in eSeeTraf&l4]. Eye tracking DOI analysigt1lq shifts
interest from where people look to what they are looking at and thus contribstiestore

and organize ROIs in data space.[89(, a system for gaze to object mapping that
translates concrete data into visual representations is presentecutlsmed annotations
are visualized as an annotation graph, such as the projpttiprihe sliceplot, and the
circularplot [417].

A summary of eye tracking data analysmsl aisualization methodology is presenied
Table7-1. Note that only few approachesist that aim at an integrated analysis of multiple
concurrent evaluation procedures. One similar work is a visual analytiasaapp418
which synchronizes multiple concurrent evaluation procedures, such as thinking aloud

protocols, interaction logs and eye tracking. Correlating eye tracking data and think aloud
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data for deeper analyses is discusse4f] and [420. However, tagging the ROI,
transcription the audio and timestamping both source files are done manually.

Table7-1 Eye tracking data visualization andadysis approaches

Method Description Related work
Eye movement information, such as typ
Eye movements duration and ratio, is displayed in numel [427]
format.
Heatmap o - [381 [317 [309
visualization Focus on the distribution of gaze densit (427 [310 [423
Scanpath A viewing path of an observer which [317] [424] [425
visualization incorpordes fixations and saccades. [426]
AOI visualizatiof AN notation of the [415

on the stimulus.
Usually a combination of what, where| [427] [314 [315
people ae looking at and their eye [31Q [313 [419
movement altogether to support large-ey [42§ [416] [390
tracking data exploratory. [429 [430& GoC
Thefirst fully
automatic approach

Latest data visug
analytics
approach

The proposed | Visual and Audio dataf-interest analysis
system fusion and visualization.

To the best of our knowledge, this work for the first time fully automates eye tracking
ROl annotation, CTAP transcription, source file timestamping and multimodal data fusion,
alignment and visualization. We believe tha proposed system has a grotmmeaking

value for accelerating all human behavioral and assessment research fields.

7.4 The proposed System

The proposed system architecture supports analysis in exploring and analyzing large
sample eye tracking data, eteautomatic audio data processing, and further enables
multimodal DOI synchronization. In the following section, we present the entire system
architecture in detail, which includes eye tracking ROI object classification and

recognition; concurrent thinkloud audio data analysis and spet®text timestamping;
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multimodal source file fusion and alignment; fixation from ROI annotation GUI; and DOI
visualization GUI displayed as a video player. The entire workflow of the proposed system

architecture is showin Figure7-1.
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Figure7-1: Flow chart of the proposed multimodal headunted eye tracking data analysis and visualizatic
system.
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I. Transferlearning based autmatic eye tracking AOI annotation

Remarkable progress has been made in computer vision by introducing convolutional
neural networks (CNN), especially for image recognition and classification [#3Ks
However, very few people train an entire CNN from scratch to solve practical problems
[226] due the limited amount of larggeale wellannotated datasets with representative
data distribution characteristicgl32. T o overcome this di fycul
widespread representation for eye tracking data classification, we proposed to employ
transfer learning433 434 to transfer knowledge from labeled image dataitartoblem
independent.

Transfer learningi bror o wi n g t reasur e 44359f whicm appliesse we a |
knowledge learnt in one domain to other related tasks, proved to improve the performance
on visual classiycation tasks with insufyec
experimental applications, such as entertainnjd86|, medical diagnos@4$37], human
action reognition [438, autonomous driving439, wild animal recognitiorj44(, and
satellite imagery classificatiqd41].

Two main factors are under consideration when deploying transfer learning scheme: a
sufficient dataset and a deep learning mo{#42 provides insight to th secret to
| ma g e [M48tcantinuing success: 1.2 million images sorted in 1,000 categories. Hence,
in our proposedystem architecture, we choose to train the deep learning model using
ImageNet. The configurations and the primary contributions of severakm@Nn CNN

models are listed imable7-2.
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Figure7-2 Flowchart of the process of automatic AOI annotation for eye tracking
using transfer learning.

Figure7-2 demonstrate the process of automatic R@iadation for eye tracking data
using transfer learning. Note that the choice of-fun@ing approach will be constrained by
chosen models as well as the-gptof learning rate, which are highly customizable due to
different objects of interest that rese@ers are intent to investigate. In our demonstrative
case studies, we pteined VGG16 using ImageNet, customized top fully connected
layers, and finduned the weights of the ptmined network by continuing the
backpropagation.

For three case stueB mentioned earlier, the accuracy of the proposed automatic AOI

annotation is 91.47%, 99.97% and 94.60%, respectively.
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Table7-2 Comparison of welknown CNN Models

CNN model Configuration Features

AlexNet[241] 5 convolutional layers and 3 full
connected layers

. 5 convolutional layers and 3 full  Insight into the intermediate
Clarifai [444 connected layers feature layeigl45

13/16 convolutional layers and

Fundamental CNN architectu

VGG [4469 three fully connected layers networks of increasing deptt
. Increased the depth and wid
21 convolutional layers and 1 ful . -
GoogLeNef447 without raising the
connected layer . .
computational requirements
Resne{448 449 33 convolutional layers and 1 ful CNN with a good compromis

connected layer between the depth and widtt

[I. Audio prosody analysis

For efficiently automating the analysis of CTAP, speech processing is thenienthl
task. The basic audio analyzing module will be able to automatically distinguish active
conversational speech from nepeech background noise and classify them into basic
measures of pitch, sound length, speech tone, loudness/prominence, acdwet, t
frequency, and duration of pauses. The spectral attributes of the speech, indicative of
speech prosody, can be used to gain knowl e
such as current state of uncertainty and confu$amusor frustration Theduration of the
pauses in speech is of interest to researchers as they are considered to be inflicative
increased mental workloamt hesitation. To extract these features from the audio signal,
Voice Activity Detection (VAD) and speech prosody asé is performed.

Voice Activity Detection (VAD) refers to the task of identifying if short segments of
audio signal contain voiced data or unvoiced noise corrupted data. VAD is a challenging
problem and is one of the fundamental-precessing blocks imany of the audio/speech

applications such as speech compression and cddib@ 451], automatic speech
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recognition[452-454], and speech enhancem@#t5-457]. In the recent years, due to the

rapid development of speech processing systems and their inclusion in smart devices, there
has been a growing interast machinelearning based VADs. These machiearning

based VADs have an advantage over the traditional VADs in terms of feature extraction
and feature fusion and in the discrimination model used. Furthermore, many of the features
traditionally used, suchs energybased features, Zefrossing Rate (ZCR}58, 459,

are highly affected by the presence of ng#8(J. There have been many other features
described in the literaturg461-464], but seldom does a singleeature perform
overwhelmingly well when compared to intelligently combined features. Thus, in this
system, combined use of source features and filter based features are used. This system
will be able to detect the active speech content and can alsatestita duration of pause

in both noiseree and noisy environment. Noise such as background clutter as well as
mouse and keyboard clicks can be eliminated. The detected speech envelope will be used
for variations in pitch detection.

Many conventional audi processing systems have been developed for constrained
environment, but such systems rely on models that are trained using spectral and spectral
features for speaker, language, emotion and speech recognition and lack théeheiher
information such agrosodic, lexical and contextual knowledge that humans use for the
same task. The spectral features are also affected by noise and channel mismatch. To make
these systems more robust, intelligent, and hulkanhigher level prosodic cues such as
linguistic stress, rhythm and intonation can be Jgéd|. These prosodic features derived
from pitch, energy and duration are relatively less affected by the channel variations and

noise[466]. Furthermore, each speaker has a unique physioladieaacteristic such as

171



speaking style in speech production, which is embedded in the speech signal. Thus, speech
signal contains not only the conveyed message but also the language and speaker

characteristics and the emotional status of the speaker.

[ll. Automatic speectho-text timestamp

Cloudbased automatic speech recognition systems are extensively employed in
artificial intelligence, natural language processjd§7], universal accessibilityj46§,
biometric recognitiofi126, human computer interface applicati¢p469, and smart home
applicationd47(Q. In the fast development paradigm of déegrning algorithms, cloud
based APIs developed by major comieansuch as Google, IBM, and Microsoft allow
researchers to convert speech to text from an audio recording cheaply and[d2Stale

For speecigaze temporal alignment in the proposed system, a timestamp associated
with each recognized spoken word is needed. Chastd Google speettrtext API
[470 has recently enabled word timestamping functionality, can provide time offset
(timestamp) values in the response text transcript of the audio input. Time offset values
show the beginning and end of each spoken word that is recognized in the supplied audio,
in increments of 100ms. Example timestamped spaetxt result is shown ifrigure

7-3.

Word: how, start_time: 0:35.8, end_time: 0:36.2
Word: loud, start_time: 0:36.2, end_time: 0:36.7
Word: am, start_time: 0:36.7, end_time: 0:36.8
Word: |, start_time: 0:36.8, end_time: 0:36.9

Word: suposed, start_time: 0:36.9, end_time: 0:37.2
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Word: to, start_time: 0:37.2, end_time: 0:37.3
Word: talk, start_time: 0:37.3, end_time: 0:37.4

Figure7-3 Example timestamped speeitthtext result.

Algorithm | described the setp, configuration and procedure utilizing clebdsed
speech API for CTAP data analysis. Headunted eye trackers provide front scene video
recording denoted Iby; and concurrent audio recording data is denote® by
OHO B 'O are trimmed mono audio signal fro®@, which is required when process
largesample speech data because of the word and time limitation that the API can handle
at a timeYA'YI8 “Y are timestamped transcript @ HO 8 'O . Finally,"YR' Y8 “Yare
aligned and combined together to a final timestamped transcript file, denoted by T. All the

source code are available for researchers to download from our research website.

Algorithm |

Input: headmounted eye tracking recording: ;
concurrent audio recording datg:;

Initialization : Create new service account and cloud spe

application credentials;
Convert  from stereo into mono;
Trim  intoOROMB O ;
for k from 1 to K do
Import libraries;
Instantiate Google Speech Client;
Open and read audio fil@ ;

Set up configuration: sampling rate and language;
Process the audio file with the Google API
Print complete transcripty

end
Combine"YR'YF8 "Y along with the timestamp
Output: Y
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IV. Eye trackingAOIl annotation GUI

An accompanying graphical user interface (GUI) was designed for the purpose of
semiautomatic visual analytics tool for annotating fixated AOI within the FOV, setting up
transferlearning parameters as well as evaluating the accuratlyeoframeby-frame
classification. The designed GUI effectively addresses the analytic challenges and supports
their resolution by: 1) observing what participants paying attention to; and 2) measuring

the proportion of fixation duration for each objectinterests category.

(XX ) Welcome to Eye tracker Fixation annotation! Stay awake!

Welcome to Eye tracker Fixation annotation! Stay awake!

Baxter:else [+

Save and Next
Back

Figure7-4Annotation and Evaluation GUI developed for the AOI fixati
data
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The presented GUI is shown kiigure 7-4. The main view of the GUI contains a start
frame and an end frame of a single fixation eye movement. In each image frame, a fixation
eye gaze location mieed as a red dot, which can be customized into any shape. A drop
down list at the right corner lists researchefined labels for ROI. It is a combination of
entry and droglown menu: when clicking the arrow on the right side, users will see a drop
down nmenu showing all the choices; and if users clicks on one, it will replace the current
entry contents. The dregpown menu choices can be customized directly in the source code.
The button panel below the drojpwn list is divided into following the subseci®m 1)

Save and Next buttons are used to save the annotated (evaluation) data as an Excel files
and select the next fixation frames; 2)

previous fixation fames and reselect the annotation tag.

V. Multimodal DA alignment and visualization GUI

The ultimate goal of heterogeneous data fusion is to automatically assess the ongoing
activities in a more comprehensive manp®fl], which has become a leading research
trend in a broad range of fields such as biometriciegupdns[472, surveillance system
[473, cyber securitf474, forensic recognitiofi243, social behavioral analysj475,
and cognitive sciendg7q. Effectively aligning and envisioning multiple data streams is
crucial. In this work, we utilize temporal information to bridge visual stimuli and audio
signals, particularly for research usiege tracking technology combining thiakoud

protocol.Figure7-5 demonstrates the multimodal DOI alignment structure.
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DOI Alignment
Object fixated at any given time
Word spoken at any given time
N\, <Z
( - \, O
o ,“’
e N - ‘ =\
,,»‘ [ ] %
AOI Annotation " ‘ @ Speech -to -Text
N T | N T J
( N r =\
Fixation Eye Think -aloud
Movement User Data Collected Speech
over Time
N AN A J

Figure7-5. Multimodal DOI alignment structure

Current prototype architecture first identifies time period of each fixation eye
movement. Then the spoken words within a specific time trunk can be extracted. By doing
so, the visual stimuli semantics and audio content ednded together to provide a more
comprehensive presentation on the information that human brain pereeiesobject
of-interest fixated by the participant ane tspoken words can be aligned.

A graphical user interface to visualize the annotatddosdata including gaze location,
label of the ROI, Close@aption (CC) format speedb-text data has been developed. The
designed cross platform GUI will be able to visualize multiple data streams in a unified
and usedffriendly manner.

The GUI is shownn Figure7-6. The initial view of the GUI will contain an option to
open the file. Once the file is opened, options to turn on/off individual features (gaze
location, ROI label, and speettitext data) will be presented. Also, ttesearchers will
have the capability of either playing it as a video or viewing it frgp&ame.
Notwithstanding these basic features, the main objective of this GUI tool is to relieve the

user the burden of crossferencing multiple streams of datadan provide a unified and
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holistic view. To the best of our knowledge, this is the first tool that integrates several
streams of data to be visualized in a unified manner. In addition to the video player, this
tool also has the capabilities to display st&tistics such as duration of eye gaze for each

ROI | abel, number of occurrences of ndAkey t

GOC Visualizer

’.

[Looking at the Robot]

—
5 0 00K «U» Mo o

Figure7-6. Visualization GUI

The visualization GUI can also produce gta and charts of the number of pauses,
duration of pause and the time of pause. It also offers the users to switch between video
mode and frames mode. In frames mode, the user will be able to look at the video frame
by-frame, making it much easier to ob&e all the details in each frame and track the
changes framby-frame. As seen ifigure7-6, the red dot is the gaze location, the text
above it is the ROI label and the text at the bottom of the video player is the-Claggoin

(CC) format speeclho-text data.
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GOC Visualizer

Silence

Speech

@ Speech @ Silence @ Noise

GOC Visualizer

Start Time

End Time ROI Object

0:35.8 0:36.2 Robot
0:36.2 0:36.7 wall
0:36.7 0:36.8 Camera
0:36.8 0:36.9 Robot
supposed 0:36.9 0:37.2 tool kit

GOC Visualizer

Words Start Time End Time ROI Object
NO_WORD 0:37.3 0:38.2 Robot
NO_WORD 0:38.4 0:39.0 tool kit
NO_WORD 0:39.0 0:39.6 Robot

Figure7-7 Video Statistics (metadata from video and also GOC statistic:
number of frames of each object, number and duration of pauses etc.)

7.5  The contributiorthis work
Stateof-art computer vision techniques are adapted to facilitate the wearable eye

tracking data analysis and fixated objetinterest recognition and classification. The

178



novel software architecture aims to recognize which region of intd&?€d) participants
are attending to, classify the specific object within the ROI, and provide information on the
fixation duration.

The proposed system architecture offers functionalities include voice activity detection
(VAD), speech prosody analysis, amdestamped speedb-text. The combination of 1D
signal processing and etfie-shelf natural language processing technology automates the
speech data processing for concurrent Haldud protocol.

Fusion and alignment of multiple data streams are peovid the proposed system
architecture. To the best of our knowledge, the proposed system is the first such approach
targeting fusing the data collected from both audio and visual channel ehtoesded
eye trackers. Researchers assume that differeminstref data, such as eye tracking or
speech, reflect different aspects of cognitive process. Hence, the proposed system offers a
solution for investigating human cognitive processing from more than one angle.

A userfriendly GUI along with the proposed $gm is designed for labeling fixated
object categories relevant to the research question under investigation. Meanwhile, a
visualization GUI is given for researchers to align and observe-matlal dateof-
interests at any given point of time. It is @mi¢he most versatile approaches to analyzing
mobile eyetracking data.

The proposed systemdés utility i4rackngal yzi 1
data is presented. Results demonstrate and validate the great potential value of the proposed
system for increasing ecological validity of using headunted eydracking technology

in various research fields.
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CHAPTER 8. ISEECOLOR: HEAD -MOUNTED EYE
TRACKING DATA VISUAL ANALYTICS TECHNIQUE

BASED ON GAZE DENSITY

The content of this chapter was previously presgimt Karen Panetta, Qianwen Wan,
Al eksandra KaszowsKk a,-moanted BEydrackingi Dasae\es@ab | o r :
Analytics techniqgubased on gaze density | RAEGEESSunder review.

Recent advances in heatbunted eye tracking technology have alloweéaeshers to
monitor eye movements during locomotion in re@lrld environments, increasing the
ecological validity of research on human gaze behavior. While collectingveel eye
tracking data is becoming easier and cheaper, analysis and visualzfatlogse data
remain effortful and timeonsuming. As such, there is a significant need for developing
efficient data visualization and analysis tools for lasgale mobile eye tracking datasets.

In previous chapters, we demonstrated why we are deuvotihg development of data
analysis on collected raw eyeacking data. This chapter focuses on giving summarization
and feedback after analyzing the raw data to the researchers; this work contributes a novel
eye tracking data visual analytics system, (S#er. We realized that processing and
analyzing data based on cognitive psychology reseafiesd is not the only key factor
to develop a successful heambunted eye tracking system; a comprehensive yet neat
presentation of the analyzing results isctaias well. The accompany presentation and
visualization toolkit are needed to be versatile and easy to be used by users who do not
require an engineering background.

The proposed ISeeColor first allows for automatic recognition of independent objects

within field-of-vision (FoV) using deefearning based semantic segmentation. Then,
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ISeeColor recolors fixated objects in awdanterests (objeepf-interests) by integrating

gaze fixation information. Effectively, ISeeColor allows researchers to autaihatnfer

what objects users view and for how long in dynamic contexts. The contributions are: 1)
ISeeColor, a data visual analytics system that automatically recognizesafhbjaetrests

from headmounted eye tracking video recordings; 2) a dgendly graphical user
interface that presents objesftinterests annotation along with eye tracking data
information; 3) additional functionality of ISeeColor as an information retrieval system
that can sort and search objeétinterests based on pe:mcodé color information. We
demonstrate our software architecture with an outdoor case study of users walking around
the Tufts University campus as part of a larger navigation study administered by a team of
research psychologists. The reairld applicationsnclude helping researchers understand
neurotypical populations and people with learning disorders or suffering from

schizophrenia or Al zhei merds

8.1 Introduction

Numerous research areas and commercial products utilizenhaaated eye tracking
devices, suctas educatiorj12], cognitive psychology477], usability marketing283
284, geology researcf254], onroad driving application$255, sports[301], medical
applicationg427 [305, information vsualization researcj#78 [479, and eyecontrol
accessibity and assistive technology80. Headmounted eye trackers are lightweight
and unobtrusive, which enables recording of eye movements witgiritting movement
in more naturalistic experimental settin@24, 326, 481]. Commercially available head

mounted eye trackers typically consist of a front scene camera that can record the FoV and
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save it as a video. Higinequency infrared cameras facing each eye continuously monitor
and record pupil poson by tracking the distance between the center of the pupil and
position of artificially illuminated corneal reflectiofi29, 482. Offline anaysis of these
data yields information about discrete eye movement events such as fixation, saccades, and
smooth pursuit.

Ultimately, presentlay eye tracking technology allows researchers to inquire eye
movement data that can be extracted to further aelievhere their participants looked,
what they looked at, and for how long the viewing had occuf8&d, 382. Data
visualization and analytic approaches have been developed to better understand the nature
of eye movement$314-316. However, visualizing and analyzing eye tracking data
collected during realorld locomotion poses a particular analytic challenge for
automatically obtaining information on where and what a person is looking in a specific
scenq313 317-319.

Table8-1Research questions that eye tracking researchers are investigating

Q1: where The position of the recorded raw gaze points in the scene video f

Q2: what The semantic interpretation from the regmrinterest to objec
' category within the visual field

The duration of eye movement events falling withgpacific object
Q3:how long | of-interest within FOV.

In other words, no current eye tracking analysis system exists that can enable the
automatic categorization of what people looked at without manual tagging thefarea
interests (AOI) in the video; and moreovéette are no automatic visual analytic tools that

can present all three aspects in a dynamic scene video, where, what, and how long.
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To the best of our knowledge, there are currently no solutions to automate visualization
of massive heathounted eye trackghdata that combines the Q1: where, Q2: what and
Q3: how long information types in a single visual analytics tool. Addressing this need, the
presented ISeeColor software architecture tackles these three primary questi@d$oD1
eyetracking data visuabnalytics by integrating gaze direction information (where),
enabling automatic recognition for fixated objects in akmterests (objeedf-interests)
using image semantic segmentation (what) and facilitating data visualization using fast

speed imageecoloring based on the fixation duration (how long).

8.2 Related Work an@ackground

U Related Terminology

Eye tracking technology allows us to infer which aspect of the visual scene a person is
looking ati that is, where they are deploying their gaze. Gapédogment, the direction of
oneds vision, is often described in conjun
defined as the internal distribution of processing resources, and eye movements are
referenced to mark the path of attention througltene[483. The correlation between
eye movements and attention is used to study how individuals perform tasks like reading a
book, driving a car, exploring a scene, or carrying out some other activity. All these tasks
require serial processing of differerdi@iments of a scene based on eye movemigdds
Eye movements are broadly divided ifdor categories below.

Fixations: eye movements that stabilize the retina over a stationary-objatdrest.

Saccades: rapid eye movements that occur in between fixations.

Pursuit movements: occur when a person is visually tracking a moving target.
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Scanpath: a sequence of saccades and fixations and that constitutes viewing.

Figure8-1(a). Attention maps for two images taken from the same video sce!
the left image, the area colored in red colaticates that the two people in tt
background gained the most fixation time. In the right image, the most atten
region is the moving cdiB1d. A more useful segmentation could segment
entire objects so that the object
the current manual heat map interpretation approach

driving test. I n this i mage, | [@84g9
Car manufacturers are developing systems to support drivers and warn tf
things that may not have been perceivast enough based on collected ge¢
information.
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(©). AOI based manual annotation and data visualization anaIyS|s approach
mobile eye tracking313.
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(d). A scarf plot of a movie DOI data visual analy{ig8(. They are scaled and
recolored according to how much they were viewed around particular time
points. Note that DOIs are labelled manually.

U Eye Tracking Data visualizaticand visual analytics

Eye tracking data is generally visualized with the help of visual overlays such as
heatmaps, where higher color intensity is indicative of longer fixation duration, or
scanpaths, where the sequence of fixations and saccades ard dsraopath traveled over
a scene. An additional consideration in visualizing eye tracking data is definingfarea
interests (AOI), which is objects within the visual scene that are of particular interest to
researchers for analysis. Below, we review thkated literature for eye tracking data

visualization approaches and trends for developing data visual analytics.
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U Eyetracking data visualization

Improving eye tracking data visualization is an interdisciplinary challenge that has
gained prominence @uto the several applications eye tracking data support among
different fields[312.

Eye movement metridg21], such as fixation duration/count, saccade/fixation ratio and
saccade amplitudes, can be easily computed from raw eye tracking data using standard
software. The wide variety of eye movement metrics available to researchers require data
visualization techniques to continuously evolve to accommodate advances inlresearc

Heatmaps, the conventional gaze pdiased visualization techniqy&812 [309,
reflect the distributio of gaze density over a stimulus. For example, D. S. Wooding used
fixation maps to investigate object salience during picture viej¥igg

The existing literature refers to heatmaps with several t€88%, such as attention
map, deviation map, difference map, and significance map. Kurzhals and W¢&kdpf
generated robust motieompensated heatmaps, $égure 8-1 (a), using optical flow
information between frames to adjustdidon data based on the moving object that was
observed. Furthermore, heatmaps were used as an evaluation method of visual search
suppori423.

Scanpath visualization incorporates fixat
while a personsd looking at a scene. In a typical scanpath visualization, each fixation is
indicated by a circle, where the radius corresponds to the fixation duration. Saccades
between fixations are oversimplified and represented by connecting lines between these
circles [31]]. Scanpath visualization can be used for a single user or multiple users, see

Figure 8-1 (b). Scanpath comparisqA24 is calculating the dissimilarithetween two
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scanpaths, which can be used to gain insight into visual processes. Opacl#24 al.
indicated that scanpath comparison may be ineffective in case of large variance among eye
trajectories. Coltekin et a[426 combine scanpaths with possible AOI classes labels,
thereby makig them more comparable.

AOI (areaof-interest) based visualization techniques also consider the annotation of the
objects on the stimulus that are of special interest to the researcher. Gazd &tfpiss
an image based visualizationheajue for eye tracking data, which can display image data
around the gaze points over time in the context of the underlying video stimulus without

occlusion.

U Eyetracking data visual analytics

When conventional data visualization techniques, as thaseopsly presented, no
longer support analysis of massive eye tracking datasets, the emerging discipline of visual
analytics can assist in explorative laigmale eydracking data analysis.

ISeeCubd315 uses spacéme cube visualizatiof31(q (STC) for eyetracking data
visual analysis.Kurzhals et al. created a timeline visualization to show -A&ded
scanpaths of different viewers based on manual annotation of AOIs. Kurzhals3&8al.
described a visual analytics approach to realize AOI annotation process bybiasage
automatic clustering of eye tracking data integratemlantinteractive labeling and analysis
system, sed-igure8-1(c).

eSeeTrack|314 was proposed for visualizing fixation patterns from video data
collected by eydracking devices. It also enables users to manually label each fixation with

its semantic content. GazeD&27] was proposed as an interactive visual analytics tool for
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the comparative analysis of gaze data, such as structure similarity, correlation matrix, and
temporal and spatial view of volumetric medical images provided by radiologists. A visual
analytics appach[418 involving multiple concurrent evaluation procedures, such as
thinking aloud protocols, interaction logs and eye tracking were proposed.

Recently Prithiviraj et gl428 introduced a novel method to visualize spatial AOIs for
long duration eye tracking studies. It comisiredustering and cluster merging changing
over time.

In addition, there is an increasing interest in methods forafataerests (DOI) eye
tracking analysi§416. The goal of DOI analysis shifts interest from where people look to
what they are looking at and thus contributes a pioneering approach to structure and
organize AOIs in data space. Jianu and Al§&9( established a foundation for gaze to
object mapmg or DOI analysis by translating concrete data intoalisepresentations,

seeFigure8-1(d).
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Table8-2 related work on eye tracking data visualization amalyssis approaches, q
where, g2: what, and g3: how long. *q3 means not all related work in that s
provides g3, iseecolor is the only eye tracking data visual analytics which autom
g2 and g3

Related Feaur

Category  Method work Description o

Display eye movement information in i
[421] numeral format, such as fixation coun Q1 Q3
saccade/fixation ratio, saccade amplituc

Tradition Statistical
Statistics  metrics

[381
[319
Attention  [309 A visualization technique that caeflect 01 Q3
heatmap [427 the distribution of gazeehsity.
[310
[423
Eye trackinc [311]
data Scanpath [424 A viewing path which incorporates
visualizatior visualizatic [425 fixations and saccades while a person Q1 Q3
n [426 looking at a scene.
AOI
visualizatic Annotation of theo b s er v e r-cd-6
n [419 interest on the stimulus. Q1 Q2
techniques
[427]
[314
... [319
g:no?fb[')ng;“ [310 When data visualization techniques alc

Eye tra_cklng A0l and [313 no longer suppotargeeyetracking data Q1 Q2
data visual [418 exploratory or da

analytics cye [428  from diverse backgrounds, eye trackin *Q3
movement: ; ’ .
. [41  data visuabhnalytics become the choice
metrics
(390 &
ISeeColc

r

8.3 The proposed system architecture for ISeeColor and lllustration

Our proposed system architecture 1SeeColor, a-headted eye tracking data visual

analytics tool,is described in algorithml Ibelow. Commercially available mobile eye
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trackers can provide recorded video data captured through a front scene camera, denoted
by 1 ; and eyegaze fixation data obtained from the two infrared cameras that monitor
pupil movement, denoted Ly . The fixation locations (x,y) in each frame can be extracted
by the eyet r acker 6s anal ysigdy I8 gqf Noteatnag additbean ot e d
interpolation between the generated eye movement information and recorded front scene
video is required through eye tracker s 1in
scene camera run with different frequenciédge code to produce fixation location in each
video frame is written in python and can be downloaded from our research website.

Further we denote as the alphdlend parameter for the image recoloring step as shown
in algorithm I. In addition, M is usdd store calculated eye tracking statistical metrics. For
instance, metrics such as fixation duration, fixation rate, and total fixation number are
measured and presented in our work. C is a vector to record the category of a fixated object

of-interest fo each frame.

Algorithm I1: ISeeColor software architecture

Input: headmounted eye tracking videg: ;
eye movements datg:
Initialization : individual image frames=hEr8 E extracted fromy ;

output recolored image framekdekd8 e fixation data
3 by B 3 extracted fromy ; alphablend image recoloring
parametet ; eye tacking metrics data storage arraysand
category of objeebf-interests
for kfrom 1 to Kdo
Perform image semantic segmentationLon
A Look up if3 belongs to any segmts of L
if TRUEthen
Update! via calculation of the eye tracking metrics;
Update F via automatic categorization of fixated objeét interests;
end

end  Update k to Eada solving Eq.(1);

Output: kdekdB lez M ; Fand data representation ISeeColor GUI
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U 1SeeColor objecof-interest labeling system

The proposed ISeeColor is capable of automatically detecting, categorizing and
highlighting the objecbf-interests in a dynamic scene. 1SeeColor iggcture uses the
correlation of fixation ceordinates along segments (objects) in a frame to identify the
fixated objectof-interests. Then the fixated object in adanterests (objeebf-interest)
is overlaid by a transparent color mask with coloemsity changing as fixation duration
increases.

Figure8-2 shows a complete flow diagram for the proposed ISeeColor architecture. The

applied algorithms in 1ISeeColor is detailed described below.
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Figure 8-2. Overview of ISeeColor architecture, demonstrated on an outdoor case study investigatin

navigation.
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U Applied algorithms
l. Image Semantic segmentation using Deep Learning

Image semantic segmentation desesilihe process of associating each pixel of an
image with a class label, such as a car, truck, person, or dog. Traditional image
segmentation methods use hamdfted features with a flat machine learning classifier.
However, they are usually case sensittue to the limited expressive power of the
features. Deep convolutional neural networks based semantic segmentation clusters parts
of the image together that belong to the same object. This technique has gained increasing
attention from the research comnity and industry. DeepLab[389 is one of the latest
semantic segmentation models offered by Gopgh3 486-489. It consists of a deep
convolutional neural network (VG&6 in this work). This network was trained originally
for image classifiation, and it is remodeled to perform semantic segmentation.

First, all the fully connected layers of the original network are transformed to
convolutional layers, and then increasing feature resolution is increased through atrous
convolutional layers. Ugampling via biinear interpolation is applied to recover the
original image resolution. This provides the input to a fatlypnected Conditional Random
Field [489 that improves the segmentation results. In this work, the deep convolutional
neural network model for segmentation wastpaged using the Microsoft COCO dataset
[490.

Example testing results from our eye tracking data case study are deplgoa8-2

step C.
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I. Objectof-Interest @lor Transform using alpha blending
The image semantic segmentation algorithm will generate a group of segments,
"YR'YF8 RY , where n is the number of possible objetinterests categories. For each
video frame, a pixel based linear opanatis implemented as described in the equations
below:

@ 10 P 1O Noatto ™ Y

(8.
O N Wi 0 Q 1)

Here'@s the color blended destination imag#s the original eydracking video frame.
‘O isthe RGB color selected by fixation duration. | p, which is used to control

the transparency of overlaid color; in this wark, 1.

Il. ISeeColor GUI

ISeeColor offers a usdriendly graphicuser interface (GUI) where the objaift
interest is recolored based on the fixation duration that can be directly displayed on a video
stimulus. Users can directly gain insights from the recorded visual stimuli. The object
categories can be customizedbad on researchersd needs.

The eye trackerdés analysis software provi
Higher fixation durations are thought to indicate cognitive functions, such as active
attentional deployment, while lower durations aresiered to reflect visual complexity
of a scend383. Other features of ISeeColor allow the researcher to observe histogram
plots of the objects viewed as the video is played, search for frames with an object, or filter

objects with high fixation duration.
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IseeColor - g x

Media statistics PO T TTIMH File Loaded: /home/srijith/Downloads/source code_ISeeColor1.0/save 153jpg
Total time (s) Segment overlay color scale
L
Total frames 1 21 41 61 -> Fixation count

_—
" 15.318841%

for other objects

Fixated object-of-interest count
Person

Current frame
Info: Looking at car
Object-of-interest 153 /2072
Pl » M« @
ISeeColor

b edia sta mme\.caded Jsource code_ISeeColor1.0/save 1602pg @

69 VamN Segment overlay color scale

I ————
2072 a. 21 a1 61 -> Fixation count
1187 I
17.202898% —

15.318841%

66

e Jmmer d

Info: Looking at person

person 1602 /2072

Il » i« 8@ E3 -~

ISeeCclor

Figure8-3 ISeeColor GUI interface which includes (a) the celoale setting, (|
the video statistics for the loaded video file, (c) the-véddotime based histogre
plot, and (d) the video player and corresponding control panel, and (e) au
annotation of the fixated objecif-interests in each frame.

The researcher can choose-engeking metrics that are relevant to the tasks and current
research questions. As an illustrative example, this paper chooses to display the features

listed inTable8-3 for ISeeColor GUI.
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Furthermore, 1SeeColor generates a histogram plot that is automatically updated as the
frames are updated (in the forward or reverse direction). Moreover, the pertinent
information regardinghe existence of a fixation in a video frame &@sdocation is also
displayed.

Table8-3 Main features in 1SeeColor GUI

Total time A metric to record the task time
Total frames # of frames = time x framdsecond
Total fixations Provided by commercial eye tracker

NEEZAOEIT O

Objectof-interests|e £ gy ADED A

Fixati 41 Gl A
on rate . . NEESGAOETT O
No objectof- | E g ADED A i
interests 41 QT A

# of fixations for object # of fixations the viewer spent on each objefct
of-interest interest.

Thus, the proposed ISeeColor integrates gaze direction information (where), enabling
automatic objeebf-interests labeling using image semantic segatemt (what), and
facilitates visualization of data using fasgieed image recoloring based on the fixation
duration (how long). IseeColor GUI is written in both C++ and python, which can be

obtained from our research website.

8.4 Extended applications forakworld dynamic contexts

ISeeColor has several potential applications for research and industry. Broadly

speaking, the extraction of meaningful inferences from FoV scene videos and eye tracking
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data during reavorld locomotion remains a laborious anthéiconsuming process. Yet,
taking on this effort can yield enormously helpful insights.

Consider researchers who wish to evaluate how well cognitive theories developed in
laboratory settings using static stimuli apply in f&akld dynamic contexts. Foxample,
by scrutinizing fixation durations, which could indicate deeper cognitive processing of a
stimulus, greater difficulty in extracting information from the stimulus, or that the stimulus
is highly engaging, researchers can use 1SeeColor to detsetabgects (what) that are
most engaging and difficult to process in dynamic tasks, such as navigation. For example,
ISeeColor could be used to determine the extent to which someone looks at street signs,
building, roads, or their smartphone map while wajkaround in a new city. This
information can then be related to their subsequent memory for the environment.
Moreover, 1SeeColor functionality could be applied to lasgale studies focused on

understanding differences in viewing behavior between nypioatl populations and

people with | earning disorders or sufferi

ISeeColor has great potential for informing our understanding of human vision in
naturalistic settings in an intuitive and u$eendly way.

In industry, 1SeeColor can be used to inform product design to maximize profit, user
satisfaction, and safety. For example, designers ofaatanomous vehicles can examine
the 1 mpact of system design choiceasf- 0on

interests during driving (other cars, signs, pedestrians, lane markings, etc.), and marketers

can determine what products catch shoppers

placement on shelvg883. In other words, ISeeColor could open up new avenues for

r

work in humansmachine interactionand smarte vi ces 0 user experience
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8.5  Questionnaire an@omparison

Table8-4 how useful was ISeeColor? 0 (not helpfiufhO (very helpful). Automatic
OOI annotation rated as the most helpful

ISeecolor components Mean SD
Overall 9.2 0.75
Automatic OOl annotation 10.0 0.0
ISeeColo
Fixated OOl recolor 9.2 0.4
Color-scale setting 8.2 2.31
Video statistics 8.3 1.96
Histogram plot 9.0 1.26
GUI
Fixation metrics 8.2 1.60
Video player 8.2 1.72
Video control panel 8.5 1.22

We collected 10 eyer acki ng researchersdé (including
fields, cognitive psychology, and computer science) opinions to rate the visual analytics
components from 1 (not helpful) 10 (very helpful). Our questionnairdsa included
guestions about the strategies used to construct the ISeeColor software architecture and
suggestions for improving the visualization and the analysis process.

Table 8-4 shows the overall and partial ragis of ISeeColor. The overall system was
rated very useful; automatic objeaftinterest (OOI) annotation component was rated as
the most useful component to solve the given tasks. Altraypding researchers agreed
that fixated objecbf-interest recolorcomponent and histogram plot components are

straightforward. However, some of the components were less used by some of the experts,
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such as video statistic and cokwale settings. One expert states that the GUI can be

modernized, such as changing thdesi style.

Overall, ISeeColor can effectively and intuitively represent what, where and how long

users view while wearing headounted eye trackers in dynamic contexts.

Figure 8-4 Comparison of amstation human labor time between manually ROI

annotation and ISeeColor. Notice, the ISeeColor annotation time is significantly miniscule

compared to manual annotation methagtsows how much time an inexperea and an

experienced coder spent when they manually annotated two case study videos (video one

is 1 minute 47 secondsd video two is 3 minutes). The inexperienced coder was research

assistant who received a one hour tutorial on using the proprietaogation software

from the eye trackero6s manufacturer

Inc.). The experienced coder was an eye tracking researcher who has approximately six

( SMI

years of experience with mobile eye tracking recordings and sasallleanwhile,

ISeeColor automated annotation and recoloring process did not require any human labor

after feeding the data into the system, which takes less than 60 seconds.

Annotation Time Comparison

|Time less than 60 seconds

A
ISeeColor annotation|
9 ELISNA Sy OS imSeSmmmmh | X
Ly S E LIS N& Sy O S S

0 1000 2000 3000
H Video 1 annotation time(sec)

Video 2 annotation time(sec)

Figure 8-4 Comparison of arstation human labor time between manually F
annotation and ISeeColor. Notice, the 1SeeColor annotation time is signific

miniscule compared to manual annotation methods.
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Table8-5 below provides a brief conapison of popular eye tracking data visualization and

analysis approaches created for researchers to investigate eye movement information.

Table8-5 A Comparison of popular eye tracking data visual analyppsaaches

Automatic Fixation information presentation
Related work

AOI annotation Location Duration

[31Q
[484
[313
[390
ISeeColor \Y \Y

<l < < < <

8.6 Summary

This work proposed a novel visual analytics tool, ISeeColor, wdmelibles largscale
wearable eye tracking data annotation and visualization. To the best of our knowledge,
ISeeColor is the first eye tracking data visual analytics system that can automatically
visualize fixation events (duration and location) on a seimamterpretation of AOIs in
dynamic scene video recordings. The main contributions of ISeeColor are:

1 ISeeColor implements efficient and lewost objecif-interests recoloring and
utilizes color to represent fixation duration values. Color is a simpléenamitive indicator
for data visualization and for highlighting certain objetinterests based on gaze density.

1 ISeeColor automatically annotates objetinterests by adapting dedgarning
based scene semantic segmentation. This minimizes thefere@the-consuming and

errorprone manual annotation.
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1 ISeeColor can also be used as a gaze density information retrieval system, which
can sort and search objaiftinterests based on pemcoded color information.

1 ISeeColor offers a usdriendly graphial user interface (GUI) where objeaft
interests are recolored while the color intensity changes based on the fixation duration
overlaid on a video recording from the scene camera. The categories of objects can be
customize based .on researchersoé needs

Weal so identiyed that t he mai n-of-giterestst c o mi r
recognition rate is mainly decided by the size of deapning training datasets. For
identifying common objects in our case study, such as car, human and bus, the cgcogniti
accuracy can be as high as 99.97%. However, the accuracy could vary when the users do
not provide enough training data.

In the future, ISeeColor can be embedded with the eye tracker hardware to realize on
thefly visualizations over large datasets. Dpso can accelerate the acquisition of critical
insights into how people think and act from laspale eye tracking datasets during

navigation tasks, education and medical training.
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CHAPTER 9. IMAGE ANALYTICS AND
APPLICATIONS FOR HEAD -MOUNTED EYE

TRACKING

In this chapter, developed image analytics tools for enhancing the analyzing and
visualizing heaemounted eye tracking data are presented. There are many ways to
improve the effectiveness of massive wearable eye tracking data analysis procedure. These
methods mclude, but not limited to, retrieving fine details of regadrinterests (ROI)
people are looking at, detecting boundaries between adjacent objects within a same ROI
for better object classification results, and reduce tie#@nnotated data volume liging
image quality measurements. Proposed systems were previously published in multiple

papers in order to aid in heatbuned eyetracking data analysis.

9.1 Fixation oriented object segmentation using mobile eye tracker

The content of this section wasepiously presented in Qianwen Wan, Srijith Rajeev,
Aleksandra Kaszowska, Karen Panetta, Holly A. Taylor, and Sos Agaian. "Fixation
oriented object segmentation using mobile eye tracker,"” In Mobile Multimedia/Image
Processing, Security, and Applications 80ol. 10668, p. 106680D. International
Society for Optics and Photonics, 2018.

9.1.1 Abstract

Eye tracking technology allows researchers to monitor position of the eye and infer
onedbs gaze direction, whi ch i s tioswithint o un:¢
psychology, cognitive science, marketing and artificial intelligence. Commercially
available heaanounted eye trackers allow researchers to track pupil movements (saccades

and fixations) using infrared camera and capture the field of visianfimntfacing scene
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camera, which enables researchers to expand their investigation to more ecologically valid
experiments studying where and what people log824. While eye tracking technology

has enabled numerous new applications for eye movement research, analyziregtbd det
gaze overlaid video is still severely complicated by noise introduced from unpredictable
weather conditions, uncontrolled lighting, and dynamic scenes with motion blur.

One of the most important steps in analyzing where and what the observersiage loo
at is to clarify the boundary between different objects in the video frame. Considered as a
starting point of all the further eye tracking data analytic system steps, object segmentation
is absolutely necessary and crucial.

A novel, stable and tagkiven multilevel fixationoriented object segmentation
method (MFoOS) was proposed to support legge mobile eye tracking research. The
proposed method is tested using +walld case studies designed by our team of
psychologists focused on understangavisual attention in human problem solving.

MFoOS shows its advancement in posiiowariance, illumination, noise tolerance and
istaskdr i ven. The extensive computer simulatic
robustness for fixaticoriented dject segmentation. Moreover, a ddearning image
semantic segmentation combining MFoOS results as label data was explored to
demonstrate the possibility of dime deployment of eye tracker fixatiariented object

segmentation.
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9.1.2 Related Work

Current commercially available infired eye tracking equipment can be categorized
into stationary remote eye trackers and head mounted (or otherwise wearable) mobile eye
trackers. Remote eye trackers are stationary, and as such their accuracy depkeads on t
systembébs ability to accurately |l ocate the
within which a participant can move without their eyes falling out of the tracking range).
This technical i mi tati on s ingpvemdnt, ancaftenl v r e
requires researchers to use chinrests to ensure high data quality. Since 1980s, the remote
eye trackers gained a lot of attention from the research community and have been heavily
used in indoor human computer interaction experimg®sg 497.

Remote eye trackers are most commonly used in compased tasks, which limits the
scope of possible experimental paradigms, effectively excluding any possibility of studies
where participants move their head or body, manipubjects, or interact with other
people. On the other hand, head mounted mobile eye tracking technology allows to track
peopl ebs gaze without necessarily restrict
remote eye tracking could never even approach.

The development of lightweight mobile eye trackers has expanded the scope of possible
research to include natural tasks[2%4] [283] [284], a geology filed trip and a grocery
store experiments were described to demonstrate the possible indoor and outdoor research
paradigms using head mounted mobile eye tracker. Wearable eye trhakerbeen used
in ontroad driving applicationg255 for tracking the eye movements of a drivevigating
a test route while completing various driving tasks; head mounted eye tracker was proposed

to use to find the evidence for predictive control of eye movements in §poiiof two
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skilled squash players. In addition, mental health monitoring using mobile eye tracker was
proposed and is under investigat{@09 .

Amazing pioneer works have been done and proved the value of the existence of
lightweight mobile eye trackers in psychology, cognition, usability, and marketing. While
there has been a significant success deploying head mounted eye tracking technology in
both academic and commercial research, analyzing the collected data remains a challenge.
Visual analytic methods have been developed in order to provide a more effiaent an
accurate way to understand the recorded eye tracking data, such as manual annotation
[314], [31Y, [316, gaze point labeling symh [313, [317], [31], and other image
processing and computer \ositechnique§319.

Our psychology team has designed watld experiments using eye tracker focusing
on human problem solving and spatial learning ability. Figure 2 are two images of o
participants doing an indoor human problem solving study and an outdoor spatial learning

ability study wearing eye tracker SMI Eye Tracking Gla$32§).
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Figure9-1 Participants doing an indoor human problem solving study and an ot
spatial learning ability study wearing eye tracker SMI Eye Tracking Glasses.

Eye Tracker Hardware: Eye tracking glasses have a frontal scene camera capturing the
field of viewinfr ont of the participant, and infrar
to track the distance between the center of the pupil and position of artificially illuminated
corneal reflections.

Calibration: Eye tracker calibration is a process that detesmivhere in the scene
someone is looking at by training and forming a mathematical correspondence between the
| ocation within the scene and the vector b
(artificially projected onto the cornea) before theerkment. For our mobile eyteackers
we use a threpoint calibration method, followed by thrgeint validation, to ensure high
tracking accuracy. Figure below shows eye images captured under different light
conditions which leads to different pupil sszeand eye images of participants looking

around are presented as well.
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Data Collection: The orange dot displayedrigure9-3 approximates where people are
looking, and it reflects the location of the gaze point. The captuestk sedeo is overlaid
by the indicator, which indicates the fixation.

The challenges of analyzing where and what the observers are fixating at are
parti ci p-gm@andszdoroatomovements and interaction with the object in the
scene. For the purpose fiuring out what the participants are fixating at, an efficient
segmentation algorithm to clarify the boundary between different objects in the video

frame is absolutely necessary and crucial.

Figure9-2 Eye image as captured by the eye tracker; the pupil size is depenc
the environmental light conditions but does not influence the accuracy of tra
as long as the viewer does not squint (effectively obscuring the pupil geon
Six artificially projected corneal reflections remain relatively steady as vit
moves their eyes around (images of eye in the second row). Gaze point is th
calcul ated as the relative vector
corneal reflections.
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Figure 9-3 Participants doing an indoor human problem Asolving stuAdy an(
captured gaze point overlaid scene video; the orange circle is showing
participant is looking at.

Mask the image

L Level 1

Figure 9-4 The overall system architecture for the proposed reuel fixation
oriented object segmentation MFoOS.
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9.1.3 Proposed MuHevel fixation oriented object segmentation

The segmentation algorithm is divided into tvewéls; the overall system architecture
is shown inFigure 9-4. Comprehensive description of the proposed rieNe! fixation

oriented object segmentation is pided in the following sections.
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U MFoOS Level 1 (Objeatetection)

Input the test image and the templat@gesThe example template images and testing
images shown ifrigure9-5 are providedas input. The test images are obtained from the
eye tracker. The test imagesynor may not include the lego kits, orange colored fixation
indicator, and other background information. The goal of this method is to extract the
objects of interest and the orange colored fixation indicator.

Detect and extract image features using imtatnd scale invariant detectet83:
Feature extraction is most critical because the features made available for discrimination
directly influence the effectiveness of the segmentation algorithm. The result of the
extraction task is a set of features (feature vector), which creasgwesentation of the
image An ideal feature detection technique should be robust to image transformations such
as rotation, scale, illumination, noise and affine transformations. In addition, ideal features
must be highly distinctive, such that a single feature can be correctly matched with high
probability. SURF, SIFT, Harrikaplace, Difference of Gaussian (DQ@GlessiaA_aplace
are some of the detectors that can be used as detpt38/$494]. This paper utilizes
SURF features for demonstrative purposes. The example results of SURF feature
extraction are show iRigure9-6.

Match the template features with the test image features: Thehing process is
performed by applying the nearest neighbor practice for finding matches. For instance,
consider images | and J with key points A1 and A2 respectively. These key points are
positively matched if the distance between them is smaller thamther key point in
image J. The key points detected and described are matched using this pt9eph

demonstration of matching processhown irFigure9-7.
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Locate the object using RANSAC transformation: Random sample consensus
(RANSAC) is an iterative outlier detection method to estimate parameters of a
mathematical model from a set of observathdhat contains outliers. This step estimates
the geometric transform from matching point pairs and calculates the transformation
relating to the matched points, while eliminating outliers. This transformation is then used
to localize the object in thenage[495.

Identify the Region of Imrest (ROI) and masthe image:From the location of the

object, identify the region of interest and mask the image as shdviguire9-8.

U MFoOS Level 2 (Object ggnentation)

Convert the masked image from RGB to HSV color space

Traditional color space models such as RGB do not separate the image intensity from
the color information. Therefore, the images are converted to theShlueationValue
(HSV) color space, ot separate color components irrespective of the intensity thus,
becoming robust to illumination and exposure variations.

Smoothen the image

This is a preprocessing step which utilizes a low pass filter to reduce the noise within
the masked image to produa less pixelated image.

Perform multilevel thresholding on the image to identify the thresholds for different

colors
Thresholding is an important technique for image segmentation that attempts to identify
and extract a target from its background. This t i c| e ut i llevetteresholdt s u 6 s

technique to perform this st¢49q.
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Identify the region of interest (ROI) and extract the largest connecmgonent

Identify the regpn of interest by forming a mask using the mtlitiesholds obtained in
the previous step. Connectedmponents are widely used in imgg®cessing to detect
connected regions in digital images. Therefore, all the conneotegonents in the ROI
image areextracted. Then, the largest blob from the resulting binary image is identified
and extracted. This component is then finally used to mask the image to obtain the

segmented result shownkilgure9-9.

Figure 9-5 The example template images collected from an indoor cogr
research.
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Figure9-6 The example results of SURF feature extraction of template inr
andtesting images.

Figure9-7 A demonstration of matching the detected featured in template in
and testing images.
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