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ABSTRACT 

Todayôs autonomous recognition systems are 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 devices including thermal, 3d imaging as well as eye-trackers, and virtual and 

augmented reality devices. Recognition systems are predominantly known for their 

significant contributions to advance security and biomedical applications, however many 

research fields still tend to use humans to annotate, evaluate and analyze massive datasets. 

In this thesis, the research focuses on leveraging image characteristics based feature 

extraction algorithms, statistical and machine learning classification methods and human 

visual system inspired methods to achieve robust and efficient recognition and 

classification systems across different modalities. This includes human visual system 

inspired image enhancement and de-noising processing for data captured under varying 

illumination conditions and using diverse sensing devices. While adapting the 

advancements of current state-of-the-art deep-learning technologies, the knowledge gained 

from single image physical characteristics and classification methodologies are applied for 

developing automated solutions for massive eye-tracking data analysis, which eliminates 

the need for cost-prohibitive and time-consuming manual annotation in cognitive research. 

Accordingly, image quality measurement, enhancement, colorization and segmentation 

algorithms are presented as contributions to refine the applicability of the proposed 

automated solutions. To further aid in effectively analyzing multi-modal data and promptly 

providing feedback for human behavior research exploring complex cognitive processes, 

novel software solutions with stand-alone graphic user interfaces are proposed utilizing 

transfer-learning object classification, voice activity detection, speech prosody analysis, 
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natural language processing, and multi-stream data fusion. The proposed engineering 

solutions have been successfully adapted by cognitive psychologists and shown its 

exceptional performance in analyzing real-life mobile eye-tracking case studies. 

Experimental results illustrate the game-changing potential of the proposed systems for 

increasing usefulness and ecological validity of using eye-tracking technology in 

conducting human behavior research and validating hypothesis. Meanwhile, the applied 

autonomous systems are successfully deployed on mobile and head-mounted augmented 

reality platforms for applications such as vision-based indoor navigation, interior 

decoration, tourism, entertainment, facial emotion analysis, aerial border surveillance for 

search and rescue missions, universal accessibility, clinical and medical support. 
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CHAPTER 1. INTRODUCTION  

1.1 Overview 

The basis of image processing architectures and autonomous computer vision systems 

is studied to investigate the fundamental characteristics of a natural image and to train 

machines to select unique features that best emulate human vision. This thesis aims to 

utilize the gained knowledge in image signal processing and machine learning algorithms 

to develop the most effective automated engineering solutions, which can reduce extensive 

human labor for data analysis and further aid in accelerating conducting human behavior 

research. This includes impacting real-life applications such as facial recognition, human 

activity monitoring using eye tracking and augmented reality technology. 

Motivated by the profound implications of autonomous facial recognition algorithms in 

the fields of homeland security, human trafficking, law enforcement, biometric 

identification, and multimedia; this thesis starts with presenting novel autonomous facial 

recognition systems by analyzing and extracting unique features that exist in face images 

cross modalities that are 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 

componentsô contributions are proposed and well-studied for visible-to-visible facial 

recognition systems. Local binary pattern feature descriptors and classic statistic similarity 

calculations are coupled to achieve low-cost, efficient and robust recognition systems in 

facial forensic, identifying missing children related human tracking topics, matching 

celebrities for social media entertainment, and finding missing pets applications. These 

works focused on developing accurate visible facial recognition systems inputting frontal, 
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normalized size, well-illuminated face images with aging variations as well as non-human 

faces. While realizing the captured facial images are not always uniform-illuminated, a 

human visual system based logarithmical image visualization technique is proposed to 

extract discriminative features in face images that are captured under low-lighting 

scenarios.  

Heterogeneous face recognition (HFR) systems are now gaining growing attentions 

from both research and industry community, because: 1) diverse imaging sensors are 

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 in law enforcement applications; 

3) it has been shown that the combination of multi-modal information provided by different 

imaging sensor can significantly improve facial recognition rate, such as 2D + 3D facial 

recognition. The advances in image collection and widespread reliance on different sensors 

is the root of HFRôs growing importance within both research and industry. This thesis 

presents a set of heterogonous facial recognition systems, including visible-to-

computerized sketch facial recognition system, visible-to-thermal facial recognition 

system utilizing anisotropic gradient image descriptor, near-infrared (NIR) facial 

recognition using directional visibility filtering.  Besides researching on effectively 

extraction different image feature descriptors, machine learning classification algorithms, 

such as support vector machine (SVM) are applied to improve time efficiency and 

recognition accuracy.  

We discovered that there were limited publicly available face datasets to obtain training 

examples for data-hungry machine learning algorithms. Meanwhile, the development of 
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face recognition systems relies greatly on well-built databases for benchmarking, 

evaluation and validation purposes. This thesis demonstrates the motivation and introduces 

the content of the Tufts Face Database, the most comprehensive multi-modal face dataset 

that contains photograph images, thermal images, near infrared images, a recorded video, 

a computerized facial sketch, and 3D images of 113 volunteers 

Armed with a comprehensive facial dataset, the exploration of fusing, aligning and 

analyzing multi-streams data is accelerated. This can be widely applied in conducting 

human behavior research using signals that are captured by various sensors, such as eye 

trackers and audio recorders. 

Recent head-mounted eye tracking technology has shown its advances in studying eye 

movements[1], humanôs focus of attention[2], visual perception, and cognitive processes 

[3] by allowing researchers to capture participantsô eye-movement images through near-

infrared cameras, field-of-vision using front facing camera, and speech by audio recorder, 

all while participants are moving freely. Cognitive researchers demonstrate that usage of 

lightweight head-mounted eye tracking technology give them a unique way to monitor 

ñwhereò and ñwhatò humans are looking at and record ñwhat their minds sayò; all while 

they arc interacting with the real-world, communicating with other people, manipulating 

common objects, and completing specific daily tasks. Hence, this rising technology has 

been utilized extensively in conducting human behavior research [4], multimedia learning 

[4], reading strategy [5], early children development and education [6], consumer 

marketing [7], navigation learning ability [8], human machine interaction [9], problem 

solving [10], clinical [11] and medical applications [12]. However, analyzing and making 

informed inferences from the collected large-scale multimodal datasets remains a 
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challenge. For instance, researchers usually go through the entire eye tracking video, 

manually tag the area-of-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 consuming, and 

cost-prohibitive, especially when working with larger datasets. 

When cognitive psychology collaborators seek for collaboration, our built mindset for 

developing automated engineering solutions is ready. This thesis presents all the developed 

engineering solutions towards solving real-life obstacles in large-scale head-mounted eye 

tracking data analysis. Human visual system inspired image quality measurements were 

inspected to reduce massive eye tracking recording frames and unbeneficial frames based 

on the quality of the to-be-classified image frames. A multi-level fixation-oriented object 

segmentation method was described to support efficient cognitive research data analysis 

by segmenting adjacent objects within a scene frame. Other image enhancement methods, 

such as single image super-resolution transform and deep-learning based image semantic 

segmentation, were proposed as important steps for facilitating analyzing massive head-

mounted eye tracking data. This thesis presents three main automated analysis and 

visualization system architectures: 1) a fully automated solution for eye-tracking data 

analysis is presented, which eliminates the need for manual annotation. The proposed 

software architecture, GoC (gaze to object), processes the gaze-overlaid video 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 image similarity measurement to 

support faster processing. 2) A novel eye tracking data visual analytics system, ISeeColor, 
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is proposed. ISeeColor first allows for automatic recognition of independent objects within 

field-of-vision (FoV) using deep-learning based semantic segmentation. Then, ISeeColor 

recolors fixated objects in area-of-interests (object-of-interests) by integrating gaze 

fixation information. Effectively, ISeeColor allows researchers to automatically infer what 

objects users view and for how long in dynamic contexts. 3) A comprehensive head-

mounted eye-tracking 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 object-of-interests recognition and classification 

using transfer-learning; voice activity detection, speech prosody analysis and speech-to-

text; and multimodal data-of-interests fusion, alignment and visualization. Accompanying 

graphic user interfaces for analysis 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 and mobile capture devices 

[13]. Since virtual elements and real world scenes harmoniously exist together, the virtual 

information can be displayed and used to provide assistance in real-life applications [14], 

such as health care, manufacturing, navigation, education and learning, gaming, sports, 

entertainment, usability research , and consumer electronics [15-17]. With the fast 

development of software solutions, arrival of a great diversity of hardware sensors has 

brought augmented reality into a relatively mature level [18].  Other than smart phones and 

see-through devices, this thesis integrates eye tracking technology with 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 the real-world in a more  
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immersive manner using their eye gaze instead of head movement, which is the current 

directional input for AR headsets. This thesis explored applications include an augmented 

reality based vision-aid indoor navigation system in GPS denied environment, augmented 

reality interior decoration style colorization system and augmented reality systems for 

tourism and entertainment. 
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Figure 1-1 Overview of the dissertation contributions: Blue blocks: Topics related to this 

dissertation; Orange blocks: proposed automated engineer solutions; Green blocks: 

proposed and applied image processing algorithms, computer vision technologies and 

other digital signal processing methods; Gray blocks: fields of applications 
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1.2  Dissertation Organization  

The overview of this dissertation is shown in Figure 1-1. This dissertation consists of 

four parts, as listed in Figure 2. 

Part 1: Facial Recognition Systems: Heterogeneous Data Acquisition, Feature based Machine Learning, and Real-life Applications

CHAPTER 2 FACE IMAGE FEATURE DESCRIPTORS

CHAPTER 3 HETEROGENEOUS FACE DATA ACQUISITION: A REVIEW AND A MULTI -MODALITY DATABASE

CHAPTER 4 AUTONOMOUS FACIAL RECOGNIITON SYSTEMS: VISIBLE, COMPUTERIZED-SKETCH, THERMAL, NIR, HETEROGENEOUS AND EMOTION RECOGNITION

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

CHAPTER 5 HEAD-MOUNTED EYE TRACKING LITERATURE REVIEW

CHAPTER 6 HEAD-MOUNTED EYE TRACKING GAZE-TO-OBJECT CALSSFICATION

CHAPTER 7 MULTIMODAL HEAD -MOUNTED EYE TRACKING DATA-OF-INTEREST: ANNOTATION, FUSION AND ALIGNMENT

CHAPTER 8 ISEECOLOR: HEAD-MOUNTED EYE TRACKING DATA VISUAL ANALYTICS TECHNIQUE BASED ON GAZE DENSITY

CHAPTER 9 IMAGE ANALYTICS AND APPLICATIONS FOR HEAD-MOUNTED EYE TRACKING 

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

CHAPTER 10 AERIAL BORDER SURVEILLANCE FOR SEARCH AND RESCUE MISSIONS USING EYE TRACKING TECHNIQUES

CHAPTER 11 AUGMENTED REALITY COLORIZATION: ARFURNITURE AND ARNATURE

CHAPTER 12 AUGMENTED REALITY BASED VISION-AID INDOOR NAVIGATION SYSTEM

PART 4: Conclusion and Future Works
 

Figure 1-2 The organization of this dissertation 

 

Part 1, comprised of Chapters 2-4 and entitled ñFacial Recognition Systems: 

Heterogeneous Data Acquisition, Feature based Machine Learning, and Real-life 

Applicationsò, reviews face image feature descriptors, heterogeneous face dataset, and 

different autonomous face recognition systems. Part 2, comprised of Chapter 5-9 and 

entitled ñHead-Mounted Eye-Tracking Technology: Review, Analytic Systems, and 

Visualizationò, reviews head-mounted eye tracking literature review, head-mounted eye 
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tracking data fusion, analysis and visualization software architecture, and image analytics 

methods and applications for head-mounted eye tracking technology. Part 3, comprised of 

Chapter 10-12 and entitled ñExtended Applications: Head-mounted Eye tracking and 

Augmented Reality Systemsò, reviews real-world applications integrating eye tracking and 

augmented reality in fields such as aerial boarder search and rescue, entertainment, 

shopping and navigation. Part 4 draws conclusions based on all of the work which has been 

presented this dissertation and discuss the future research directions works.  

 

1.3 Dissertation Contributions 

The contributions of this dissertation, listed according to the publication list, are as 

follows:    

Human visual system based facial recognition for autonomous systems and applications 

¶ A real-time facial recognition system utilizing our human visual system 

algorithms coupled with classical Logical Binary Pattern (LBP) feature descriptors 

¶ The contributions of this work include introducing region weighted models 

for facial components. We investigate two models, Hybrid region weighted model 

and Hybrid-Holistic region weighted model, and compare and contrast the 

performance on public databases of faces. 

¶ Automatically matching composite sketches to facial photographs. 

¶ Finding missing children or victims of human trafficking. 

¶ Investigating the limitations of the system by applying the algorithms for 

other non-human facial features, namely matching animals. 

Autonomous Facial Recognition based on the Human Visual System 
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¶ This paper presents a real-time facial recognition system utilizing our 

human visual system algorithms coupled with logarithm Logical Binary Pattern 

feature descriptors and our region weighted model. 

¶ An automatic system to Match 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 

¶ A database containing people of interest with corresponding forensic 

images and their computerized sketches that will be available for future researchers; 

¶ An automatic computerized sketch to facial photo recognition system 

utilizing human visual system algorithms; 

¶ This work will also compare the accuracy between matching forensic 

photos and matching the composite sketches.  

A Video Forensic Technique for Detecting Frame Integrity Using Human Visual 

System-inspired measure 

¶ An automatic jump-cut detection system to evaluate video altering and 

tampering using a novel, low-cost 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 image visualization technique 
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¶ 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: thermal infrared to visible face recognition 

¶ A novel Anisotropic Gradient Facial Recognition (AGFR) system that is 

capable of autonomous thermal infrared to visible face recognition is proposed.  

¶ A framework for thermal/fused-thermal-visible to visible face recognition 

system. 

¶ A novel human-visual-system inspired thermal-visible image fusion 

technique. 

Fixation oriented object segmentation using mobile eye tracker 

¶ This paper presents a multi-level fixation-oriented object segmentation 

method (MFoOS) to solve the challenges in segmenting the scene objects in video 

data collected by the eye tracker in order to support cognition research data 

analysis. 

Automatic Frame-Cut Detection for Self-Diagnostics of Video Surveillance Systems 

¶ An automatic method that can examine video recordings and detect frame-

cuts without any human intervention. 

Aerial Border Surveillance for Search and Rescue Missions Using Eye Tracking 

Techniques 

¶ A gaze based aerial boarder surveillance object classification and 

recognition framework. 
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¶ Real-time object detection and identification system in non-scanned 

regions; 

¶ Investigating the scan-path (fixation and non-scanned) provided by mobile 

eye tracker can help improve training professional search and rescue organizations 

or even artificial intelligence robots for searching and rescuing missions.  

A comprehensive database for benchmarking imaging systems 

¶ Detailed description of the content and acquisition procedure for images in 

the Tufts Face Database;  

¶ The Tufts Face Database is publicly available to researchers worldwide, 

which will allow assessment and creation of more robust, consistent, and adaptable 

recognition algorithms;  

¶ A comprehensive, up-to-date review on face recognition systems and face 

datasets. 

Software Architecture for Automating Cognitive Science Eye-Tracking Data Analysis 

and Object Annotation 

¶ A solution using image analytic techniques is described to facilitate the 

wearable eye-tracking data analysis and gazed object classiýcation. The novel 

software architecture (gaze-to-object classiýcation (GoC)) can recognize which 

region of interest(ROI)participants are attending to in gaze-overlaid videos, classify 

the speciýc object within the ROI, and provide information on the gaze duration 

based on frame counts.  

¶ A user-friendly GoC prototype is designed for automatic identiýcation and 

annotation (labeling) of object categories within gaze-overlaid videos relevant to 

https://ieeexplore.ieee.org/abstract/document/8554155/
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the research question under investigation. It is one of the most versatile approaches 

to analyze mobile eye-tracking 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 eye-tracking equipment.  

¶ GoCôs utility in analyzing a case study spanning over 50h of mobile eye-

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 

discussed in Section III. GoCôs outcomes are then compared to the current standard 

benchmark of those achieved through manual coding by trained and inexperienced 

researchers. 

ARFurniture: Augmented Reality Interior Decoration Style Colorization 

¶ This paper contributes a real-time AR application, ARFurniture, which will 

allow the users to envision furniture-of-interests in different colors and different 

styles, all from their smart devices. The core software architecture consists of deep-

learning based semantic segmentation and fast-speed color transformation.  

¶ Our software architecture allows the user prompt the system to colorize the 

style of the furniture-of-interest within the scene on their mobile devices, and has 

been successfully deployed on mobile devices.  

¶ In addition, using eye gaze as a pointing indicator, a head-mounted user-

centric augmented reality based indoor decoration style colorization concept is 

discussed.  
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¶ Furthermore, a no-reference image quality measure, Naturalness Image 

Quality Evaluator (NIQE), was utilized to evaluate the immersiveness and 

naturalness of ARFuniture.  

A Comprehensive Head-mounted Eye Tracking Review: Software Solutions, 

Applications, and Challenges 

¶ A survey of state-of-art head-mounted eye tracking technology, present 

commercially available wearable eye tracking equipment 

¶ Fields of applications for head-mounted eye tracking are described. 

¶ It discusses several software solutions for eye tracking data analysis 

techniques reported in the literature.  

¶ Large-scale eye tracking data visualization methods for researchers from 

varying backgrounds are described. 

¶ The limitations and challenges existing in current eye tracking data analysis 

software solutions are presented. 

Enhanced head-mounted eye tracking data analysis using super-resolution 

¶ A novel software solution for tackling the challenges mentioned above and 

hence replicating all the details with in ROI in offline head-mounted eye tracking 

data analysis: The eye tracking research community is interested in analyzing the 

details of what and where a person is looking at using large-scale head-mounted 

eye tracking data. We formulated this problem to be eye tracking video processing, 

which can be resolved by locating at region-of-interests (ROI) based on fixation 

location, cropping and zooming in the ROI and enhancing the partial image by 

super-resolution image transformation.  
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¶ Experimental results and evaluation using image quality measurements 

show the effectiveness, efficiency, and robustness of the proposed prototype 

system.  

¶ Furthermore, we discuss and demonstrate potential real-time applications 

using the proposed framework with emphasis on using an Augmented Reality (AR) 

headset with eye tracking capabilities. 

Illumination Invariant NIR Face Recognition using Directional Visibility 

¶ 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.  

¶ Furthermore, extensive computer simulations will be performed on the 

TUFTS (NIR) database. 

ISeeColor: Head-mounted Eye Tracking Data Visual Analytics Technique 

¶ ISeeColor implements efficient and low-cost object-of-interests recoloring 

and utilizes color to represent fixation duration values. Color is a simple and 

intuitive indicator for data visualization and for highlighting certain object-of-

interests based on gaze density. 

¶ ISeeColor automatically annotates object-of-interests by adapting deep-

learning based scene semantic segmentation. This minimizes the need for time-

consuming and error-prone manual annotation. 

¶ ISeeColor can also be used as a gaze density information retrieval system, 

which can sort and search object-of-interests based on pre-encoded color 

information.  
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¶ ISeeColor offers a user-friendly graphical user interface (GUI) where 

object-of-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 researchersô needs. 

Annotation, Fusion and Alignment for Multimodal Data-of-Interest (DOI) 

¶ State-of-art computer vision techniques are adapted to facilitate the 

wearable eye-tracking data analysis and fixated object-of-interest 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. 

¶ The proposed system architecture offers functionalities include voice 

activity detection, speech prosody analysis and speech-to-text. The combination of 

1D signal processing and off-the-shelf natural language processing technology 

automates the speech data processing for think-aloud protocol.  

¶ 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 

head-mounted eye 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 angles. 

¶ A user-friendly GUI along with the proposed system is designed for 

labeling fixated object categories relevant to the research question under 



17 

 

investigation. Meanwhile, a visualization GUI is given for researchers to align and 

observe multi-modal data-of-interests at any point of time.   It is one of the most 

versatile approaches to analyze mobile eye-tracking data. 

¶ The proposed systemôs utility in analyzing three case studies of mobile eye-

tracking data is presented. The detailed case study descriptions are discussed in 

Section III. Results demonstrate and validate the great potential of the proposed 

system for increasing ecological validity of using head-mounted eye-tracking 

technology in various research fields. 

Augmented Reality based Vision-Aid Indoor Navigation System in GPS Denied 

Environment 

¶ This paper describes the development and demonstration of a head-worn 

augmented reality (AR) based vision-aid indoor navigation system, which localizes 

the user without relying on a GPS signal. 

ARNature: Augmented Reality Style Colorization for Enhancing Tourism Experience 

¶ This work introduces a system architecture integrating augmented reality 

technology with state-of-art computer vison techniques such as image semantic 

segmentation and deep-learning based style colorization. The proposed production 

system, ARNature, is able to superimpose a virtual scene, audio and other 

enhancements in real time over a real-world environment for enhancing tourism 

experience.  

Deep Learning based Thermal Emotion Recognition System 

¶ This paper proposes a robust emotion recognition system using thermal 

images and custom convolution neural network (TERNet). This employs features 
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obtained via transfer learning technique and fine-tuning and evaluation is 

conducted using the TUFTS thermal database.  

Virtual vs Real: Augmented Reality object recoloring  

¶ 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 tourism, art appreciation, fashion, entertainment and 

indoor decoration 

¶ ARColor: Using eye gaze as a pointing indicator, the work introduces a 

user-worn augmented reality recoloring prototype architecture. By fixating on the 

object-of-interest for a certain period of time, 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 

eye-tracking  

¶ The proposed 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 Real-life 

Applications 
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Part 1 gives a comprehensive demonstration of all my work related to facial recognition 

during graduate career. It covers contributions on development of autonomous face 

recognition systems for visible-to-visible RGB image, heterogeneous imaging such as 

thermal-to-visible, sketch-to-visible and NIR-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 data acquisition 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 transactions 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. Qianwen Wan, Karen Panetta, Sos Agaian, ñAutonomous facial recognition based on 

the human visual system,òIEEE International Conference on Imaging Systems and 

Techniques (IST), Macau, 2015. 

4. Qianwen Wan, Karen Panetta, ñHuman visual system based facial recognition for 

autonomous systems and applications,òM.S., TUFTS UNIVERSITY, 2015, 129 pages; 

1589523. 

http://ieeexplore.ieee.org/xpl/mostRecentIssue.jsp?punumber=7284460
http://ieeexplore.ieee.org/xpl/mostRecentIssue.jsp?punumber=7284460
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5. Qianwen Wan, and Karen Panetta. ñA Video Forensic Technique for Detecting Frame 

Integrity Using Human Visual System-inspired measures," Technologies for Homeland 

Security (HST), 2017 IEEE Symposium on. IEEE, 2017.  

6. Qianwen Wan, Karen Panetta, and Sos Agaian. "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 Photonics, 2017. 

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/Image Processing, 

Security, and Applications 2018, vol. 10668, p. 106680V. International Society for Optics 

and Photonics, 2018. 

8. Arash Samani, Karen Panetta, Qianwen Wan, Sos Agaian. ñAutomatic Frame-Cut 

Detection for Self-Diagnostics of Video Surveillance Systems,ò Technologies for 

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

9. Srijith Rajeev, Qianwen Wan, Karen Panetta, Sos Agaian. ñIllumination Invariant 

NIR Face Recognition using Directional Visibility,ò IS&T Electronic Imaging 2019. 

10. Shreyas Kamath, Rahul Rajendran, Qianwen Wan, Karen Panetta, Sos Agaian. 

òTERNet: A Deep Learning Approach for Thermal Face Emotion Recognition,ò SPIE, 

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

Similar to all other natural image multi-object 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 and identification system is presented as Error! Reference 

source not found..  In this chapter, relevant efficient facial image processing and useful 

feature descriptors will be presented-they are human visual system based thresholding 

algorithm, facial component region weighted models, human visual system based 

logarithmical image visualization techniques, anisotropic gradient, directional visibility, 

local binary patterns, and histograms of oriented gradients. The usage of different modules 

will be specifically discussed in chapter 2; and complete autonomous facial recognition 

systems with various demonstrative applications in chapter 3.   

 

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 non-linear human visual perception, which has been utilized in numerous 

image processing domains such as image enhancement [19], image de-noising, image 

 

Figure 2-1 Face verification and identification flow diagram. Note that, proposed data 

capture procedure (red color square) will be described in section 4; face image pre-

processing and feature extraction (green color square) is presented in chapter 2; and 

face recognition systems and applications will be described chapter 3. 
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quality measurements [20], image classification and recognition [21].  It is capable of 

detecting and recognizing unique image patterns and information, which follows human 

psycho-physical principles and reflects attributes of natural RGB images [22], [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 intensity and the gradient information at each pixel of any given images. 

Following formula is used to calculate imagesô background intensity as a weighted local 

mean: 

ὄὼȟώ
В ȟ

Ѝ
В ȟ ȟ

         (2.1) 

Where ὄὼȟώ represents the background intensity value of each pixel, ὢὼȟώ 

represents input image, Q represents 4-neighboring pixels of each pixel of the input image, 

and Qô is all of the pixels that are one pixel distance away from ὢὭȟὮ in diagonal 

directions.  

Here, we are using the Sobel operator to calculate gradient value. Formula (2.2) is used 

to obtain the gradient value of the input image value [2], note that any standard gradient 

detection algorithms can be adapted into the system: 

Ὃ ὼȟώ
ρ π ρ
ς π ς
ρ π ρ

ὢzὼȟώ 

(2.2) Ὃ ὼȟώ
ρ ς ρ
π π π
ρ ς ρ

ὢzὼȟώ 

ὢ ὼȟώ Ὃ ὼȟώ Ὃ ὼȟώ  
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Here ὢ ὼȟώ is the gradient information and Ὃ ὼȟώ¸ Ὃ ὼȟώ are the directional 

gradients, while ὢὼȟώ is the input image. 

HVS model is applied to quantify visual incentive information that human eyes can 

perceive. In other 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 absolute brightness due to the adaptive 

ability; instead, they measure the relative brightness associated with the amount of light 

stimulus entering the eyes.  

 
Figure 2-2.  Linear approximation of the four regions of human visual response: De 

Vries-Rose region approximates this threshold for under-illuminated areas. Weber 

region models this threshold for properly-illuminated areas, and the Saturation region 

approximates the threshold for over-illuminated areas. 
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Weberôs Contrast Law 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 

shown in Figure 2-2, DevriesïRose 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 pixels [26]. 

The De Vries-Rose region is defined by equation (2.3), the Weber region is (2.4), and 

the Saturation region id defined by (2.5), 

logæBT=
1

2
* logB + logK2 (2.3) 

logæBT=logB + logK1 (2.4) 

logæBT=2* logB + K3 (2.5) 

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): 
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K2= K1 Bx2 (2.7) 

K3= 
K1

Bx3
 (2.8) 

The thresholding parameter ɼ in (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 region in Figure 2-2 from 

origin to x1. Then, we assume Bxi corresponds to logB, for i = 1, 2, 3, so we can write: 

Tixi BB a= ȟ i = 1, 2, 3 (2.9) 
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Where Ŭ1, Ŭ2, Ŭ3 are parameters determined experimentally, which are based upon the 

human eyes response characteristics of three different regions. In [27] it was found that the 

best results occurred when Ŭ1 is set to be 0 as it is a lower saturation level,  Ŭ2, Ŭ3 

parameters are  set 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 observer [28]. The thresholding formulas are: 

Im1=Xx,y for     Bx2Ó B(x,y)Ó Bx1 & 
X'(x,y)

Bx,y
Ó K2 (2.10) 

Im2=Xx,y for     Bx3Ó B(x,y)Ó Bx2 & 
X'(x,y)

Bx,y
Ó K1 (2.11) 

Im3=Xx,y for     Bx3Ò B(x,y) & 
X'(x,y)

Bx,y2
Ó K3 (2.12) 

Im4=Xx,y for all remaining pixels (2.13) 

HVS based image thresholding algorithm is adapted in facial recognition systems for 

the purpose of segmenting useful information and hence resulting in a much more efficient 

pre-processing for efficient feature extraction steps. 

 

2.2 Facial Component Region Weighted Model 

Harandiôs [29] pointed out that: The engineer solutions for facial recognition tasks 

should be different than any other object recognition problems where the target objects-of-

interest is non-human. Facial recognition topic involves analyzing information about 

individual facial components, such as mouth, nose, eyes, etc., but also requires 

consideration about entire structure information of all facial features [30]. According to 
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psychophysical findings, it is clear that some facial features (such as eyes, nose and mouth) 

play more important roles than other features in human facial recognition applications [31]. 

In this section, we review two different region weighted methods that propose in previous 

work.  

Hybrid Region Weighted model: Input facial images are separated in to 16 blocks, a 

4×4 window, before feed into the classification procedure.  Each window was assigned a 

specific weight based on the importance of each facial region after calculating the 

contrubition recognition rate using exhaustive testing via public datasets, such as AT&T 

dataset, FERET dataset and Yale dataset. Figure 2-3 shows face image region separation 

along with the most effective weights setting. Figure 2-4 shows the overview of hybrid 

region weighted model.  Detailed explanation of how to set region weights experimentally 

is given in [21].   

 

  

(a) (b) 

Figure 2-3 (a) A facial image divided into 4 by 4 windows. (b) The weights set for 

the weighted dissimilarity measure. Black squares indicate weight 0.0, dark gray 

2.0, light gray 1.0, white 3.0, and whole image score is 5.0. This set of weighted 

scores were obtained experimentally, achieved a high recognition rate. 
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Figure 2-4 Block diagram of the hybrid weighted model using public face database. 
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Figure 2-5 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 

components. Hence this method combines the hybrid method with the holistic method. The 

proposed model is shown in the diagram in Figure 2-5. A weight assigned to the entire face 

image is added. Detailed explanation of how to set all weights experimentally is given in 

[21]. 

   

2.3 Human Visual System based Logarithmical Image Visualization 

Technique 

The PLIP logarithmical model was originally introduced by Panetta et al. [32] to provide 

a nonlinear image processing framework, which is a computationally effective 

psychophysically image information model. The PLIP logarithmical model contains 

powerful mathematical structures and consistent operations[32, 33]. It is proven to be 

practically fruitful and do not damage the nature 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: 

ὫὭȟὮ  ὓ ὪὭȟὮ (2.14) 

Where Æ ÉȟÊ is the input image grayscale value at each pixel location; Ç ÉȟÊ is the 

output gray tone; and M is the maximum value of the input image. The PLIP model 

operator primitives can be summarized as follows: 

ὥἅὦ ὥ ὦ
ὥὦ

‎ὓ
 (2.15) 
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Note that symbol ṥ is PLIP addition, Ṧ is PLIP subtraction, ṧ is PLIP multiplication 

by a scale factor, and z is PLIP multiplication of two images. Here, Á and b are the gray-

scale value of each pixel of two input images, c and ɓ are constant values, M is the 

maximum value, ɔ(M ), k(M ), and ɚ(M ) are all arbitrary functions. More detailed 

parametersô selection could be found in [32]. 

HVS based logarithmical image visualization technique combines the PLIP operations 

and Weberôs Contrast Law [34], which can extract discriminative information of an image 

while filtering out unbeneficial information.   

HVS based logarithmical image visualization technique was proposed based on 

Michelson contrast for each n by n window over the entire image [35]. The processed image 

can be presented in a logarithmical form using formula below: 

Ὅᴂȟ ὅ ṧÌÎ 
Ὅ ȠȟṦὍ Ƞȟ

Ὅ ȠȟṥὍ Ƞȟ
  

(2.21) 

Where ὯρȟὯς are the size of the image I; Ὅᴂ is the result image after HVS based 

logarithmical image visualization technique processing. Ὅ Ƞȟ and Ὅ Ƞȟ 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. We adapted 

anisotropic gradient concept for thermal-to-visible face recognition systems [36]. Detailed 

usage, configuration, and demonstrative example results will be presented later in the 

thesis.  

Oftentimes, medical images contain fuzzy noise at the surfaces of objects; in order to 

eliminate the noise in biomedical images, an adaptive filtering based on LPA-ICI (local 

polynomial estimations with ICI rule) is used [37]. The LPA-ICI technique combines Local 

polynomial approximation (LPA) and intersection of confidence interval rule (ICI) 

together [38]. LPA performs a pixel-wise 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 Gradient based image processing estimates the óidealô neighbor by looking 

into the gradient ɳ Ὢὴ  and the neighboring pixel sets ὠ; following formula below, 

Ὢὴ ὺ Ὢὴ ὺ Ὢɳὴ έȿὺȿȟὺᶰὠ (2.22) 

 

2.5 Directional Visibility Filtering 

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

directional contrast information. In Figure 2-6, two directional visibility shapes are 
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proposed and adapted as a pre-processing step before feature extraction: (1) 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 equations ((2.23), (2.24) and (2.25) while comparing 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 of the circles is set using equations (2.23), 

(2.24) and (2.25). 

 

Figure 2-6 Directional Visibility filters window shape 

 

Ὅȟ  ὍάὥὼȾὍάὭὲ (2.23) 

Ὅȟ  ὍάὥὼὍάὭὲȾὍάὥὼὍάὭὲ (2.24) 

Ὅȟ  Ὅ ‌ ὍάὩὥὲȾὍ ‌ ὍάὩὥὲ (2.25) 

 

2.6 Face image Feature Extraction - Local Binary Patterns, and Histograms of 

Oriented Gradients 

Local Binary Patterns (LBP) is a non-parametric feature extraction method that is able 

to efficiently summarize local 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 systems [39], 

[40].  The classical LBP operator scan through an image by a 3 by 3 size window. Every 

pixel value is then changed by comparing to neighbor pixels: If the center pixel's value is 

greater than the neighbor's value, label as "1"; otherwise, label as "0". Then an 8-digit 
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binary number (which is usually converted to decimal for convenience) is generated and 

replaced the original pixel value. Figure 2-7 is a demonstrative example of 8-bit LBP 

number generation. Table below lists commonly used Local Binary Patterns (LBPs) 

including its variations. 

 

Figure 2-7 An example of the basic LBP operator [41] 

Table 2-1 List of Local Binary Pattern and its variations 

Local Binary 

Pattern 
Properties Advantages 

Classical LBP [42] 
An 8-digit binary number is 

generated to present center pixels 

Effectively extract image 

features in a low-cost 

manner 

Uniform LBP [42] 

The uniform mapping 

produces 59 output labels for 

neighborhoods of 8 sampling 

points 

Universality, statistical 

robustness, and efficiency 

Improved LBP [43] 
Consider effects of center 

pixels 

Enhances discriminative 

capability 

Extended LBP [44] 
Consider effects of derivative 

image 

Enhances discriminative 

capability 

Advanced LBP [45] 
Consider effects of rotation of 

facial images 

Enhances discriminative 

capability for facial 

expression. 

Modified LBP [46] 

Considering facial components 

such as eyebrow, eye, pupil, nose 

and face boundary 

Retrieves more 

information to distinguish 

face and non-face objects. 

Hamming LBP [47] 
Incorporate non-uniform 

Patterns into the uniform patterns 

Enhances discriminative 

capability 

Local Ternary 

Patterns [48] 
Bring in new thresholds 

Improves the robustness, 

especially for noise image. 
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Elongated LBP [49] Not invariant to rotation 

Capable to choose 

different Neighborhood and 

consider rotation as a texture 

Volume LBP [50] Describe dynamic texture 
Extending to 3D facial 

image 

Centralized Binary 

Patterns [51] 

Give the largest weight to 

strengthen the effect of the central 

pixel 

Produces less binary 

units, and thus reducing the 

feature vector length, good 

for facial expression 

recognize. 

Logarithmic LBP 

[52] 

Pre-process the images in 

logarithm domain 

Enhances discriminative 

capability 

 

A local binary pattern is called uniform [42] if the binary pattern contains at most two 

bitwise transitions from 0 to 1 or vice versa when the bit pattern is considered circular. For 

example, the patterns 00000000 (0 transitions), 01110000 (2 transitions) and 11001111 (2 

transitions) are uniform whereas the patterns 11001001 (4 transitions) and 01010011 (5 

transitions) are not. In the uniform LBP mapping, there is a separate output label for each 

uniform pattern, and all the non-uniform patterns are assigned to a single label.  

Logarithmical LBP operator was introduced by D. 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 ÆØȟÙbe the input image then the image in the logarithmic domain is given by: 

)ØȟÙ ÌÏÇÅÐÓ
ȟ

ȟ
ȢÆØȟÙ                                                                  (2.26) 

Where ɻ is the parameter, which can set experimentally [52]. 

Feature extraction using Histograms of Oriented Gradients (HOG) is another domain 

approach in facial recognition systems. Dalal and Triggs [53] first 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 Classification-Statistic and SVM 

Classification is made after measuring and comparing how similar between the selective 

feature vectors of training and testing images [55]. Feature classification procedure 

originally starts from statistic approaches. They are Chi-Square Distance [56], Euclidean 

distance[57],  Histogram Intersection [58], Match Distance [59] and Jeffrey Divergence 

[60],  which can be defined in (2.27)-(2.31), respectively: 
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Support Vector Machine (SVM) [61] was first proposed for binary classification tasks, 

since then it has been widely adopted in multi-class classification face recognition tasks 

[62].  SVM maps the extracted facial features onto a high-dimension space through non-

linear transformation in order to construct optimal hyperplanes. Finally, data can be 
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classified by finding closest matching hyperplane. SVM has advantages of computational 

efficiency, memory saving, and functional stability for multiple-classes classification.  
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CHAPTER 3. HETEROGENEOUS FACE DATA 

ACQUISITION: A REVIEW AND A MULTI -MODALITY 

DATABASE 

This chapter introduces a newly proposed multi-modality face database ïthat is the Tufts 

Face Database - it contains photograph images, near infrared images, thermal images, a 

computerized facial sketch, a recorded video, Lytro 3D, and a reconstructed point cloud 

3D image of a single individualôs face. The motivations behind building this 

comprehensive multi-modal face dataset are:  

1) Cross-modality face recognition has recently become an emerging research topic 

because advanced capturing sensors are easier and cheaper to use in daily real-life 

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 evaluation of a good face recognition system rely heavily on 

well-obtained, proper-labeled and large-scale face databases. 

4) Enough training data is crucial for data-hungry machine learning algorithms and 

deep-learning methodologies.  

5) There is no publicly available 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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recognition 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, various gender 

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 applications [64]. Impressive progress has be 

made due to the extensive research on  facial recognition topic [31, 65];  however 

challenges and difficulties are still existing while matching face images across different 

image types. Different modality of facial images, such as 2D RGB, near-infrared (NIR) 

thermal, 3D, and other modalities, are shown in Figure 3-1. 

Many times, only a specific modality or limited number of face images can be acquired 

in real-life scenarios [66]. For instance, criminals or suspects face sketches provided by the 

victims are usually the only evidence obtained by law enforcement agencies.  Facial 

imaging in the infrared and near-infrared spectrum, such as night vision camera in the wild, 

are sometimes the only source files that captured in low or no-illuminated environment. 

Furthermore, it is proven that the combination of several imaging sensor information can 

significantly increase the facial recognition accuracy [67] in the literature. Hence, the 

development of cross-modality face recognition system is needed because of the increasing 

diversity of imaging sensors in daily tasks.  
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Developing accurate and robust cross-modality facial recognition algorithms, also 

known as heterogeneous facial recognition system (HFR), requires extensively training, 

testing and evaluation [68]. Therefore, it is important to provide researchers with large-

scale and well-annotated facial images to benchmark their proposed recognition 

architectures and to aid in addressing existing challenges and obstacles. However, there is 

 

Figure 3-1  Who are these people under ñcamerasò? Heterogeneous face recognition in 

real-life scenarios: images captured through different sources, such as (a) Surveillance 

cameras and public social media; (b) Between driverôs licenses, passports, and other 

identification documents; (c) Many forensic and law enforcement scenarios only have 

face images available from alternate imaging sources such as near - infrared, thermal, 

computerized forensic sketches and LIDAR 3D devices. 

(a) (b)

(c)
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no available public face database that contains RGB visible, thermal, near-infrared, 

computerized sketches, 3D images 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 cross-modality matching facial recognition 

systems and the lack of large-scale, multi-modality and well-labeled 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 fulfill the needs 

from facial recognition research community. Table 3-1offers 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 visible-to-visible image 

matching. There are large numbers of published work on constructing 2D RGB or gray-

scale face database. The FERET [69] [70] database is a ground-breaking RGB face 

database proposed in the 90s. The FRVT 2000 [71] and 2002 [72] challenges provide large-

scale face images from 37,437 people to meet real-world applications. CMU PIE [73] is 

one of the most commonly used face database for algorithm evaluation, which consists of 

more than 40,000 images of 68 people and Multi -PIE [74] database is an enhanced version 

of the CMU PIE database in which increasing the amount of participants and the number 

of different facial expression variations. Other popular face datasets that are used for 

researchers are AR face database [75],  the ORL [75] , ATT database, MIT face database 
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[76], Yale database [77] and Yale-B face database [78] [79], M2VTS and XM2VTSDB 

database [80], Georgia Tech database [81] and Caltech face database [82]. 

Face databases that provide explicit test cases for facial recognition within variety of 

nationalities, races, and sexes are: the CAS-PEAL [83], The Japanese Female Facial 

Expression database(JAFFE)  [84], the Indian face database [85], and IFDB (The Iranian 

Face Database) [86]. In addition, there are face databases that were made for specific 

everyday applications, such as forensic surveillance, human trafficking, missing children 

and entertainment: SCface, Labeled Faces in the Wild (LFW) [87], YouTube faces 

database [88], the plastic surgery face database [89], as well as the Large Age-Gap (LAG) 

dataset [90].  

 

2) Computerized Sketch (CS) face databases 

Matching computerized or hand-drawn face sketches with face images has been studied 

intensively 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 by the victims. Sketch images are usually the only evidence to feed 

into the face image gallery, then a smaller range of identified face images would be selected 

after applying sketch-to-visible facial recognition systems, and hence aid in identifying 

potential person-of-interests. This work is mainly focused on computerized sketch.  

Some popular composite sketch database are: The PRIP Viewed Software-Generated 

Composite (PRIP-VSGC) database [91] [92], Extended PRIP (e-PRIP) [93] [94] sketch 

database , The UoM-SGFS database [95] [96] [97]. However, none of those databases were 
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built based on live portrait of the individual. The proposed Tufts Face Database is the first 

computerized sketch dataset built based on living human beings.  

 

3) Infrared thermal face database 

Thermal face recognition is a dominant technology in biometric identification 

applications. The USTC-NVIE (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 under co-registered 

broadband-visible/LWIR, MWIR, and SWIR. IRIS [100] makes 30 pairs of visible and 

thermal face images available. Other thermal face images are Carl database [101, 102] 

Terravic Facial IR Database [103] and Kotani Thermal Facial Emotion (KTFE) [104]. 

However, availability of thermal image face databases is limited: there is a lower demand 

for thermal images as compared to 2D databases, and thermal images are significantly more 

difficult to obtain. The Tufts face database contains a large-scale thermal facial database, 

with pose variance and facial expression, which provides a benchmark for thermal face 

recognition research. 

 

4) NIR face databases  

The CASIA NIR-VIS 2.0 database [105] is the biggest NIR face database to date. The 

PolyU-NIRFD contains NIR images with variations of pose and expression from 350 

participants [106]. The University of California/Irvine published multispectral face images 

under halogen ambient illumination [107]. The LDHF-DB provides pairs of near infrared 
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(NIR) face images captured in nighttime and visible light (VIS) face images captured in 

daytime [108].  
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Table 3-1 Comparison of popular face databases   

Database  2D Ther

mal 

NIR C

S 

3

D 

# 

people 

Highlights 

10k US Adult 

Faces Database 

[109] 

V     
º10,1

68 

Natural face photographs and several 

measures for 2,222 of the faces.  

The AR Face 

Database[75] 
V     126 

Color face images with different expressions, 

illumination conditions, and add-ons 

accessories like sunglasses and scarves. 

Yale Database 

[77] 
V     15 165 grayscale images in GIF format.  

AT&T Database 

[75] 
V     40 

10 different images (time, lighting, 

expression, glasses) of each person 

Caltech Faces 

[82] 
V     27 450 frontal face images. 

CAS-PEAL 

Face Database 

[83] 

V     1040 A large-scale Chinese face database 

The CMU 

Multi-PIE Face 

Database [74] 

V     337 

Improve version of PIE face database; images 

were captured under 15 view points and 19 

illumination conditions. 

Cohn-Kanade 

AU Coded 

Facial 

Expression 

Database [110] 

V     100 
Given emotion labels for different facial 

expressions. 

The Color 

FERET 

Database [69]  

V     1199 
Large-scale, one of the face database pioneer 

work.   

Indian Movie 

Face database 

[111] 

V     100 34512 images of Indian actors 

Japanese Female 

Facial 

Expression 

(JAFFE) 

Database [84] 

V     10 

7 facial expressions (6 basic facial 

expressions + 1 neutral) depicting 10 

Japanese female subjects. 

Karolinska 

Directed 

Emotional Faces 

(KDEF) [112] 

V     70 
Suitable for perception, attention, emotion, 

memory and backward masking studied 

Labeled Faces in 

the Wild [113] 
V     5749 

13,000 images of faces collected from the 

web 

NIST Mugshot 

Identification 

Database [114] 

V     1573 
Large scale mugshots face images with front 

and side view. 

PUT Face 

Database[115] 
V     100 

High resolution images with pose variations 

and expression  

Natural Visible 

and Infrared 

Facial 

Expression 

(USTC-NVIE) 

[98] 

V V    100 
Visible and infrared facial expression 

database 
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IRIS 

Thermal/Visible 

Face 

Database[100] 

V V    30 
Visible and thermal face images with 

expression, pose, and illumination 

The Terravic 

Facial Infrared 

Database [103] 

 V    20 
Thermal face images for 20 people with 

accessories   

The Hong Kong 

Polytechnic 

University NIR 

Face Database 

[106] 

  V   350 Large scale NIR face database from  

CASIA NIR-

VIS 2.0 database 

[105] 

V  V   725 Pairs of visible (VIS) and NIR images 

Long Distance 

Heterogeneous 

Face Database 

(LDHF-DB) 

[108] 

V  V   100 

Visible (VIS) and near-infrared (NIR) face 

images at distances of 60m, 100m, and 150m 

outdoors and a 1m distance indoors. 

The PRIP 

Viewed 

Software-

Generated 

Composite 

(PRIP-VSGC) 

database [91] 

[92] 

   V  123 
Computerized sketch build based on 123 

participants from the AR face database 

The UoM-SGFS 

database [97] 
   V  600 

A composite sketch dataset based on FERET 

dataset 

3D Mask Attack 

Database 

(3DMAD) [116] 

V    V 17 

76500 frames covering 17 people under 

controlled conditions, frontal view and 

neutral expression 

3D_RMA 

database [117] 
    V 120 

Created with a 3D acquisition system using 

structured light. 

The Basel Face 

Model (BFM) 

[118] 

    V 200 
Uses registered 3D scans of 100 male and 100 

female faces 

Binghamton 

University 

Facial 

Expression 

Database (BU-

3DFE/BU-

4DFE) [119] 

V    V 100 

The database has large age range, nationality 

diversity; high-resolution 3D dynamic facial 

expression database 

The Bosphorus 

Database[120] 
V    V 105 

For 2D/3D face recognition and 3D face 

reconstruction  

The Extended 

M2VTS 

Database [80] 

V    V 295 
32 KHz 16-bit sound files, video sequences 

or as a 3d Model 

Texas 3D Face 

Recognition 

Database (Texas 

3DFRD) [121] 

     105 Facial color and range images of 105 adults 
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5) 3D face dataset 

3D image capturing process has become easier and affordable, hence 3D large-scale 

face image datasets are possible for capturing [124]. The face recognition grand challenge 

(FRGC) [125] is one of the earliest works on developing 3D face datasets. 3D RMA [117] 

dataset was captured under structured light 3D acquisition system. MIT-CBCL Face 

Recognition Database [126] is a 3D synthetic face dataset of 10 participants reconstructed 

based on a group of high-resolution 2D images. GavabDB [127] contains 3D face models 

of 61 Caucasian participants. Other in-use 3D face databases includes FRAV3D Database 

[128], BU-3DFE [119], BU-4DFE [129], BP4D [130], Texas 3DFRD [121], Bosphorus 

[131], and the EURECOM KFD [122].  

 

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 real-life applications in areas of law 

enforcement, homeland security, biometric identification, and entertainment [132]. 

The EURECOM 

Kinect Face 

Dataset [122] 

    V 52 

A Kinect database of images from 52 people 

of different facial expressions/different 

lighting/occlusion conditions 

The University 

of Milano 

Bicocca 3D face 

database [123] 

V    V 143 
2D/3D images from 98 males, 45 females; a 

pair of male twins and a baby included) 

The Tufts Face 

Database 
V V V V V 113 

The most comprehensive, large-scale (over 

10,000 images, 74 females+ 39 males, from 

more than 15 countries with an age range 

between 4 to 70 years old) face dataset that 

contains 6 image modalities:  visible, near-

infrared, thermal, computerized sketch, a 

recorded video, and 3D images. 
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Broadly speaking, an autonomous facial recognition 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 compete with human performance [132, 133]. The present challenges are: 

uncontrolled lighting conditions, unpredictable environments, low image quality, aging 

effects, facial expressions, illumination variations, body poses, and difficulty in detecting 

faces in video content [133]. Next chapter, we will present relevant information about 

proposed facial recognition systems and architectures.    

 

2) Sketch-to-face recognition 

Matching facial sketch is a frequently used approach in law enforcement agencies to 

identify persons-of-interest [134, 135]. There are two types of facial sketches: hand-drawn 

sketches created by artists and computerized sketches generated by computer software 

solutions. Computerized sketches are commonly adopted to recognize suspects and 

criminals due to its low-cost advantage over hand-drawn sketches [136]. The huge 

dissimilarities in shape and textures between computerized sketches and visible images, 

and limited amount of available training data are two real obstacles of sketch-to-face 

recognition system.  

Machine learning techniques, such as facial component based MLBP, SIFT feature 

extraction method, and Gabor filter, were adapted to achieve promising computerized 

sketch-to-face recognition [91, 92, 137, 138]. In addition, intra and inter modality sketch-

to-face recognition can be attached together to produce a better performance [139]. The 

discrepancies between computerized sketches and real facial photos can be reduced in 



48 

 

[140] and further improve the computerized sketch-to-face recognition rate. Deep 

convolutional neural network algorithms [141] are developed for sketch-to-face image 

recognition. 

 

3) Thermal face recognition  

Thermal face recognition systems are broadly used in biomedical identification and 

verification applications. Thermal images usually contain more distinguishable 

physiological biometric features [142, 143].  As a consequence, thermal face images reflect 

a unique heat patterns of human body, which are affected by air flow conditions, ambient 

temperature, illness, exercise, and drugs [144]. However, thermal face images offer less 

face features than normal 2D RGB face images.  

Feature extraction algorithms, like histogram features [145], local binary pattern (LBP), 

SIFT features [146], and  SURF features [147, 148],  have been applied in thermal face 

recognition systems. Wavelet transform [149], Gabor filtering [150] as well as other image 

transformations have been deployed on the recognition systems to increase the robustness. 

Partial least squares-discriminant analysis (PLS-DA) [151] [152] is used to minimize the 

modality gap between thermal face images and visible face images. Furthermore, machine 

learning  methods, such as the Optimized super-pixel and AdaBoost classifier[153], were 

used for thermal face recognition [66, 154]. Generative Adversarial Network (GAN) based 

method [155] can aid in addressing challenges existing in thermal face recognition, such 

as occlusions, different skin tones and limited amounted of thermal training data. 

 

4) Near-infrared (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 community [107, 157, 158]. Liao et al. [159] 

utilized multi-block local binary pattern (MBLBP) and Gaussian (DoG) filter to extract 

facial features for visible (VIS)-to-NIR face recognition. HoG and LBP facial feature 

descriptors [160] were extracted to construct a VIS-to-NIR face recognition system. A 

multi-view smooth discriminant analysis [161] and Canonical correlation analysis [162] 

are used for 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 analysis [159].  

 

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 information [164], which inspires the 

development of 3D face recognition system for a higher recognition accuracy than 

conventional 2D face recognition system [164].  

Since 3D capturing 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 hands-on 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 registration based methods are used for 3D face 

recognition systems. The surface registration based methodologies usually utilize Iterative 
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Closest Point (ICP) algorithms [168], while feature matching based method is looking for 

object-centric shape features of two 3D facial surfaces [169]. There are a number of 3D 

face recognition systems found in the literature. A 3D face recognition system was 

proposed in [170] using ICP algorithm to match 3D face surface. Chang et al. [171] 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 real-life applications, HFR is now attracting growing 

attentions. Autonomous face recognition systems 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 applications [172]. 

Common methods are: common space projection based methods [173-175] [162, 176], 

synthesis based methods [177-181], and feature descriptor based methods [66, 182]. A 

graphical representation HFR system (G-HFR) was described in [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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3.4 Data acquisition settings 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 collect 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 University (Figure 

3-2). All the details about configuration of the different camera systems, face variations, 

and computerized sketch making process are described in this section. 

 

Table 3-2 Advantages and limitations of popular imaging sensors 

Characteristics 
Near 

infrared 
3D Visible 

Visibility in low/no light yes yes no 

Record image through translucent 

obstacles 
yes no no 

Provide color content/information no yes yes 

Display surface temperatures of 

solid objects 
yes no no 

Distinguish objects at varying 

distances 
no yes yes 

Image quality low low high 

Presence of noise low low high 

Commercial cost high high low 

Consumer applications limited limited yes 

Existing tools for facial 

recognition 
limited limited more 
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Figure 3-2 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 purpose and procedure 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 face images 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 real-life applications. The participation 

takes approximately 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 she can stop the experiment at any 



53 

 

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 out that lots of Tufts undergraduate 

students and 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 camera and 

a FLIR Vue pro camera (Figure 3-3). 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 was strictly 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 background. 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. Figure 3-4 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 using 3 different cameras: a LYTRO 

ILLUM 40 Megaray Light Field Camera, a FLIR Vue Pro camera, and a self-crafted 

QuadCam (a combination of 4 cameras) NIR+RGB devices. 
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Figure 3-3 Left is the camera for 2D RBG face image, middle is the capturing device for 

thermal face images, and right is a picture of LYTRO ILLUM 40 Megaray Light Field 

Camera that used to capture 3D image 

 

 

(a) 

 

(b) 

 

(c) 

 

(d) 

Figure 3-4 (a), (b), (c) and (d) are two sets of frontal images of an individual with the 

different constraints for both visible and thermal. (a) and (c)  visual images of a participant 

with various facial expressions; and (b) and (d) provide corresponding expressions in 

thermal imaging. For each row, each participant has 5 different facial expressions: (1) a 

neutral expression, (2) a smile, (3) closed eyes, (4) shocked expression, (5) wearing 

sunglasses 
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Figure 3-5 Thermal and visible face imagesô angular acquisition process demonstration. 

 

Each participant was to stare at a fixed point while the cameras were moved to nine 

positions around them forming an approximate semi-circle around the individual. The 

lighting condition for NIR imaging was maintained by using an 850nm infrared 96 LED 

light system. The 3D models were reconstructed using open-source structure-from-motion 

algorithms. Table below furthermore demonstrates the detailed camera settings. 

 

Table 3-3  Detailed Camera Settings for the Tufts Database 

Front face 
RGB Nikon D3100 

Thermal FLIR Vue Pro 

Around the 
participant 

RGB+ NIR QuadCam 

Thermal FLIR Vue Pro 

Mirrorless LYTRO ILLUM 40 Megaray Light Field 

Video RGB QuadCam 

Lighting 

Visible light Diffused light with LED bulbs 

NIR light 850nm Infrared 96 LED light system 
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Figure 3-6 Example images selected from the Tufts Face Database. The Tufts Database has 

a wide range of nationalities, ages, and ethnic backgrounds 

 

4) Computerized facial sketches 

The computerized sketches were created using computer software FACES 4.0 [187], 

one of the most commonly software solutions adopted by law enforcement agencies, such 

as FBI 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 memory. Figure 3-7 illustrates 

the facial components provided in 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.  

 

 

 

 

 

 

   
  

2D Thermal NIR CS 3D 
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Hair  Forehead Chin 

   

Eyebrow Eye Nose 

 

 

Mouth Selecting facial components using FACES 4.0 

Figure 3-7 All facial components provided in the software solution for researchers to 

choose 

 

 

5) Contents of the Tufts Face Database  

Table 3-4 Contents in the Tufts Database (Best Quality 100 out of 113) 

Subset #Variations #Participants #Images 

2D 
Expressions 
Accessory 
Camera position 

100 4,100 

Thermal 
Expressions 
Accessory 
Camera position 

100 1,400 

NIR Camera position 100 3,600 

3D 
Point Cloud  
LYTRO-3D  

100 200 

Video RGB 100 --- 

Computerized 
Sketch  

Frontal 100 100 
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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 computerized sketch subset. Table IV 

summarizes the contents of the best 100 participants from the Tufts database. 

In the Tufts Face Database, the image filename encodes the image information. Its 

format is described in Figure 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. 

 (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; LYT stands for face 

 

Figure 3-8  Database naming convention indexing summary. 

TD

TD_RGB_E

TD_IR_E

TD_RGB_A

TD_LYT_A

TD_NIR_A

TD_3D

TD_Video

001-100 Folders

001-100 Folders

001-100 Folders

001-100 Folders

 TD_RGB_E_1, TD_RGB_E_2, Χ TD_RGB_E_5

 TD_IR_E_1, TD_IR_E_2, Χ TD_IR_E_5

 TD_RGB_A_1_0, TD_RGB_A_1_1, Χ TD_RGB_A_1_8
 TD_RGB_A_2_0, TD_RGB_A_2_1, Χ TD_RGB_A_2_8
 TD_RGB_A_3_0, TD_RGB_A_3_1, Χ TD_RGB_A_3_8
 TD_RGB_A_4_0, TD_RGB_A_4_1, Χ TD_RGB_A_4_8

 TD_NIR_A_1_0, TD_NIR_A_1_1, Χ TD_NIR_A_1_8
 TD_NIR_A_2_0, TD_NIR_A_2_1, Χ TD_NIR_A_2_8
 TD_NIR_A_3_0, TD_NIR_A_3_1, Χ TD_NIR_A_3_8
 TD_NIR_A_4_0, TD_NIR_A_4_1, Χ TD_NIR_A_4_8

001-100 Folders  TD_LYT_A_0, TD_LYT_A_1, Χ TD_LYT_A_8

 TD_3D_1, TD_3D_2, Χ TD_3D_100

 TD_V_1, TD_V_2, Χ TD_V_100

TD_CS  TD_CS_1, TD_CS_2, Χ TD_CS_100
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images that captured by 3D LYTRO camera; 3D stands for point cloud reconstructed 3D 

face images; Video stands for a short video that can be used to reconstruct the 3D face 

image and to test face detection and recognition in video data; CS stands for the 

computerized sketch face images.  

(3) Expression field. The initial character ñEò represents 5 expression variations: natural 

expression, smile, open mouth, close eyes and wearing sunglasses. 

(4) Camera angle field. The initial character ñAò represents 9 different camera positions.   

Furthermore, the raw images file formats of the Tufts Database are listed in the Table 

3-5. The Tufts face database will be publicly available for downloading from our research 

website on Tufts 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://tdface.ece.tufts.edu/). 

 

  

Table 3-5 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 .lfr 53 MB 

Sketch .jpg 75.9 KB 

Video .h264 40 MB 
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CHAPTER 4. AUTONOMOUS FACIAL RECOGN IT ION 

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 face-to-face matching, computerized sketch-to-face matching, thermal-to-visible 

face matching, near infrared face matching, multi-modal face matching utilizing feature 

extraction and machine learning algorithms.   

 

SYSTEM I. 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 society [188]. Since it  becomes much easier to capture human 

faces by cheap imaging sensors, such as passports photographs, credit cards profile, photo 

IDôS, driverôs licenses, and surveillance video images [189]; facial image processing and 

analysis systems are widely applied in identification and authentication [190] applications, 

computer and physical access control, and digital entertainment[191]. 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 (LBP). It aims to provide a robust facial recognition 
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machine, in a low-cost, accurate and efficient manner. Figure 4-1 is a refined representation 

of the entire system schematic diagram.  

Classification

HVS based image 

Decomposition

LBP based facial 

feature extraction

Region Weighted

HVS based image 

Decomposition

LBP based facial 

feature extraction

Region Weighted

 

(A) 

 

(B) 
Figure 4-1. A. The flow chart of Facial Recognition based on the Human Visual 

System for autonomous systems. B. HVS based image decomposition process : (a) 

original grayscale image (b) Weber region (c) De Vries-Rose region (d) Saturation 

region(e) Remaining image pixels (f) result of HVS-based 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, provides a straightforward yet accurate image pre-processing 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 to HVS based thresholding rules mentioned in Chapter 2, the original input 

images can be divided into 4 sub-images, which are the Weber Region, the De Vries-Rose 

Region, the Saturation Region and remaining image pixels. The last region ñremaining 

image pixelsò represents the regions in the image where the intensity values remain 

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 

Vries-Rose Region image and Saturation Region image together for feature extracting. 

Figure 4-1 (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 monotonic gray-scale 

changes.  In the proposed novel method, we transform the extracted LBP features into the 

logarithm domain.  

Figure 4-2 (A) is the flow chart of LBP processing.  

3) Classification  
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In order to find the closest match, the similarity measure is computed by Chi-square 

distance. The resulting Chi-square distance value can measure how similar between the 

testing image and the training image.  

Figure 4-2 (B) shows how we find the matching images from a large amount of training 

images in a database.  

Decomposition Image

Image in the logarithmic 

domain

Image divided by 4*4

Uniform LBP

Feature Vectors

 

Chi-square 

Distance

Decision

Best Match

Training image Testing image

 

(A) (B) 

 

Figure 4-2  (A) Diagram of logarithmical LBP processing; (B) Diagram of Classification 

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 resulting 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 should be noted that when using 

the histogram-based 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 concatenated to build a 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 square statistic[56], 

which can be defined as: 

ʔ 3ȟ-  В ×
ȟ  ȟ

ȟ  ȟ
ȟ              (4.1)          

In which x and ‐ are the normalized enhanced histograms to be compared, i and j refer 

to i-th bin in histogram corresponding to the j-th local region and is the weight for region ‫ 

j.  

 

5) Experimental Results 

ü Public Face Database  

First, we will present the experimental results of our Weighted HVS-LBP 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 parameters to the 

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 non-uniform patterns are all put in the 59th bin. Hence the 

total length of the feature vector is 59×16 = 944. Table 4-1shows the comparison of public 

database of the Weighted and  Non-Weighted HVS-LBP[192] recognition results. 
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ü ñWhich celebrity do you most closely resemble?ò  

 Furthermore, we tested the proposed recognition system using IMDB database. We 

utilized the Weighted HVS-LBP facial recognition system 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 facial expressions 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 (32). Table 4-2 represent the 

Table 4-1 Recognition rate of the proposed system tested on public datasets 

Method AT&T  Yale  FERET  

Non-weighted HVS-

LBP 

75% 76% 70% 

Weighted HVS-LBP 88% 88.5% 85% 

Table 4-2 Recognition rate for ñ Which celebrity do you most closely resembleò 

application 

Method 1 2 3 4 5 6 

Weighted HVS-LBP 92% 80% 86% 
82

% 
83% 79% 

Non-weighted HVS-LBP  75% 66% 71% 
71

% 
69% 62% 
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percentage of agreement of human observers with the HVS systems assessment of image 

similarity. Some demonstrative results are shown in Error! Reference source not found.. 

 

 

 

Table 4 3  Example results for ñWhich celebrity do you most closely resembleò application. 

 

ü Missing Children application 

Missing children has become a very severe problem and is exasperated by human 

trafficking [193]; however there is limited work has been done to assist in finding missing 

kids in a low-cost and efficient way. In this section, we will test our approach for missing 

children application. 

 

    

Similarity 99.97% 89.672% 89.039% 84.127% 

 

    

Similarity 99.085% 87.297% 84.659% 82.010% 

      

Similarity 100.00% 98.637% 94.672% 87.885% 
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We gathered celebritiesô young images and older images from IMDB database for initial 

testing. Table 4-3 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 

the top-three likely images produced by our system. From the results shown in Table 4-3, 

we can see that, after 10 years, many facial components have changed quite a bit for the 

same person. Our prototype method shows some validity to deal with missing children 

problem by applying our facial recognition system.  

Table 4-3 Example results of Missing Children application, images are from 

https://www.imdb.com/ 

Testing Image 

(kid) 

Identified 

Image(top 1) 

Identified 

Image(top 2) 
Identified 

Image(top 3) 

 

Check Check Miss 

 

Miss Miss Check 

https://www.imdb.com/
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Miss Check Miss 

 

 

ü Example results for Pet Finder application 

In this section, we will utilize our facial recognition system to solve finding petsô 

problem. The goal of the application is to show our approachôs applicability to non-human 

face recognition. However, this case has many limitations. First of all, facial characteristics 

of an animal appear 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 problem. Figure 4-3 present 

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

 

Testing 

image 

Training image 

      

Result 

Identifie

d image 

    (check) 
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Testing 

image 

Training image 

      

Result 

Identified 

image 

    (check) 

Testing 

image 

Training image 

      

Result 

Identified 

image 

 

(miss) 

Figure 4-3 Example results of Pets Finder Application 

 

From our exploration in Figure 4-3 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 much promise 

for searching for non-human faces and can envision future work in this area. 

 



73 

 

SYSTEM II. Autonomous facial recognition system inspired by 

human visual system based logarithmical image visualization technique 

Since human faces can be easily captured by imaging sensors and devices, autonomous 

facial recognition system is popular in numerous applications [198]. Developing a robust 

autonomous facial recognition 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 facial recognition systems under uncontrolled conditions like 

illumination and poses variations, facial expression, aging, changing appearance [199]. In 

this section, we present a novel method to improve the robustness of autonomous facial 

recognition systems, particularly for addressing the problem of 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 [200], Gamma Intensity Correction [201] and Homomorphism filtering 

approach [202]; 2) Applying image representation 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 

images [205, 206]; 4) Handling the image variation by finding and comparing several other 

images of the same object [78]. 

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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Human visual 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 visual stimulus like 

brightness, edge information, and color shades.  Hence HVS-based image processing aims 

to mimic the way in which the HVS discriminates between useful and useless data [207].  

The human visual system based logarithmical image visualization technique, utilizes 

the Parameterized Logarithmic Image Processing (PLIP) model, has been considered as a 

crucial tool for real-time biometric-based identification applications[22, 208]. Its 

efficiency has been shown when it is applied to difficult scenarios such as images with 

non-uniform lighting or shadows [34]. 

Our novel architecture for human visual system (HVS) based logarithmical image 

visualization technique inspired facial recognition system consists of three main different 

procedures following the common system steps mentioned before. Figure 4-4 is a refined 

representation of the entire system schematic diagram.  
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Figure 4-4 A refined schematic diagram for the proposed HVS based logarithmical 

image visualization technique inspired facial recognition system 

 

Figure 4-5 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 Yale-B database. 

Input Training Image

HVS based 
logarithmical image 

visualization technique

Local Binary Pattern

Classification

Input Testing Image

HVS based 
logarithmical image 

visualization technique

Local Binary Pattern

Classification
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Figure 4-5 HVS based logarithmical image visualization technique inspired facial 

recognition system procedure demonstrated 

 

Experiment Setting: Experiments are carried out from the Yale Database, Extended Yale 

Face Database B, and ATT Database to illustrate the effectiveness of the feature extraction 

process. 

The Yale Face Database contains 165 gray-scale images in GIF format of 15 individuals 

with different facial variations. The Extended Yale Face Database B is 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 at different times, varying the lighting, 

facial expressions and facial details. 

Original image 
HVS based logarithmical image visualization 

technique 

LBP coded image 
Resulted Histogram 
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For recognition rate testing, we randomly select a facial image per subject as training 

images. And we tested the recognition results for every individual. 

Variation Illumination Simulation: 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 HVS pre-process as a comparison, as well as 

photometric normalization techniques from INFace (Illumination Normalization 

techniques for robust Face recognition) toolboxes: The wavelet based normalization 

technique (WA) [209], The Gradient faces based normalization technique (GRF) [206], 

The steerable filter based normalization technique (SF) [210], The adaptive single scale 

retinex (ASR) algorithm [211]. In Figure 4-6, 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 face recognition. With this 

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

conditions. 
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Facial Recognition Result: The recognition rates of our HVS based logarithmical image 

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

table below.  

 

 

 

 

 

Figure 4-6 Example results for Variation Illumination Simulation 

Original Image   Proposed method            HVS                           WA                                GRF                          SF                                
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The presented automatic facial recognition System based on the Human Visual System 

inspired logarithmical image visualization technique has proved to be promising for 

lighting-change conditions.  Its efficiency, low-cost and robustness make this method 

suitable for many real-life applications.   

 

SYSTEM III. A facial recognition system for matching computerized 

composite 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 applications as a result of their dramatic progress over the past 

decades [194]. 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 available [91]. Therefore, a commonly used method to assist 

police in identifying possible suspects is to use a sketch of the perpetrator drawn by an 

artist from a description provided by the eyewitness or the victim [195]. To the best of the 

Table 4-4 Comparison of the recognition rate of Uniform LBP vs. HVS pre-processing 

LBP vs. Efficient LBP vs. Pixel wise LBP vs. our method for Yale-B database, Yale 

database and ATT database 

 

Recognition 

Rate 

(%) 

Chi-Square 

Distance 

Euclidean 

distance 

Histogram 

Intersection 
Match Distance 

Jeffrey 

Divergence 
Yale-B Yale AT&T  Yale-B Yale AT&T  Yale-B Yale AT&T  Yale-B Yale AT&T  Yale-B Yale AT&T  

Uniform 

LBP 

68 72 75 72 71.5 80 60 72 78 62 72 72  65 78 72 

HVS LBP 
68 70 75 71.5 73 83 60 75 75 60 68 72 60 75 75 

Efficient 

LBP 

70 85 85 72 82 80 65 80 80 63 70 80 68 82 85 

Pixel wise 

LBP 

70 85 85 72 82 85 65 80 80 63 70 80 70 82 85 

Proposed 

method 

80 87.5 85 80 83.5 83.5 75 78 78 78 78 78 72 80 85 
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authorsô knowledge, the forensic sketches technique has been used as far back as the 19th 

century [134].  Figure 4-7 shows facial photo of mug shots and their corresponding forensic 

sketches from public forensic sketch database, PRIP-HDC [196]. 

 
Figure 4-7 Example Forensic sketches from PRIP-HDC dataset 

 

However, it is expensive and time-consuming to employ forensic sketch artists, who 

possess this competency and proficiency [92]. Due to budgetary restrictions, many law 

enforcement agencies are now using facial composite software to create computerized 

composite sketches [134]. A survey shows that there are more than 80% of law 

enforcement agencies using a computer to generate composite sketches [134]. Unlike 

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, PhotoFit, FACES, Mac-a-Mug, EvoFIT [197]. These software kits 

allow even non-artists to generate a sketch with only hours of training.  

Examples of computerized facial sketches and the procedure to make them were 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 photographs [91]. Most published facial recognition work is 



81 

 

focusing on photo-to-photo recognition or hand drawn sketch-to-photo recognition. 

Therefore, there is a need to study the computer composite sketch to face photos 

recognition system.  

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. Figure 4-8 is a refined schematic diagram representation of the entire system.  

 

Figure 4-8 Flow chart for the computerized sketch to facial photo recognition system 

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

to five steps below and example results are shown in Figure 4-9 and Table 4-5. 

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

into gray scale images; 

Facial photo

HVS based image 
decomposition

Log-LBP feature 
extraction

facial component 
regional weighting

classification

output result

Computerized facial 
sketch

HVS based image 
decomposition

Log-LBP feature 
extraction

facial component 
regional weighting

classification

output result
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¶ Apply Human Visual System image decomposition and fusion of the sub-

images to create a gray-scale edge map; 

¶ Apply the Logarithm-Local Binary Pattern to obtain the LBP coded image; 

¶ Use Hybrid-Holistic Region Weighted model get the improved regional 

histogram; 

¶ Calculate Chi-square distance and matching the top-2 likely facial images 

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 photo 
recognition system.  
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Table 4-5 Comparison of recognition accuracy 

Database CUHK FERET TUPIS 

Forensic sketch-Photo 

Facial Recognition 
81.5% 85% 86% 

Computerized sketch-Photo 

facial Recognition 
80% 81.5% 88.5% 

 
 
 

SYSTEM IV. Face description using anisotropic gradient: thermal 

infrared to visible face recognition 

Face recognition technology relies on identifying unique facial features and pairing 

alike structures for identification and recognition purpose. It has been well-studied over the 

past decades, hence finds multiple real-life applications in areas of homeland border 

security, law enforcement identification, video-based surveillance analysis, biometric 

identification and entertainment systems. However, non-uniform illumination can impair 

the performance of recognition systems, especially in outdoor settings [132]. Generally, an 

automatic real-time facial recognition system comprises of two steps [19]: face detection 

and face recognition, and despite extensive work done in the field, the automatic facial 

recognition systems still lack in accuracy when compared to human performance  [133].  

Automated systems are prone to interference due to uncontrolled conditions caused by low-

quality capture devices, difficulty of 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 identification 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 of thermal-to-visible 

face recognition over regular visible face recognition system. 

 

In this section we will present: 1) a promising autonomous thermal infrared to visible 

face recognition system (AGFR).  AGFR, 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 (LPA-ICI) inspired 

preprocessing, histogram of oriented gradients feature descriptor, support vector machine 

classifier. 2) A new image-aware HVS based visible and thermal image fusion technique 

that makes use of the Parameterized Logarithmic Image Processing (PLIP) model. It 

provides a method to fuse both thermal and visible sensors, which can be a valuable 

Table 4-6  comparison between thermal infrared camera and visible cameras 

 
Infrared 

thermal cameras 

Visible 

cameras  

Objects can be observed in no light condition (dark 

environments)   
yes no 

The detectors can pick up on features invisible to 

the human eye 
yes no 

Record image through obstacles (such as thin walls 

or smoke) 
yes no 

Color information  no yes 

Distinguish between objects in proximity or of 

similar temperatures 
no yes 

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 temperatures of solid objects yes no 

Existing tools for facial recognition fewer more 
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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, accuracy, and robustness 

for infrared thermal to visible facial recognition as well as regular visible-to-visible face 

recognition, fused thermal-to-visible face recognition and non-uniform illumination face 

recognition.  

 

ü Related work on Thermal Imaging 

Infrared thermal imaging is a promising and useful 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 achieved high immunity to illumination changes, and as such the 

research and business communities have been exploring its applications [142]. Figure 4-10 

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 

[212] [213] because infrared ñappearanceò consists of face temperature pattern and the 

blood vein branches; hence it is considered a reliable and distinguishable physiological 

biometric feature. In addition, thermal images are less affected by changes in pose or facial 

expression [214]. Thus, thermal face recognition is a powerful technology for biometric 

identification applications [143].   

 



86 

 

 

Figure 4-10: Visible face image and according infrared face images 

 

Although thermal face image technology has all the mentioned advantages, it has 

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 drugs [144]. For example, Figure 

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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Figure 4-11: An example set of visible and accordingly thermal face images in different 

lighting conditions, room temperature and outside cold weather. (1) and (4) are visible 

face and accordingly thermal face image in no light condition; (2) and (5) are visible face 

and accordingly thermal face image in low light condition; (3) and (6) are visible face 

and accordingly thermal face image in normal light condition; (7) is thermal face image 

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 systems [154] [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 recognition. One of the earliest works on thermal face 

recognition was a thermal image feature based method proposed in 1997 [145], which 

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 features [146] were 

investigated [148]; however with a limited success. A patch-wise self-similarity features 

[215] were studied against pose variance for images captured by infrared imaging 

       (1)                                (2)                                                     (3) 

           (4)                                  (5)                                  (6)                                   (7) 
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technology. A disguise detection method in visible/thermal face images classified the local 

facial regions into biometric and non-biometric (regions with disguise) classes [147, 148]; 

then the biometric part was used for feature extraction and matching. 

Moreover, the wavelet transform has been studied for extracting robust face appearance 

features in infrared spectrum due to its ability to gain information in both frequency and 

spatial domain [149]. In [150], a four-stage 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 modeled using Bessel forms and 

the simple L2-norm, 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, optimized super-pixel and AdaBoost classifier 

were combined for human thermal face recognition [153]; Generative Adversarial Network 

(GAN) based method [155] was developed for challenges like occlusions, high pose, 

different skin tone and limited training data in thermal face recognition. 

Limited work has been done on thermal to visible face recognition. In [151], in order to 

match the thermal face image to the visible face image, algorithms that reduce the modality 

gap were proposed. Specifically, partial least squares-discriminant analysis (PLS-DA) was 

applied to correlate the difference between thermal face signatures to the visible face 

signatures. Thermal-to-visible face recognition system using a partial least squares (PLS) 

regression cross-modal recognition approach was proposed in [152], which consisted of 

preprocessing, feature extraction, and PLS model building. 

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

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

is valuable in both academic and commercial field. 

 

ü Proposed thermal to visible face recognition system 

Our proposed architecture for thermal to visible face recognition system, AGFR, 

consists of three different procedures: the anisotropic gradient based image pre-processing, 

facial feature extraction (HOG), and SVM classification. Figure 4-12 is a refined 

representation of the entire system schematic diagram. 

anisotropic gradient 
pre-processing

facial feature extraction 
(HOG)

Classification (SVM)

facial feature extraction 
(HOG)

anisotropic gradient 
pre-processing

Input Image Image Gallary

Find Match 

 
Figure 4-12: Refined system diagram for AGFR 

 

ü Experiment Results  

Thermal face dataset 

Two popular thermal face datasets have been used for experimental protocol design and 

testing. IRIS thermal/visible face database [216] 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 (320×240 pixels) from 30 

individuals. Each subject was captured 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 TESTO 880-3. Details about the 

thermographic camera configuration were described in [101] and [102]. Carl database 

provides a resolution of 160×120 pixels for thermal images and 640×480 for visible 

images. Figure 4-13 below shows example images from IRIS thermal/visible. 

 

Figure 4-13: Example images from IRIS thermal/visible database 

 

Used non-uniformed illumination frontal face dataset and other commonly used face 

datasets 

Yale-B database [78] [79], Yale face database [77], and AT&T [75]  database have been 

used to test the accuracy 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: center-light, with or 

without glasses, happy, left-light, normal, right-light, sad, sleepy, surprised, and wink. 

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 accessories. Figure 4-14 below shows 

example images from non-uniformed illumination frontal face dataset and other commonly 

used face datasets. 

 

Yale-B database AT&T face database  

Yale face 

database 

Figure 4-14: Example images from Yale-B, 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 thermal image 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 Database face 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 non-uniformed 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 table 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 and non-uniformed illumination conditions. 

Table 4-7 Recognition rate against different image datasets using different algorithms 

Database LBP HOG Proposed AGFR 

IRIS face database 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% 
 

 

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

The most notable benefit of the joint use of thermal and visible sensors is the 

complementary nature of different modalities that provides the thermal and visible-light 

information of the scene. For instance, firefighters can use the combination of thermal 

infrared camera and visible RBG cameras in rescue 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 information) can increase the reliability and 

robustness of a face recognition or surveillance [67]. 

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 image-aware HVS based visible and thermal image fusion technique that makes 

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 operators replacing 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 gray-tone functionɰ, for a given image, is generated using 

ɰ ‌  Ὅ (4.2) 

Where, ‌ is a model parameter. In this paper, the value for ‌ is made image dependent 

and is set to ÍÁØὍ, the maximum intensity value in the image I. In contrast to having a 

constant value for ‌ (255 usually), setting its value to be dependent on image statistics 

provides for a more robust image-aware fusion. Based on the above formulated gray-tone 

function, the fused image can be obtained by using, 

ὪόίὩὨὍάὥὫὩ ɰ ἅ ɰ ἅ  ɰ  (4.3) 

Where, ἅ is the PLIP addition operator, and ɰ is the result of PLIP scalar multiplication 

as defined below. 

ɰ ἅ ɰ  ɰ  ɰ
ɰɰ

ÍÁØɰȟɰ
 

(4.4) 

ɰ  ɱ ἆ  ɰ ÍÁØɰ ÍÁØ ɰ ρ
ɰ

ÍÁØɰ
 

(4.5) 

For this work, ɰ  is the visible image, ɰ  is the thermal image, and ɰ  is the maximum-

combined image obtained by selecting the maximum intensity value of thermal and visible 

image at each pixel location. The constants ɱ should be selected in such a way that Вɱ

ρ. In this paper, ɱ πȢςωψω, ɱ πȢυψχπ, and ɱ πȢρρτρ are selected. The results 

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

shown in Figure 4-15. 
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(a) (b) (c) (d) (e) 

Figure 4-15: Thermal-visible image fusion. First row shows the visible images, second 

row shows the thermal image and the third row shows the fusion result. 

Figure 4-16 shows a refined architecture of visible-thermal fused image to visible 

recognition. The fused images from Carl detest has been used to test the validity of the 

proposed AGFR, a recognition rate of 83.3% has been achieved.  
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Figure 4-16 A refined architecture of fused image to visible image recognition; an 

example fused image was shown as well. 

 
 

To sum up, ALGORITHM IV presents an infrared thermal to visible face recognition 

system: (1) face image pre-processing using anisotropic gradient LPA-ICI method, (2) 

features extraction using HOG, (3) classification using SVM classifier. Numerous 

experimental protocols were conducted to evaluate the proposed system (i) using Carl 

thermal database, IRIS thermal database; (ii) using the non-uniformed illumination frontal 

face database Yale-B; (iii) using standard RGB face database, Yale and ATT. Computer 

simulation results confirmed that AGFR is a promising infrared thermal to visible face 

recognition system. Moreover, AGFR also shows its advantage for face recognition 

applications in non-uniformed illumination conditions.  
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In addition, we explore the joint of using both thermal and visible 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 fused together. Carl dataset 

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

 

SYSTEM V. Illumination invariant NIR face recognition using 

directional visibility 

This section describes a novel architecture for illumination invariant face recognition. 

First, a sequence of directional visibility (see section 2.5) images 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 monotonic transform 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 system architecture is shown in Figure 4-17. 

Since this work was led by other contributors, this thesis will not present too much detailed 

information in this thesis.  
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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 participants, 27 

images each separated into 4 sets. Set 2: IIT Delhi Near IR Face Database: 48 participants, 

6 images each. 

The database was randomly split (70%-30%, 80%-20%, 90%-10%) into training and 

testing sets. Table 4-8 present the computer simulation results of the proposed system. 

Table 4-8 Face recognition using directional visibility on visible image 

 

 

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

Tufts Database (NIR) IIT Delhi NIR Database
Training 

Ratio

 

Figure 4-17  Illumination invariant NIR face recognition system using directional 

visibility . 

Image Directional 
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Directional 
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Filters Selecting HOG OR LBP Features

HOG LBP

DECISION CLASSIFIER

Selecting HOG OR LBP Features
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The proposed Illumination Invariant NIR Face Recognition using Directional 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 create a normalizing co-efficient, and it does 

not need to align the images for recognition. The experimental results demonstrate the 

successfulness of the proposed method. 

 

SYSTEM VI. Deep-learning based thermal emotion recognition system 

Facial emotion recognition technology finds numerous real-life applications in areas of 

virtual learning, cognitive psychology analysis, avatar animation, human machine 

interactions, and entertainment systems. Most state-of-the-art techniques focus primarily 

on visible spectrum information for emotion recognition. This becomes very arduous as 

emotions of individuals vary significantly. Moreover, visible images are susceptible to 

variation in illumination. Low lighting, variation in poses, aging, and disguise have a 

substantial impact on the appearance of images and textural information. Even though great 

advances have been made in the field, facial emotion recognition using existing 

techniques is often not satisfactory when compared to human performance. To overcome 

these shortcomings, thermal images are preferred to visible images. Thermal images a) are 

less sensitive to lighting conditions, b) have consistent thermal signatures, and c) have a 

temperature distribution formed by the face vein branches. This section presents 

a robust emotion recognition system using thermal images (TERnet). To accomplish this, 

customized convolutional neural networks (CNNs) are employed, which possess excellent 
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generalization capabilities. The architecture adopts features obtained via transfer 

learning from the VGG-Face CNN model, which is further fine-tuned with the thermal 

expression face data from the TUFTS face database. Computer simulations demonstrate an 

accuracy of 96.2% when compared to the state-of-the-art models. 

ü Introduction and motivation  

Facial Emotion Recognition (FER) has attracted considerable interest in a variety of 

applications, including biometric authentication, surveillance, human-computer 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 individuals, making 

classification a challenging problem [3]. Conventionally, FER is composed of two major 

categories: static-based FER and dynamic based FER. Static-based methods consider 

features pertaining to a single image, whereas dynamic-based methods consider the 

sequential relation between frames [4]. Traditional state-of-the-art classifiers such as SVM 

(support vector machines), AdaBoost, and random forest have been effective when 

classifying posed facial expressions in a controlled environment. However, classifying 

images captured in a spontaneous uncontrolled manner or when applied to databases for 

which they were not designed poses challenges [217].  

With an increase in computational power and the availability of larger datasets, neural 

networks are being favored over many state-of-the-art machine learning techniques. Deep 

neural networks or Convolution Neural Network (CNN) possess the ability to extract 

obscure features that improve visual processing tasks. Convolution is performed by 
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applying a set of two-dimensional region-based filters over the entire image, resulting in a 

series of filter response maps [218]. 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 into a single element.  

Current research focuses on face images or videos in the visible spectrum. Due to high 

illumination variability caused by the face surface and the variation in pose, accurately 

predicting each emotion is challenging and hinders FER. To address these challenges of 

visible facial recognition, thermal infrared facial recognition was developed. Thermal face 

recognition technology has achieved relatively high resistance to illumination changes, 

attracting applications in the fields of research and business. Few of the applications 

include testing psychopathic offenders who demonstrate a lack of emotion [219], 

classifying cognitive workload [220], measuring emotional stress for safety driving [221], 

and detecting anxiety by assessing the breathing rate along with facial skin temperature 

[222]. Infrared thermal face imaging was first presented in [213, 223]  as a robust non-

intrusive facial identity signature because it mainly comprises of facial temperature 

variations caused by vein structure on facial surface [224]. Thus, thermal face recognition 

is a distinguishing trait for biometric identification applications [143, 224]. Moreover, this 

imaging technique can penetrate over smoke, dust, and mist thereby aiding in spotting 

individuals over a wide range of troublesome atmospheric conditions [225]. 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 physical 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 feature space and 

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 vision system by 

making use of sufficient amounts of prior knowledge in other related domains when 

executing new tasks in the given domain. Recent astonishing work in the field of deep 

convolutional neural network (CNN) has demonstrated its ability to extract unique features 

from input images and its superior performance over a wide variety of tasks [226]. 

However, when applied to Face Emotion Recognition (FER), they have a few limitations 

such as: a) large-scale 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 are not sufficient to train the well-known neural network 

with deep architecture [227], d) high inter-subject variations exist due to different personal 

attributes, such as age, facial temperature, gender, ethnic backgrounds and level of 

expressiveness [228].  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 using pre-trained weights from a similar task.  

 

ü Related Work 

Most of the state-of-the-art algorithms employ visible images to detect facial emotions 

[40, 53, 229, 230]. But a major downside with visible facial emotion recognition algorithms 

is the lack of differentiating between genuine emotion and fake emotions. Genuine 
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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 thermal images [231-

235].  

Khan [236] proposed a non-intrusive automated facial expression 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 linear discriminant analysis within the 

reduced optimal Eigenspace were employed for classification purposes. Sophie [237] 

proposed a technique to categorize nine action units by employing a noninvasive method 

that assesses fluctuations of facial heat patterns induced by facial muscles contractions. For 

quantification purposes, leave-one-out cross-validation method with K-nearest neighbor 

model was used. Trujillo [238] presented a method that used unsupervised Local and 

Global feature extraction technique. Bi-modal thresholding was used for face localization, 

followed by extraction of Eigen features. Finally, Support Vector Machine was used for 

classification purposes. Yoshitomi [235] proposed a technique that uses 2D-Discrete 

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. Nhan [234] 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, and timeïfrequency features extracted 

from facial thermal infrared imaging data, blood volume pulse data, and respiration data. 

Shen [239] used infrared thermal videos to perform facial expression recognition. Subset 
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of features were extracted according to the F-values of horizontal and vertical temperature 

difference sequences of different facial sub-regions. Finally, an Adaboost algorithm with 

the weak classifiers of k-Nearest Neighbor was employed for classifying purposes.  

ü Proposed Emotion recognition system- TerNet 

In this section, a deep learning-based thermal emotion recognition system (TERNet) is 

presented. A visual block diagram of TERNet is illustrated in Figure 4-18Error! 

Reference source not found..  The proposed network is initialized using the weights 

provided by the VGG-Face model [240] and the network is fine-tuned using thermal 

images from the Tufts database. VGG-Face weights were reused as it was trained on 2.6 

million face images when compared to ImageNet which was mainly develop for various 

object recognition purposes. The VGG-Face model was trained for visible image face 

recognition purposes. This network was trained on N=2,622 unique individuals that was 

setup as an N-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 last fully-connected 

layer is replaced with our custom network. 

 

Table 4-9 : Architecture of TERNet. Building blocks are shown in brackets with 

[kernel size, # of filters] x repetition 
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The CNN architecture of TERNet is provided in Table 4-9. In this network, each linear 

operation such as convolution layers is followed by non-linear operations such as ReLU 

activation function [241] as defined in(4.6). Each block is followed by a maxpooling layer 

to reduce the dimensionality of the feature maps. For the last convolution layer softmax 

function is employed and can be formulated as shown in (4.7).  

 

The VGG-Face 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 predictions are compared to the 

ground truth using multiclass log loss. This 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 yielding the most likely class. 

Mathematically Log Loss is defined as (4.8). 

  

where ‗ is the number of samples or instances, ” is the number of possible labels, ώ  

is a binary indicator of whether label Ὦ is the correct classification for instance Ὥ, and ὴ  is 

the model probability of assigning label Ὦ to instance Ὥ. A perfect classifier would have a 

Log Loss of precisely zero. Less ideal classifiers have progressively larger values of Log 

Loss. The fully connected layers in the VGG-Face model is replaced by convolutional 

2Å,5 ɮ ÍÁØ πȟɮ  (4.6) 

&8
Ὁὼὴὢ

В Ὁὼὴὢ
 (4.7) 

ὒέίί 
ρ

‗
ώ ÌÏÇ  ὴ  (4.8) 
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layers. These fully connected layers have fixed dimensions and require a certain number 

of parameters to connect the input to the output. Moreover, they eliminate spatial 

coordinates [242]. The replacement allows us to be more efficient as only one forward pass 

is needed.  

ü Dataset and Evaluation  

The Tufts Face Database, see Chapter 3, [243] is a newly proposed face image dataset, 

which consists of 2-D, 3-D, thermal, near-infrared, and computerized sketch 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. This dataset contains 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 emotion recognition 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 image were of size 

161 x 161. 

To increase the amount of data, image preprocessing techniques were employed. 

Accordingly, adaptive histogram equalization [244], guided filtering [245, 246], and 

intensity adjustment techniques were applied, and combined with the original images. The 

recognition results of TERNet fine-tuned with pretrained weights obtained from VGG-

Face is shown in table below.  
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Table 4-10: Comparison of TERNet with state-of-the-art models. 

Model VGG16-custom layer VGG19 ResNet18 

Pretrained 

weights 

VGG-Face ImageNet ImageNet ImageNet 

Top1 

Accuracy (%) 

96.2 93.4 94.8 94.2 

Detailed description and configuration can be found in Shreyas Kamath, Rahul 

Rajendran, Qianwen Wan, Karen Panetta, Sos Agaian. òTERNet: A Deep Learning 

Approach for Thermal Face Emotion Recognition,ò SPIE, Defense and Commercial 

Sensing 2019. 

ü Summary 

This section discuss a robust and efficient thermal face emotion recognition system 

using a custom convolution neural network, TERNet, which 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 and classify 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 to the state-

of-the-art networks. The emotion recognition architecture has proven to have advantageous 

characteristics in position-invariance, varying illumination conditions, and high noise 

tolerance 

A loss function that can distinguish between classes with subtle changes will be 

investigated in the future. Furthermore, the proposed system will be prototyped and 

integrated into augmented reality devices in order to prove on-line assessment of humanôs 

emotion. 

 



107 

 

Start 

Face Detection 

Load

Block 1

Block 3

End

Fine-tune process

Input Image

Face Emotion 
Model 

Block 2

conv1_1: Conv2D/3×3/1/64
conv1_2:Conv2D/3×3/1/64
Pool1: MaxPooling/2×2/2

conv2_1: Conv2D/3×3/1/64
conv2_2:Conv2D/3×3/1/64
Pool2: MaxPooling/2×2/2

Block 4

Block 5

conv3_1: Conv2D/3×3/1/64
conv3_2:Conv2D/3×3/1/64
Pool3: MaxPooling/2×2/2

conv4_1: Conv2D/3×3/1/64
conv4_2:Conv2D/3×3/1/64
Pool4: MaxPooling/2×2/2

conv5_1: Conv2D/3×3/1/64
conv5_2:Conv2D/3×3/1/64
Pool5: MaxPooling/2×2/2

fc6: 128
fc7:128

fc8: 4 (depends on the number 
of emotion models )

Vggface with pre-
trained weights 

Customized 
Transfer learning 

with fine-tune 

Face 1 Ą  Happy
Face 2 Ą Surprise

 

Figure 4-18:The proposed Face Emotion recognition system architecture. Block 1-5 

maintain weights pertained using vggface [240] [247]. The parameter for convolutional 

layer is: name/filter size / stride / filter number. The format for the pooling layer is: 

method / filter size / stride. Fine Tune process contains 3 fully connected layers (fc6, fc7, 

fc8), and the feature dimensions after each fc are shown 
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PART 2: Head-Mounted Eye-Track ing Technology: Review, 

Analytic Systems, and Visualization 



109 

 

Part 2 gives a comprehensive demonstration of all my work related to head-mounted 

eye tracking technology during graduate career. It covers contributions on a comprehensive 

literature review on state-of-art head-mounted eye tracking technology and fields of 

applications, the development of multi-modal eye tracking data analytics, proposed system 

architectures to enhance large-scale head-mounted eye tracking data analysis utilizing 

image processing and computer vision techniques, as well as visualization software 

solutions for researchers from varying backgrounds.       

This part presents work from selected publications listed below: 

1. Karen Panetta, Qianwen Wan, Aleksandra Kaszowska, Holly A. Taylor, Sos Agaian. 

ñSoftware Architecture for Automating Cognitive Science Eye-Tracking Data Analysis 

and Object Annotation,ò IEEE Transactions on Human-Machine Systems (THMS). DOI: 

10.1109/THMS.2019.2892919.  

2. Karen Panetta, Qianwen Wan, Aleksandra Kaszowska, et al. ñISeeColor: Head-

mounted Eye-tracking Data Visual Analytics technique based on gaze density,ò IEEE 

Transactions on Visualization and Computer Graphics (TVCG), under review. 

3. Karen Panetta, Qianwen Wan, Aleksandra Kaszowska, Holly A.Taylor, Sos Agaian. 

òAnnotation, Fusion and Alignment for Multimodal Data-of-Interest (DOI),ò IEEE 

Transactions on Systems, Man, and Cybernetics, under review. 

4. Qianwen Wan, and Karen Panetta. ñA Video Forensic Technique for Detecting Frame 

Integrity Using Human Visual System-inspired 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 mobile eye tracker," 
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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. 

ñAerial Border Surveillance for Search and Rescue Missions Using Eye Tracking 

Techniques,ò Technologies for Homeland Security (HST), 2018 IEEE Symposium on. 

IEEE, 2018. 

7. Arash Samani, Karen Panetta, Qianwen Wan, Sos Agaian. ñAutomatic Frame-Cut 

Detection for Self-Diagnostics of Video Surveillance Systems,ò Technologies for 

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

8. Qianwen Wan, Aleksandra Kaszowska, Karen Panetta, Holly A.Taylor, Sos Agaian. 

ñA Comprehensive Head-mounted Eye Tracking Review: Software Solutions, 

Applications, and Challenges,ò Stereoscopic Displays and Applications XXX Conference, 

IS&T Electronic Imaging 2019. 

9. Qianwen Wan, Aleksandra Kaszowska, Karen Panetta, Holly A.Taylor, Sos Agaian. 

ñEnhanced head-mounted eye tracking data analysis using super-resolution,ò Stereoscopic 

Displays and Applications XXX Conference, IS&T Electronic Imaging 2019. 

10. Aleksandra Kaszowska, Qianwen Wan, Karen Panetta, William C. Messner, Holly 

A. Taylor. ñYou canôt always know what you need: A concurrent think aloud and eye 

tracking analysis of a tool design process,ò 2018 International Meeting of the Psychonomic 

Society, poster presentation 

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

Agaian, Shreyas Kamath, Shishir Paramathma Rao ñData Fusion Systems and Architecture 
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using Human Performance Monitor Deviceò, Invention disclosure form submitted to Tufts 

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

LITERATURE REVIEW  

The material presented in this chapter was previously published in Qianwen Wan, 

Aleksandra Kaszowska, Karen Panetta, Holly A.Taylor, Sos Agaian. ñA Comprehensive 

Head-mounted Eye Tracking Review: Software Solutions, Applications, and Challenges,ò 

Stereoscopic Displays and Applications XXX Conference, IS&T Electronic Imaging 2019. 

 

Head-mounted eye-tracking technology allows for monitoring and recording peopleôs 

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 of eye movements dates back to 1960s and is supported by a rising 

trend technology - that is eye tracking sensor technology. Eye-tracking technique has been 

effectively use in psychology related fields for several decades (see 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 

humanôs eyes focus, which provides indicators of humansô mental status, attention, 

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 of commercial products. Recently, 

Sridharan introduced real-world 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 to improve efficiency of region-of-interest 

manual annotation. Duchowskiôs book [3] is utilized as a standard textbook on eye-tracking 

technology for students and researchers who are interested in psychology, marketing, 
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industrial engineering, and computer science. M Chita-Tegmark [4] provided a review and 

meta-analysis of eye-tracking studies focusing on social attention research. Alemdag 

reviewed eye tracking methodology on multimedia learning research [5].  

Head-mounted eye tracking devices have received increasing 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 viewing behavior in any real-world 

environment with high robustness and accuracy. 

Motivated by the growing importance of head-mounted 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 chapter aims to 

provide a survey of state-of-art head-mounted eye tracking technology, present 

commercially available wearable eye tracking equipment, software solutions for eye 

tracking data analysis techniques reported in the literature, and large-scale eye tracking 

data visualization methods for researchers from varying backgrounds. Example 

applications adopting head-mounted eye tracking are described, such as human-machine 

interaction, cognitive psychology, medical applications, and augmented reality. 

Furthermore, discussion of limitations and expectations for head-mounted eye tracking 

analysis methodology is also investigated.  

 

5.1 Popular commercial head-mounted eye tracking products 
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Current commercially available infrared eye tracking equipment can be categorized into 

stationary remote eye trackers and head-mounted mobile eye trackers. Stationary remote 

eye trackers are widely used in traditional indoor human-machine interaction research since 

the 1980s, such as reading assignment, web searching, and gaming. This technology 

significantly reduces participantsô range of movement and often requires participants to sit 

still to ensure the quality of the collected data.   

On the other hand, the head-mounted mobile eye tracking technology allows researchers 

to investigate human eye movements without many restrictions, opening up the range of 

possible recordings that stationary eye tracking could never fit. With the arrival of this 

technology, researchers can monitor ñwhereò and ñwhatò humans are looking at while they 

 

 

 

(a) (b) (c) 

   

(d) (e) (f) 

Figure 5-1 Example images of different head-mounted eye trackers.(a) SMI [248]; (b) 

Tobii pro glasses 2 [249]; (c) Pupil [250]; eye image as captured by the eye tracker (d) 

(e); (f) is the captured gaze point overlaid scene video while participants doing an indoor 

human problem solving study,  the orange circle is showing where the participant is 

looking at. 
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are interacting with the real-world, communicating with other people, manipulating 

common objects and completing specific daily tasks. 

 

SMI head-mounted eye tracker is a popular head-mounted eye-tracking device that is 

often adopted by cognitive scientists and psychologists, though SMI is no longer 

commercially available since August 2017.  Figure 5-1 (a) shows a picture of SMI eye 

tracker. Another popular head-mounted eye tracker is released by Tobii along with the 

Tobii Studio eye tracking data analysis software. Tobii is used a lot in education research 

Table 5-1 A Comprehensive Head-mounted Eye Tracking Review: Software Solutions, 
Applications, and Challenges 

Head-mounted eye-

tracking technology 
Category Related work 

Popular devices  SMI, Tobii pro glasses 2, Pupil  [248-250] 

Fields of application 

¶ Cognitive psychology [251-258] 

¶ Infant and child education [259-269] 

¶ Augmented reality & virtual reality [270-282] 

¶ Marketing and consumer [283-292] 

¶ Human machine interaction [194, 293-300] 

¶ Sports [301-304] 

¶ Medical and clinical applications [305-308] 

Visualization methods 

¶ Heatmap visualization  [309, 310] 

¶ Scanpath visualization [311, 312] 

¶ AOI visualization [313] 

Analysis approaches 
¶ Commercial software [248-250] 

¶ Manual annotation on areas-of-interest [313-319] 

Software solution 

limitations and challenges  

¶ No commercially available eye tracking analysis systems 

that enables the automatic categorization of what people 

looked at without manual tagging AOIs. 

¶ No automatic visual analytic tools that can present 

information about where, what, and for how long all together 

in a dynamic scene video. 

¶ No automated data fusion approach existed that can fuse 

the audio data collected from the concurrent head-mounted 

eye trackers associate with the eye tracking video analysis. 
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and marketing usability applications. Figure 5-1 (b) shows a picture of Tobii eye tracker. 

The most commonly used open source eye tracking technology is developed by pupil labs 

[320]. Pupil labs [321] not only develops open source software eye tracking platforms and 

build accessible hardware but also provide tracking add-ons for the latest augmented reality 

(AR) and virtual reality (VR) headsets. Astonishing number of head-mounted eye tracking 

devices are market available, information and comparison about different devices can be 

found in [293]. 

 

5.2 Fields of applications for head-mounted eye tracking 

ü Cognitive psychology 

Head-mounted eye trackers were used to measure the cognitive load of interviewers 

while problem-solving on a whiteboard during technical interview process in industry for 

reducing bias in hiring practices [251]. An eye tracking solution using SMI eye tracking 

glasses for psychological research is discussed in [252]. Different experimental psychology 

research fields that require unconstrained eyes, head and hand movements suggested to use 

head-mounted eye tracking technology, such as visual searching, reading, natural tasks, 

scene viewing, and information processing in complex cognitive tasks. Research 

investigating how designers approached user experience and usability when working with 

different end users combines concurrent think aloud and eye tracking protocols were 

introduced in [253].  Researchers used head-mounted 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 extracting environmental clues [254]. 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 development of perceptual expertise. Wearable eye trackers have been used to study 

cognitive status in on-road driving applications [255], which tracks the 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 

demonstrated in [256], such as studying the relationship between saccadic eye movements 

and cognitive processes. Head-mounted eye tracking techniques were utilized to validate 

the cognitive load advantage to visual presentation of simple arithmetic and memorization 

tasks [257].  Head-mounted eye tracking technologies for investigating research on spatial 

cognition, geographic information science and cartography were detailed in [258]. 

 

ü Infant and child education  

Head-mounted eye tracking technology was used in investigating infantsô visual 

exploration [259].   The study measured infantôs eye movements with/without motherôs 

speech and visual guidance during spontaneous, unconstrained, natural interactions with 

caregivers, objects, and obstacles. The limitations and advances of using head-mounted 

eye tracking devices for understanding early human behavior development by researching 

young infantsô corneal reflection, visual tracking, point of gaze, and the latency of gaze 

shifts were discussed in [260].  Developmental psychologists who study infantsô looking 

behavior depend on the use of mobile eye tracking technology in order to gain insights of 

infantsô everyday interactions, learning paradigms, and early vision deprivation [261] 

[262]. The visual evidence for language learning of ambiguous and unambiguous words 

was under investigated using head-mounted eye tracking devices [263]. Head-mounted 
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systems were used to understand how information from eye-movements, characteristics 

such as interest in objects, time spent on objects, frequency of visits, and sequences in 

which content is consumed, could be used to infer learnersô level of interests and support 

the learning process in the context of attention-related tasks [264] [265]. The userôs meta-

cognitive behavior during interaction with an environment for exploration-based learning 

was measured using head-mounted eye tracking devices [266]. In the recent years, various 

technologies (such as collaborative software, cloud computing, screen-casting, virtual 

classroom) adapting head-mounted eye tracking systems to facilitate e-learning 

development efficiency [267] [268] [269]. 

 

ü Augmented reality and virtual reality  

A head-mounted eye tracker was intergraded into a binocular eye tracking virtual reality 

system for aircraft inspection training in [270]. A virtual reality scene that is currently 

displayed to a user wearing the head-mounted system through detecting the direction in 

which the user is looking in the scene, via eye tracking was established in [282]. Gaze 

typing via virtual keyboard, real-time facial reenactment and eye gaze control in a head-

mounted virtual reality system using mobile eye tracking technology is described in [271-

275]. Head-mounted eye tracking can assess visual attention and has opened up many 

possibilities for virtual reality based therapy while VR technology recently has become a 

popular tool for therapists to use as an immersive environment for patients [276]. Head-

mounted eye tracking camera enables sensing and conveying facial expressions and user 

emotions during social interaction in virtual reality settings [277]. [278] introduced 

electroencephalographic eye-tracking as an additional interaction channel to record real-
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time pupil position for head-mounted virtual reality and augmented reality devices in 

gaming and entertainment industries. Head-mounted virtual and augmented reality near-

eye displays require accurate eye tracking technology to create the possibilities to take us 

to new places, provide instant and spatially-aware access to information, hence improving 

navigation capability [279]. Combination of using head-mounted eye-tracking technology 

and user-worn virtual reality system was proposed as a novel tool to facilitate research in 

human movement and movement disorders [280]. Head-mounted eye tracking technology 

is predicted as the ñhands-freeò human machine interaction tool for next generation virtual 

reality and augmented reality gameplay filed [281]. 

 

ü Marketing and consumer 

In [283] [284], grocery store experiments were described  to investigate the possible 

region-of-interests of costumers using a head-mounted mobile eye tracker. The interplay 

between store familiarity, visual attention, and navigational fluency to precede and 

influence unplanned purchases of 100 retailer store shoppers wearing Tobii head-mounted 

eye trackers were examined in [285]. The power of using head-mounted eye tracking 

systems in marketing research and economics theory was discussed in [286]. In [287], 

different types of heuristics to meet shopping goals were investigated by monitoring how 

a customerôs visual attention is influenced by their shopping goal at a gas station, a sports 

store, and a grocery store.  The combination of virtual reality settings with head-mounted 

eye tracking provides a unique opportunity for shopper research in particular to shopper 

assistance [288]. A head-mounted eye-tracking case study was conducted in [289] to 

demonstrate that retailers can attract consumersô visual attention through various practices, 
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such as providing relevant information, orienting consumers around, and offering an eco-

friendly product assortment. [290] outlined case studies investigating the relationship 

between costumersô visual search patterns and shopping choice making process in 

supermarkets. A review of using eye tracking measurement for understanding of 

consumersô needs and desires were given in [291]. [292] examined associations between 

broad personality traits and human gaze behavior when buying a car or viewing car dealer 

advertisements. 

 

ü Human machine interaction 

For ideal human machine interaction systems, the most effective mean is through the 

behavior of the eye gaze [294]. Since early 20s, wearable, and lightweight eye gaze trackers 

became increasingly used for HCI studies [293]. A new ñhands-freeò method for aerial 

border surveillance, search and rescue missions using head-mounted eye tracking 

technology was offered in [194]. Searching and rescue soldiers are suggested to wear head-

mounted eye trackers to better complete their mission by analyzing region-of-interests 

online and offline, investigating the workload through think-aloud-protocol and training 

through gaze path guidance. Gaze based command and control is largely used for people 

with severe disabilities who requiring hands-free alternative in everyday life [295]. An 

electrooculography based systems head-mounted 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 hands-free input on smart watches, which was tested 

using example music player application. A low-cost head-mounted eye tracking solution 
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was proposed to improve the human machine interaction with iPad applications [298]. 

Personal viewing devices, such as an augmented reality devices, virtual reality glasses, 

scope simulators, monocular simulators, binoculars simulators, or telescope simulators, 

can be integrated with eye tracking technology to create a more immersive human machine 

interaction experience [299].  Chittaro, L. and Sioni, R. combined eye tracking technology 

in mobile head-mounted device to effectively select menu items in [300]. 

 

ü Sports 

Head-mounted eye tracker was proposed to find the evidence for predictive control of 

eye movements in sports [301] of two skilled squash players. Visual fixation of obstacles 

of both adults and children were measured using wearable eye tracking devices while they 

were during free, unfettered locomotion such as jumping, walking and running [302]. This 

study aimed to provide evidence to support the role of foveal vision in guiding action such 

as navigation, locomotion and sports. Head-mounted eye trackers have been successfully 

used in live sports to explore the vision and gaze behaviors of athletes; advice and solutions 

for using wearable eye trackers investigating exercise and sports psychology have been 

provided in [303, 304]. 

 

ü Medical and clinical applications  

Clinical research on mental health monitoring, regarding mental disorders, using mobile 

eye tracker was demonstrated in [305]. Head-mounted eye tracking device was advocated 

for as a rapid, user friendly, and field-ready technique for the purpose of diagnosing and 

monitoring improvements of symptoms following mild traumatic brain injury [306]. Head-
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mounted eye-tracking technology is used as a robust and accurate approach for better 

understanding the role of vision during real-world tasks in older people with Parkinson's 

disease [307]. [308] gives an insight into different studies utilizing eye imaging in eye 

disease and other medical applications. 

 

5.3 Software solutions for eye tracking data analysis techniques 

reported in the literature 

To understand eye movement measures, a commonly used eye-tracking indices 

according to two dimensions was summarized in [322]. While there has been a significant 

success deploying head-mounted eye tracking technology in both academic and 

commercial research, analyzing the collected large-scale eye tracking data remains a 

challenge.  

Eye tracking data analysis tools have been developed in order to provide a more efficient 

way to understand the recorded eye tracking data, such as manual annotation on areas-of-

interest [314-316], and manual gaze point labeling systems [313, 317-319]. In order to 

ensure high accuracy, most existing software solutions for annotating the collected eye 

tracking data rely heavily on human manual labor. Usually, researchers would go frame by 

frame to annotate the areas-of-interest (AOI), or just simply play/stop a video stream while 

watching through the 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 

(See Figure 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 head-mounted eye tracking data 

recommended by psychology experts and education researchers are shown in Figure 5-2 

below.  

 

Figure 5-3 An illustration for manual AOI labeling: a recorded video is converted to 

frames, area-of-interests are detected based on gaze pointsô location using recognition 

algorithms and the object being viewed is determined.  
 

5.4 Large-scale eye tracking data visualization methods 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 different fields [312]. 

Large-scale eye tracking data visualization methods for researchers from varying 

backgrounds can be typically categorized into heatmap visualization, scanpath 

visualization and AOI visualization.  Goldberg and Jonathan [309] visualized eye tracking 

  
 

Figure 5-2 Example commercial software solutions for analyzing head-

mounted eye tracking data recommended by psychology experts. 

 

Gaze Label 
Massage
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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 Weiskopf [310] presented robust motion-compensated 

attention maps using optical flow information to adjust fixation data based on the fixated 

moving object. Scanpath visualization incorporates fixations and saccades in creating a 

ñviewing pathò while a person is looking at a scene. In a typical scanpath visualization, 

each fixation is indicated by a symbol such as a circle, where the radius often corresponds 

to the fixation duration. Saccades between fixations are represented by connecting lines 

between these circles [311]. AOI (area-of-interest) based visualization techniques also 

consider the annotation of the regions or objects on the stimulus that are of special interest 

to the observers. Kurzhals and Hlawatsch [313] described a visual analytics approach to 

implemented an semi-automatic area-of-interest annotation process by image-based, 

automatic clustering of eye tracking data integrated in an interactive labeling and analysis 

system. 

 

5.5 Discussion of limitations of head-mounted eye tracking 

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 well-known obstacle to utilizing mobile eye tracking technology. As we 

demonstrated before, 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. However, currently 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 present all three aspects in a dynamic scene video: where, what, and for how 

long participants were looking. Lack of reliable and user-friendly solutions for automating 

video data analysis limits possibilities for utilizing mobile eye tracking technology in 

exploring large-sample 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 approach existed to fuse the audio data collected from the concurrent head-mounted 

eye trackers associate with the eye tracking video analysis. Lacking automatic speech 

prosody method and speech-to-text semantic analysis limits possibilities for utilizing 

mobile eye tracking technology in exploring multi-channel eye tracking data through think-

aloud-protocol. 

 

To sum up, wearable eye tracking technology opened a new way to conduct research in 

unconstrained environment settings. This section present a review contains the state-of-art 

head-mounted eye tracking equipment, software solutions for eye tracking data analysis 

and visualization, head-mounted eye tracking applications, and challenges and limitations 

in software solutions in head-mounted eye tracking multi-modal 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 CLASSIFICATION  

A great portion of this chapter was previously published in Panetta K, Wan Q, 

Kaszowska A, Taylor HA, Agaian S. Software Architecture for Automating Cognitive 

Science Eye-Tracking Data Analysis and Object Annotation. IEEE Transactions on 

Human-Machine Systems. 2019 Feb 4. DOI: 10.1109/THMS.2019.2892919. 

 

The advancement of wearable eye-tracking technology enables cognitive researchers to 

capture vast amounts of eye gaze information while participants are completing specific 

tasks without restrictions 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 cost-prohibitive and time-consuming approach that is prone to human error. Such 

analytic difficulty limits researchersô ability to data-mine the information efficiently, 

ultimately restricting the number of scenarios that can feasibly be conducted within budget. 

This chapter presents the proposed automated software solution for eye-tracking video 

data, which eliminates the need for manual annotation. The proposed software architecture, 

GoC (gaze-to-object), processes the gaze-overlaid video 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 image similarity measurement to support faster processing.  

The presented system has been successfully adopted by cognitive psychologists. GoCôs 

exceptional performance in analyzing a case study, which is the motivation of the entire 

work, spanning over 50 hours, of mobile eye-tracking is presented. The accuracy and a 

cost-analysis comparison between GoC and state-of-the-art manual annotation software are 



127 

 

provided. GoC has game-changing potential for increasing the ecological validity of using 

eye-tracking 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, totaling over 430 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 single 

Lego NXT kit in accordance with the instructions provided. The given instructions were to 

sort a disorganized Lego kit to match a pre-existing reference image of a sorted Lego kit. 

The envisioned tool will be used by one of three possible end users: a human (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 

end 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 problem-solving task. The case study investigated 

whether such ñknowledge patchesò were based on engineersô previous experiences (as 

indicated by their verbal explanations during the task), or on visual examination of the end 

user (as indicated by the eye-tracking data).  

ü Detailed Description of Tool design and human problem solving Case study 
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Design problem: Participants 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, standard deviation=2.5) from 

the Tufts University School of Engineering completed the study for monetary 

compensation. 

Procedure: Each participant was randomly assigned to one of three possible end-users 

(15 participants per end-user in total). Participants were seated at a 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 the basis of 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. Then, they could 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. 

Eye-tracking Protocol: eye-tracking data were collected using SMI Eye-Tracking 

Glasses [323] (Sensomotoric Instruments, Inc.) at 30 Hz. Gaze-overlaid videos were 

exported using SMI BeGaze 3.7 (Sensomotoric Instruments, Inc.). 

Region of Interest: Our cognitive psychology team was interested in observing whether 

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

sorted Lego kit, or the writing utensils (see Figure 6-7). 
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Current Analytic Objective: 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 eye-tracking videos are particularly difficult to analyze due to: 1) 

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

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 blank paper provided gradually becomes 

covered in writing; and 3) participantsô hand motions cross the field of vision and therefore 

periodically obscure the view. 

 

6.2  Background and Introduction 

Human problem solving in its most basic form requires generating possible scenario 

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 real-world contexts. Researchers 

capture these vast amounts of visual eye gaze information from eye trackers while 

participants are completing specific tasks. 

Eye-tracking technology can be applied in various research contexts and scenarios with 

demonstrated usability in neuroscience [324], psychology [325], sports [301], human robot 

interaction [326], geology [254, 283, 284], medical diagnosis [305, 327] and on-road 
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driving applications [255, 328]. The rapid development of eye-tracking systems and 

technology popularized eye movement research and expanded the potential scope of 

research paradigms [329]. 

Wearable mobile eye-tracking glasses rely on infrared cameras to locate and monitor 

the pupilôs position to estimate where the participant is looking. A front-facing scene 

camera records the personôs field of vision, and a gaze position indicator (a cursor) is 

subsequently overlaid over that scene video (Figure 6-1). Hence, lightweight mobile eye-

tracking technology enables investigation of eye movements in real-world, unconstrained 

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

 

   

Figure 6-1SMI [323] head-mounted mobile eye tracker (left), the image captured from 

the infrared camera monitoring the eye (middle) and the recorded video with the 

overlaid gaze captured from the front-scene camera (right). 

 

While there have 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 eye-tracking technology in 

exploring large-sample 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 processing analysis addresses this problem; however, no reported 

work has been performed to automate the ñgaze-to-objectò classification for massive 

mobile eye-tracking data for cognitive research. This work presents a novel software 

architecture for automating mobile eye-tracking data analysis and classifies the object 

being gazed upon. 

 

6.3 Related Work 

ü Eye movement properties 

Eye movements are proactive. They are the conduit for gathering information, which 

seek to provide insight into a taskôs attentional demands in anticipation of a decision 

required for future actions [330, 331]. Eye movement properties such as blink rate, fixation 

duration, or saccadic amplitude and velocity are robust indicators of underlying cognitive 

 

Video scene collected by 

eye tracker. Orange dot 

in the lower right corner 

is the gaze indicator 

produced by the eye 

trackerôs manufacturer. 

 

Researchers review every 

frame to identify which 

object in the scene the 

participant is looking at via 

the orange dot. 

 

Researchers identify the object 

and calculate the time spent 

looking at the specific object. 

 

Figure 6-2 Example of a gaze point-inspired ROI labeling process used in cognitive 

science research. White Rabbit on the left, child in the middle, and bird on the right with 

the orange gaze indicator overlaid on the bird. 
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states such as stress or high mental workload [332] and provide insight into the cognitive 

requirements of various tasks [333-335]. 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]. 

 

ü Eye-tracking research and applications 

Wearable eye-tracking technology opens new avenues for researchers to monitor eye 

movements and record their properties under a variety of experimental protocols and in 

real-life situations [338]. This allows researchers to extend the scope of investigation to 

more ecologically valid experimental designs [339]. In analyzing where and what people 

look at, scientists rely on predefined regions of interest (ROI) within a specific 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 entire storefront 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. 

 

ü Eye-tracking data analysis methodology 

Existing automatic image recognition 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 models [340, 341]. Such detection algorithms are heavily rooted in computational 

approaches to vision modeling [342], and allow for informed prediction on where 

participants would look [343, 344]. This allows researchers to delineate which objects 

within the visual environment should grasp participantsô overt attention. Highlighting all 

objects of interest within a video frame is an important first step to automating eye-tracking 

data analysis and as such presents incredible potential for real-life applications [345]. 

It is not necessary to identify all objects of possible interest within a visual scene in 

order to support automated eye-tracking analysis. Eye-tracking equipment collects 

information about the participantsô pupil position and calculates where the participant is 

looking at any given time. The gaze direction can be then cross-referenced with an object 

within the visual scene [312]. However, eye-tracking 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 measures [316]. Outstanding work has been done to understand the 

relationship between eye movements, semantic description and computer vision [256, 

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 in [347]. A benchmark for point of gaze detection algorithms is presented by 

McMurrough at al. in [348]. 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 series of x-y coordinates falling on a specific frame 

within an independent scene video.  
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The next logical step is developing a gaze to object classification tool for automated 

gaze annotation and ROI labeling.  

To date, there is no commercially available software enabling eye-tracking researchers 

to perform automated object recognition on the scene video, and as such, researchers do 

not have a simple way of inferring what their participants are looking at. 

Instead, cognitive researchers are forced to process mobile eye-tracking data by 

manually delineating regions of interest (ROI), often frame-by-frame, such as depicted in 

Figure 6-2. This approach is a well-known obstacle to utilizing mobile eye-tracking 

technology [349]. 

Prior research has contributed to make ROI annotation easier. In [314], Tsang et al. 

introduced eSeeTrack, a visualization prototype that streamlines ROI annotation and 

allows researchers to estimate fixation duration falling within specific ROI content. 

However, for wearable eye-tracking data, fixated ROI annotation still heavily relies on 

manual human labor in completing the analysis. A similar approach was presented by 

Kurzhals and colleagues [315]. The proposed ISeeCube is a visual analytics tool 

specifically designed for visual analysis of recorded eye-tracking gaze 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 ISeeCube an important tool for video analysis despite its reliance on the 

manual ROI annotation process. This labeling time is reduced in recent work [313] with 

the introduction of a user interface. This system uses the state-of-art 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. 



135 

 

proposed an object recognition-based semi-automation labeling software [318]; however, 

it depends heavily on manually labeling during the process of video streamlining, and its 

color-histogram-oriented object classification method fails to account for variance in 

luminance. 

Other works, such as gaze-guided object recognition for a head-mounted eye tracker 

[350] and gaze-guided object classification utilizing deep neural networks [351], address 

real-time object recognition using head-mounted 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 categories selection is hypothesis-driven and therefore relies exclusively on 

the researcherôs scientific goal. GoC identifies frames within the gaze-overlaid video where 

the gaze indicator overlaps with one of the predefined ROI object categories. It then 

automatically 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 eye-tracking devices, especially with the occurrence of dynamic 

zooming and 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 tools mentioned 

above, we have supplied the comparison table below. 
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6.4 GoC System Framework 

The overview of the GoC software architecture for automating mobile eye-tracking data 

analysis and scene-gazed object classification is presented in Figure 6-3. There are six 

system process blocks:  

1. Input video: For our software solution, we directly input a gaze-overlaid video 

generated by the commercially available wearable eye trackers. The gaze-overlaid scene 

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

of image processing algorithms. 

Table 6-1 Comparison between GoC and other eye-tracking data analytic tools 

Related 

work 
Problem addressed ROI annotation 

[37] Eye-tracking data visualization combining 

fixation patterns within ROI content 
Manual 

[38] Visual analysis of eye-tracking data can 

combine the gaze pattern information with the 

ROI content 

Manual 

[39] User-friendly interface to simplify ROI 

annotation by sorting similar image patches 
Manual 

[40] Match labeled ROI using color-histogram 

intersection method 
Semi-automatic 

[41] Real-time object recognition using feature 

matching 
No annotation 

[42] Real-time object classification using Deep 

Neural Network 

No annotation 

GoC Large-scale head-mounted eye-tracking data 

analysis 

Automatic 
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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. 

 

 

 

Figure 6-3 Overview of GoC prototype architecture. The input mobile eye-tracking 

gaze-overlaid video data is (A) broken down into image frames. (B) A filtering process 

reduces the size of the data by taking the advantage of the temporal coherence of the 

gaze data. This is followed by (C) gaze indicator detection, (D) gaze-directed ROI 

cropping; (E) object classification and (F) result visualization. Step (E) involves 

building the training dataset; creating a bag of visual words, obtaining the histogram 

for each image and using classifiers to train the produced histogram features. In (F), 

the resulting visualization of GoC is shown using a scarf plot demonstrating the 

temporal overview for the video and a histogram showing the occurrence of different 

object classes. 
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3. Utilize the eye trackerôs gaze indicator: Zooming in on the focus of the visual 

attention will highlight where and what 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 detected 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 by the 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 demonstrating the 

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. 

 

ü Video to frame conversion 

The GoC architecture starts by converting the gaze-overlaid 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 devices used. 

The video data captured by the SMI head-mounted mobile eye-tracking glasses were 25 

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

When people focus their visual attention on a specific area, 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 measurement [352] 

[353] can reduce the number of frames. 

 The structural similarity between subsequent video frames is calculated 

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 decision-making schematic is shown in Figure 6-4. 

 

Figure 6-4 The top image frame is compared to the subsequent frame (bottom left) and 

shows severe motion blur. The blurry frame is deleted. 

In [354], an image similarity measure 4-EGSSIM using enhanced human visual system 

characteristics is introduced. This similarity measure was applied because of its high 

distinguishing ability in video processing [355]. 

For two conterminous video frames x and y, their corresponding edge map, xô and yô, 

are calculated using a Sobel edge detector [356]. Each image was first partitioned into four 

sub-regions based on the edge information. The implementation uses the following 

formulas: 

Similarity Value > 
Threshold 

Continue 
Process

Delete 
subsequent 

frame

Similarity 
Computing

Yes

No
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Preserved edge pixel region (R1): 

ὰέὫ ὼάȟὲ ρ Ὕ  ǪǪ  ὰέὫ ώ άȟὲ ρ Ὕ                              (6.1) 

 

Change edge pixel region (R2): 

ÌÏÇ ὼάȟὲ ρ Ὕ ǪǪ ÌÏÇ ώ άȟὲ ρ Ὕ  ȿȿ  

ÌÏÇ ώ άȟὲ ρ Ὕ  ǪǪ  ÌÏÇ ὼάȟὲ ρ Ὕ               φȢς) 

Smooth region (R3): 

ÌÏÇ ὼάȟὲ ρ Ὕ ǪǪ ώ άȟὲ Ὕ  ȿȿ  

ÌÏÇ ώ άȟὲ ρ Ὕ ǪǪ ÌÏÇ ὼάȟὲ ρ Ὕ               (6.3) 

Texture Region (R4):                              Otherwise                               (6.4) 

Here, T1 = 0.12(xômax) and T2 = 0.06(xômax), where xômax is the maximum value of 

the gradient magnitude of x.  

Then, the 4-EGSSIM value is calculated using equation (5): 

τ ὉὋὛὛὍὓὼȟώ  В
ȿ ȿ
В ὋὛὛὍὓȟ άȟὲȟᶰ                  (6.5) 

where wi are the weights for each region Ri, i = 1,2,3, and 4. These parameters were 

obtained experimentally. The GSSIM [357], a variant of SSIM [358], values are calculated 

in terms of local luminance, contrast, and structure, and then these local similarity measures 

are pooled into a single similarity 4-EGSSIM metric; the detailed explanation and 

calculation can be found in [354]. 

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

assessment also helps delete unbefitting frames. 

 

ü Utilize the eye trackerôs gaze indicator  

Normalized image 2D cross correlation is used to localize the human eye gaze indicator 

by estimating the similarity between the cropped template of the gaze indicator (Figure 

6-5(c)) and the original video frame captured from a first-person perspective (Figure 

6-5(a)).  

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 in Figure 6-5 (b). Next, the 2D normalized cross-correlation between the video 

frame and gaze template is performed using the following formula (6.6) [359]:  

 

‎όȟὺ  
В ȟ ȟ ȟȟ

В ȟ ȟ В ȟȟȟ
Ȣ
                       (6.6) 

  
 

(a) (b) 
(c) 

Figure 6-5 Original video frame captured in a laboratory setting (a). Gaze indicator 

template generated by commercial eye-tracking devices (c) that is produced by SMI 

BeGaze [323]. It is an orange circle with the same size in each video frame. (b) 

Representation of the extracted red channel of the original RGB video frame. 
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where Ὢ is the image, t is the template, ὸ is the mean of the template, and Ὢ
ȟ

is the mean 

of Ὢὼȟώ in the region under the template. 

The resulting matrix contains the correlation coefficients that range from -1.0 to 1.0, 

which is displayed in Figure 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 the video frame. 

ü  ROI cropping 

One of the most important tasks in analyzing mobile eye-tracking data is to distinguish 

between different objects in a single frame by finding the segment boundary between 

objects.  

 

In designing the GoC framework architecture, the ROI cropping step can be achieved 

using image segmentation methods [360]. 

Usually, the segmentation obeys a certain criterion with respect to the same 

characteristics, such as color, intensity or texture. Though many practical applications of 

  

Figure 6-6 Normalized 2D correlation results for gaze indicator detection. The left 

image shows the 2D correlation coefficients matrix displayed as a surface. The 

correlation coefficients (z-axis) can range in value from -1.0 to 1.0, and the x- and y-

axis show the pixel location of the original image. The peak value indicates the image 

patch that is most similar to the template, which provides the location of a gaze indicator 

and is displayed within a bounding box (right).  
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segmentation technology are fully explored, no segmentation algorithm is flawless and 

suitable for all applications. 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 extract the 

objects of interest without losing the structural information for the subsequent scene-gazed 

object classification step. Instead, in the prototype system, the area around the detected 

gaze indicator is automatically cropped using a fixed size. 

As one 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 where 

a participant is looking during the mobile eye-tracking experiment. 

 

ü Object classification  

Image classification refers to training a computer to determine whether an object 

belongs to a specific predefined category. In GoC, we chose the bag-of-visual-words 

classification [361] model (BoVW) over other computer vision classification algorithms 

(such as convolutional 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 image as óa documentationô with many visual words. Visual words 

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 histogram 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.  

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 displayed in Figure 6-7. 

The steps for BoVW in GoC gazed object classification are: 

1) Extract SIFT [362] (scale-invariant feature transform) features from 

all training images with different categories; 

2) Construct the visual words vocabulary by K-means clustering [363] 

(K=100); 

 
 

  

Figure 6-7 Image classification with the bag of visual words. Top left is the ñLegoKitò 

image, top right is the reference image of a sorted Lego kit, bottom left is the ñRobotò 

image, and bottom right is a ñSketchingò image. 
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3) Generate a histogram to represent each image, counting the visual 

word occurrences in an image; 

4) Train the classifier; 

5) Predict the objectôs category. 

The selection of different algorithms is task-driven, which means that we set up different 

parameters for different applications [364]. For instance, in step 1, we chose the SIFT 

feature extraction algorithm over the regular dense [365] feature, SURF [366] feature and 

random sampling [367] feature extraction because it provided more accurate classification 

for eye tracker data with regard to the participantsô movement that resulted in frequent 

zoom-in and zoom-out actions.  

Additionally, we chose the visual vocabulary size to be 100 and used the linear SVM 

classifier in the GoC prototype system.   

ü  Scarf 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 of when specific 

objects are being looked at. A histogram is also output to show the occurrence of different 

object classes to indicate the task time duration (see Figure 6-3 (b)). 

ü GoC ROI annotation GUI 

An accompanying graphical user interface (GUI) was designed for the purpose of 

optimizing the bag-of-visual-word 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 trackers, which 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 sorted Lego kit, or the writing 

utensils); and 2) measuring the proportion of time spent looking at each category. 

The presented GUI is shown in Figure 6-8 (a). The main view of the GUI contains a text 

header denoting the file name of the eye-tracking 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 on the 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-

to-Object category buttons show the different object categories ( ñLegoKitò, 

ñreferencePaperò, :Robotò and ñSketchingò image in our example case), which the user 

can easily customize and modify in the source code for different applications; and 3) the 

ñDoneò button saves the annotated (evaluation) data as an Excel file. 
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(a) 

 

(b) 

 

Figure 6-8 (a) Evaluation GUI developed for GoC for annotating each frame of the 

recorded mobile eye-tracking video; the load and next button are clicked to select image 

frames; four categories are displayed on the buttons; by clicking the ñDoneò button, 

evaluation data is saved as a spreadsheet.  

(b) Screenshot of using annotation software from the eye trackerôs manufacturer (SMI 

BeGaze version 3.7). 
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ü  Accuracy validation 

There is no ground truth for the case study video annotation since no other automated 

process exists. The GoC-produced histogram distribution matched 83.4% compared with 

the human label annotation-produced histogram (commercially available SMI BeGaze 

version 3.7). This accuracy was consistent for case study 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 real-world outdoor walking experiment where participantsô 

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 route while wearing 

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 wearable eyeïtracker device for data collection is described in 

section III. 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 was changing the 

lighting intensity during mid-recording. 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 the recording in a low-lighting 

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 accuracy of GoC is 99.5%, which demonstrated that 

GoC could detect and recognize objects-of-interest in varying illumination conditions. 

ü Time and Cost Comparison 

Perhaps the most prohibitive aspect of manual ROI annotation is the time required from 

researchers to complete 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 a 30-minute tutorial on using the proprietary 

annotation software from the eye trackerôs manufacturer (SMI BeGaze version 3.7, 

Sensomotoric Instruments, Inc.; Figure 6-8 (b)). The experienced coder was a graduate 

student who had approximately five years of experience with mobile eye-tracking 

recordings 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 approximately 15 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 annotation rises as the 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 50 hour-long videos. The benefits of 

using GoC over both experienced and inexperienced human coders are compelling (see 

Figure 6-9). 



150 

 

 

 

Figure 6-9 Comparison of annotation human labor time for an hour-long video 

between manual ROI annotation (for both an experienced coder and an 

inexperienced coder) and the evaluation using the proposed GoC annotation. 

 

To sum up, the contribution of this chapter is to solve the problem that out psychology 

collaborators are facing. Hence, in order to fulfill the grant work, we presents the following:  

¶ A solution using image analytic techniques is described to facilitate the wearable eye-

tracking data analysis and gazed object classification. The novel software architecture 

(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. 

¶ A user-friendly GoC prototype is designed for automatic identification and annotation 

(labeling) of object categories within gaze-overlaid videos relevant to the research question 

under investigation. It is one of the most versatile approaches to analyze mobile eye-

tracking 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 eye-tracking equipment. 
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¶GoCôs utility in analyzing a case study spanning over 50 hours of mobile eye-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 discussed in Section III. 

GoCôs outcomes are then compared to the current standard benchmark of those achieved 

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 Karen Panetta, Qianwen Wan, 

Aleksandra Kaszowska, Holly A.Taylor, Sos Agaian. òAnnotation, Fusion and Alignment 

for Multimodal Data-of-Interest (DOI),ò IEEE Transactions on Systems, Man, and 

Cybernetics, under review. 

 

This chapter introduces the background, motivation and expansion for an ultimate 

version of GoC presented in chapter 6. The 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 wearable eye tracking device real-time recording 

functionality. Single image processing tools, machine learning algorithms and modern 

deep-learning techniques are explored and examined for a more practical and universal 

solution throughout my graduate career. 

Concurrent think-aloud protocol (CTAP) and eye-tracking protocol (E-TP) are common 

methodologies for human behavior research exploring complex cognitive processes, such 

as use of mental process, strategy planning, navigation learning ability, memory recall, and 

problem solving. The development of head-mounted eye-tracking technology with built in 

microphones provides a ground-breaking opportunity to gain insight into the cognitive 

processes through multiple data streams, verbalizations and eye-movements, 

simultaneously in unobtrusive real-world contexts.  However, identifying the object-of-

interests being looked at, while attempting to simultaneously annotate the speech, and 

analyzing the resulting data-of-interest (DOI) are often accomplished manually. 
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Diffic ulties arise when researchers are analyzing large-scale multimodal head-mounted 

eye-tracking 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 aligning 

collected multi-stream data that would allow for robust, automated processing of large 

datasets. Here, the first comprehensive head-mounted eye-tracking and concurrent think 

aloud data analytic technique is presented, which fully automates multimodal DOI 

annotation, fusion and alignment.  

The proposed system architecture consists of: 1) fixated object-of-interests recognition 

and classification using transfer-learning via E-TP; 2) voice activity detection, speech 

prosody analysis and speech-to-text via CTAP; 3) multimodal data-of-interests fusion, 

alignment and visualization. Accompanying graphic user interfaces for analysis and 

visualization are highly customizable and ready-to-use for researchers from various 

disciplines. The proposed system architecture has been successfully utilized in real-life 

case studies conducted by cognitive psychologists. Results demonstrate and validate the 

game-changing potential of the proposed system for increasing usefulness of head-

mounted eye-tracking technology. 

Detailed information will be provided later in this chapter. 

 

7.1 Introduction  

The term ñconcurrent think-aloud protocol (CTAP)ò refers to a research method where 

participants are asked to tackle a specific task and to simultaneously verbalize whatever 

crosses their mind [368]. The concurrent think-aloud protocol (CTAP) was adapted from 

cognitive psychology [369] and has been applied to gain in-depth insights when examining 
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human cognitive processing in decision-making [370, 371], reasoning [372], problem 

solving [373], learning strategy [374], translation process [375], and usability test [376, 

377]. This type of first-hand recording has demonstrated applicability to identifying human 

cognition in information processing aspects [378].    

The eye-mind hypothesis [2] postulates a strong relationship between eye movements 

and mindful cognitive processing [1] and closely links eye movements, especially fixations 

to humanôs focus of attention, visual perception, and cognitive processes [3]. Eye-

movements are utilized in human behavior research [4], multimedia learning [4], reading 

strategy [5], early children development and education [6], consumer marketing [7], 

navigation learning ability [8], human machine interaction [9], problem solving [10], 

clinical [11] and medical applications [12]. Research institutions and consumer companies 

are eager to develop eye tracking solutions to capture vast amount of comprehensive eyeï

tracking data [379, 380]. 

The technological advances of head-mounted eye trackers allow researchers to capture 

participantsô eye-movement images through near-infrared cameras, field-of-vision using 

front facing camera, and speech by audio recorder, all while participants are moving freely, 

making head-mounted eye trackers a critical tool for acquiring CTAP and E-TP data. Using 

lightweight head-mounted eye tracking technology, researchers can monitor ñwhereò and 

ñwhatò humans are looking at and record ñwhat their minds sayò; all while they are 

interacting with the real-world, communicating with other people, manipulating common 

objects, and completing specific daily tasks.  

However, analyzing and making informed inferences from the collected large-scale 

multimodal datasets remains a challenge. For instance, researchers usually go through the 
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entire eye tracking video, manually tag the area-of-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 consuming, and cost-prohibitive, especially when working with larger datasets.  

In this chapter, we present the proposed comprehensive engineer solution for researchers 

who are interested in utilizing eye tracking and concurrent think-aloud 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 of massive 

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 analysis goals of these 

projects as means of exemplifying the research processes that the proposed system can 

facilitate.  

Note that, the eye-tracking data were collected using SMI Eye-Tracking Glasses [323] 

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

 

ü 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 user sort 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 human, and a robot-human 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 kit looks 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 in observing 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.  

 

ü Human problem solving 

Design problem: Research on humanôs problem solving patterns: participants were 

asked to solve a dice game on a whiteboard.  

Participants: 20 undergraduate students from Tufts University completed the study for 

monetary compensation. 

Experimental session: In each session, participants were to compete a series of ñmake 

your own diceò diagrams on whiteboard in a laboratorial setting. Each diagram represented 

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 the diagram being 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 a three-dimensional 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. 

ü Navigation learning ability  

Design problem: Research on whether heading error and heading entropy, measures of 

environment knowledge and uncertainty in virtual environment navigation, can be applied 

during real-world navigation; inferring these metrics from real-world interaction (as 

opposed to navigating in virtual reality) provides actionable feedback to navigators, 

possibly accelerating knowledge and skill acquisition through real-world task practice.  

Participants: 30 undergraduate students from Tufts University completed the study for 

monetary compensation. 

Experimental session: First, 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 therefore accuracy, 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 from continuous video data collected using mobile eye tracking 

glasses.  
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Analytic Objective: Our cognitive psychology team was interested in observing where 

participants direct their gaze when discussing campus landmarks, and whether their 

viewing corresponds to 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 methodology and visualization systems. 

Furthermore, a comparison between the proposed method and other state-of-art approaches 

is provided to demonstrate the advantages of the proposed system architecture.     

ü Eye tracking terminologies  

Eye gaze is directed to move a particular portion of the field-of-vison (FoV) into high 

resolution in order to gain fine detailed information, suggesting a strong relationship 

between eye movements and the visual attention focus [381, 382]. In other words, 

extracting the information on where and what humans look at through tracking their eye 

movements can further help with our understanding of attention and provide insight into 

how human brains perceive information in a scene [383, 384]. Popular eye movementôs 

research terminologies are: 

1) Gaze indicates where and what a person is looking at, as well as what the 

visual focus of attention (VFOA) of the person is [385]. 

2) ROI is short for region-of-interest, which is the specific portion of the FoV 

that has high importance to the researcher [386]. 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) AOI is short for area-of-interest, which is same as ROI and used 

interchangeably through the literature. 

4) Fixation is a type of an eye movement where the pupil remains relatively 

stable over an object-of-interest, which is hypothesized to reflect overt visual 

attention and underlining cognitive processing [387]. 

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 motion [388, 389]. 

7) Scanpaths contain a series of fixations and saccades that can reflect the 

observersô viewing behavior. 

8) DOI stands for data-of-interests, which encompasses 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 comparison 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 questions, [390] differentiates 

AOI and DOI in eye-tracking research particular by stating ñAOI have been aimed 

at exploring low-level perceptual processes; while the DOI methodology can 
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support novel questions about the types of data users are interested in, and how they 

might use this data to reason and hypothesize. ò 

 

ü Head-mounted eye tracking technology and applications 

Generally speaking, all present eye tracking technology allows for tracking humanôs 

eyes focus, which provides indicators of humansô mental status, attention, awareness, and 

presence. Eye tracking technology has been deployed on devices mounted to helmets, 

electrodes that measure the activity of the eyeball, light reþected by the cornea, near-

infrared (NIR) imaging, or video cameras as an alternative method to monitor eye 

movements [391, 392].  

When people move around 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 [393] to track humanôs eye gaze in a completely free manner [394]. Eye movement 

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 

[395] and facilitate wheelchair users [187] in daily activities. [396] introduced an active 

assistance using gaze-driven human interaction architecture for stroke rehabilitation in 

real-setting 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 applications [397, 398]. The visual 

scanning patterns, pupillary response, and the clinical diagnoses of mammographic experts 

were investigated in [399]. Eye tracking system with off-line modeling and on-line control 
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is commonly used in eye-in-hand robotic systems [400-402]. Eye gaze tracking technology 

is used in driver assistance systems [403]. 

Eye tracking systems offer a great promise as an interface between humans and 

machines [404]. The eye gaze can provide insight into the userôs intentions when they look 

at objects of interest before acting upon them. Real-time eye-gaze tracking 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 

[405]. ERICA is a personal-computer workstation that operated by eye gaze developed to 

provide nonverbal, motor-disabled individuals with a means of communication [406]. 

Since eye tracking sensors become easier and cheaper to use, popularity of head-

mounted eye tracking technology has increased in various research fields [194], such as 

cognitive psychology, early child development and education, marketing and consumer 

science, human machine interaction, sports, medicine, virtual reality, and augmented 

reality. Example head-mounted eye tracking devices and fields of applications can be 

referred in the comprehensive wearable eye-tracking review Table 5-1in chapter 5.  

 

ü Eye Tracking Analysis Methodology and Visualization 

¶ ROI Annotation 

Our first contribution aligns with efforts to recognize and classify the ROI with in the 

eye tracking video stimuli. Manual annotation on areas-of-interest commercial software 

solutions [314-316] and manual/semi-manual gaze point labeling systems [313, 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 solutions for 
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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 stream and pause to 

annotate the ROI.  

Automating tedious human tasks with multi-sensor systems, computer vision techniques 

and control theory is a common objective for engineers [407, 408]. In our previous work, 

GoC, a solution using image analytic techniques can automatically recognize which ROI 

participants are attending to in gaze-overlaid eye tracking videos, classify the speciýc 

object within the ROI, and provide information 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 

trackerôs internal clock. 

 

¶ CTAP Audio Data 

The validity of concurrent think-aloud protocol (CTAP) is based on Information 

Processing Theory, that is the claim that human process information in short-term memory 

with pre-existing knowledge from long-term memory, leading to a concurrent verbal 

reports as one of the outcomes [409]. Despite the wide usage of CTAP [410, 411], the 

coding and transcription of speech remains largely manual [412]. However, the lack of 

reliable and user-friendly automatic solutions limits the possibility for utilizing CTAP in 

exploring large-sample data, hence limiting the scope of possible advancements in our 

understanding of peoplesô inner thoughts while processing information. Second, the 

proposed system architecture provides an engineering solution that transcribe the CTAP 
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data while completely removing the human labor using computer programs and cloud 

based speech-to-text API. Considering the rich functional significance of vocal signals as 

a means for conveying emotions or studying non-linguistic vocalizations, 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 in unknown terrain 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 quantification of affective states while pauses in 

speech can be used to infer userôs current cognitive workload. Although the present system 

is aimed at off-line analysis of the audio signal, it can be further developed to handle real-

time scenarios. Such a framework would be 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. 

 

¶ User feedback and data visualization methods 

Third, large-sample eye tracking data visualization methods have been an 

interdisciplinary challenge for researchers from varying backgrounds [413]. 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 maps [381], 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 circles [311]. Hence, 

scanpath visualization incorporates fixations and saccades together and reflects the totality 

of observersô viewing behavior. ROI (or AOI) based visualization techniques tagging the 

objects which the observer is looking at that are of special interest to the researchers [415]. 

An emerging discipline of visual analytics explores large-scale eye-tracking data analysis. 

Kurzhals created ROI-based 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 eSeeTrack [314]. Eye tracking DOI analysis [416] shifts 

interest from where people look to what they are looking at and thus contributes to structure 

and organize ROIs in data space. In [390], a system for gaze to object mapping that 

translates concrete data into visual representations is presented. User-authored annotations 

are visualized as an annotation graph, such as the projection-plot, the slice-plot, and the 

circular-plot [417].  

A summary of eye tracking data analysis and visualization methodology is presented in 

Table 7-1. Note that only few approaches exist that aim at an integrated analysis of multiple 

concurrent evaluation procedures. One similar work is a visual analytics approach [418] 

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 discussed in [419] and [420]. However, tagging the ROI, 

transcription the audio and timestamping both source files are done manually.  

 

To the best of our knowledge, this work for the first time fully automates eye tracking 

ROI annotation, CTAP transcription, source file timestamping and multimodal data fusion, 

alignment and visualization. We believe that the proposed system has a ground-breaking 

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, enables automatic 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 think-aloud audio data analysis and speech-to-text timestamping; 

Table 7-1 Eye tracking data visualization and analysis approaches 

Method Description Related work 

Eye movements  

Eye movement information, such as types, 

duration and ratio, is displayed in numeral 

format. 

[421] 

Heatmap 

visualization 
Focus on the distribution of gaze density. 

[381] [312] [309] 

[422] [310] [423] 

Scanpath 

visualization 

A viewing path of an observer which 

incorporates fixations and saccades. 

[311] [424] [425] 

[426] 

AOI visualization 
Annotation of the observersô ROI or AOI 

on the stimulus. 
[415] 

Latest data visual 

analytics 

approach 

Usually a combination of what, where 

people are looking at and their eye 

movement altogether to support large eye-

tracking data exploratory. 

[427] [314] [315] 

[310] [313] [418] 

[428] [416] [390] 

[429] [430]& GoC 

The proposed 

system 

Visual and Audio data-of-interest analysis, 

fusion and visualization. 

The first fully 

automatic approach 
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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 shown in Figure 7-1. 
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I. Transfer-learning based automatic eye tracking AOI annotation 

Remarkable progress has been made in computer vision by introducing convolutional 

neural networks (CNN), especially for image recognition and classification tasks [431].  

However, very few people train an entire CNN from scratch to solve practical problems 

[226] due the limited amount of large-scale well-annotated datasets with representative 

data distribution characteristics [432]. To overcome this difýculty and develop a 

widespread representation for eye tracking data classification, we proposed to employ 

transfer learning [433, 434] to transfer knowledge from labeled image data that is problem-

independent.  

Transfer learning-ñborrowing treasures from the wealthyò [435]- which applies 

knowledge learnt in one domain to other related tasks, proved to improve the performance 

on visual classiýcation tasks with insufýcient training data for deep learning in numerus 

experimental applications, such as entertainment [436], medical diagnoses[437], human 

action recognition [438], autonomous driving [439], wild animal recognition [440], and 

satellite imagery classification [441].   

Two main factors are under consideration when deploying transfer learning scheme: a 

sufficient dataset and a deep learning model. [442] provides insight to the secret to 

ImageNetôs [443] continuing success: 1.2 million images sorted in 1,000 categories. Hence, 

in our proposed system architecture, we choose to train the deep learning model using 

ImageNet. The configurations and the primary contributions of several well-known CNN 

models are listed in Table 7-2. 
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Figure 7-2 demonstrate the process of automatic ROI annotation for eye tracking data 

using transfer learning. Note that the choice of fine-tuning approach will be constrained by 

chosen models as well as the set-up of learning rate, which are highly customizable due to 

different objects of interest that researchers are intent to investigate. In our demonstrative 

case studies, we pre-trained VGG-16 using ImageNet, customized top fully connected 

layers, and fine-tuned the weights of the pre-trained network by continuing the 

backpropagation.  

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

annotation is 91.47%, 99.97% and 94.60%, respectively.  

 

 

 

 

Natural Image

Eye tracking Image

Fine-Tune & Customized 
Layers

Transfer knowledge FC

Predict 

Predict 

1000 
classes

Multiple 
classes

CNN

 
 

Figure 7-2 Flowchart of the process of automatic AOI annotation for eye tracking data 

using transfer learning. 
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Table 7-2  Comparison of well-known CNN Models 

CNN model Configuration Features 

AlexNet [241] 
5 convolutional layers and 3 fully 

connected layers 
Fundamental CNN architecture 

Clarifai [444] 
5 convolutional layers and 3 fully 

connected layers 

Insight into the intermediate 

feature layers[445] 

VGG [446] 
13/16 convolutional layers and 

three fully connected layers 
networks of increasing depth 

GoogLeNet [447] 
21 convolutional layers and 1 fully 

connected layer 

Increased the depth and width 

without raising the 

computational requirements 

Resnet [448, 449] 
33 convolutional layers and 1 fully 

connected layer 

CNN with a good compromise 

between the depth and width. 

 

II. Audio prosody analysis  

For efficiently automating the analysis of CTAP, speech processing is the fundamental 

task. The basic audio analyzing module will be able to automatically distinguish active 

conversational speech from non-speech background noise and classify them into basic 

measures of pitch, sound length, speech tone, loudness/prominence, accent, timbre, 

frequency, and duration of pauses. The spectral attributes of the speech, indicative of 

speech prosody, can be used to gain knowledge about individual speakersô characteristics 

such as current state of uncertainty and confusion, focus or frustration. The duration of the 

pauses in speech is of interest to researchers as they are considered to be indicative of 

increased mental workload or hesitation. To extract these features from the audio signal, 

Voice Activity Detection (VAD) and speech prosody analysis 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 pre-processing blocks in many of the audio/speech 

applications such as speech compression and coding [450, 451], automatic speech 
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recognition [452-454], and speech enhancement [455-457]. In the recent years, due to the 

rapid development of speech processing systems and their inclusion in smart devices, there 

has been a growing interest in machine-learning based VADs. These machine-learning 

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, such as energy-based features, Zero-Crossing Rate (ZCR) [458, 459], 

are highly affected by the presence of noise [460]. There have been many other features 

described in the literature [461-464], but seldom does a single feature 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 also estimate the duration of pause 

in both noise-free 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 audio 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 the higher-level 

information such as prosodic, 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 human-like, higher level prosodic cues such as 

linguistic stress, rhythm and intonation can be used [465]. 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 physiological characteristic such as 
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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.  

 

III.  Automatic speech-to-text timestamp 

Cloud-based automatic speech recognition systems are extensively employed in 

artificial intelligence, natural language processing [467], universal accessibility [468],  

biometric recognition [126], human computer interface applications [469], and smart home 

applications [470]. In the fast development paradigm of deep-learning algorithms, cloud-

based APIs developed by major companies such as Google, IBM, and Microsoft allow 

researchers to convert speech to text from an audio recording cheaply and at scale [125].  

For speech-gaze temporal alignment in the proposed system, a timestamp associated 

with each recognized spoken word is needed. Cloud-based Google speech-to-text 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 speech-to-text result is shown in Figure 

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: I, start_time: 0:36.8, end_time: 0:36.9 

Word: supposed, 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 

Figure 7-3 Example timestamped speech-to-text result. 

Algorithm I described the set-up, configuration and procedure utilizing cloud-based 

speech API for CTAP data analysis. Head-mounted eye trackers provide front scene video 

recording denoted byὠ; and concurrent audio recording data is denoted byὈ . 

ὈȟὈȟȣ Ὀ  are trimmed mono audio signal from Ὀ , which is required when process 

large-sample speech data because of the word and time limitation that the API can handle 

at a time. ὝȟὝȟȣ Ὕ are timestamped transcript of ὈȟὈȟȣ Ὀ . Finally, ὝȟὝȟȣ Ὕare 

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 I   

Input :  head-mounted eye tracking recording: ╥ ;         

concurrent audio recording data: ╓ ; 

Initialization :  Create new service account and cloud speech  

application credentials;   

Convert  ╓  from stereo into mono;  

Trim  ╓  into ὈȟὈȟȣ Ὀ  ; 

for  k from 1 to K do 

      Import libraries; 

      Instantiate Google Speech Client; 

      Open and read audio file Ὀ ; 

      Set up configuration: sampling rate and language; 

      Process the audio file with the Google API 

      Print complete transcript Ὕ 

end 

Combine ὝȟὝȟȣ Ὕ along with the timestamp 

Output : Ὕ;  

 

 



174 

 

IV. Eye tracking AOI 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 

transfer-learning parameters as well as evaluating the accuracy of the frame-by-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 object-of-interests category. 

 

 
 

Figure 7-4Annotation and Evaluation GUI developed for the AOI fixation 

data 
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The presented GUI is shown in Figure 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 marked as a red dot, which can be customized into any shape. A drop-

down list at the right corner lists researcher-defined labels for ROI. It is a combination of 

entry and drop-down menu: when clicking the arrow on the right side, users will see a drop-

down menu showing all the choices; and if users clicks on one, it will replace the current 

entry contents. The drop-down menu choices can be customized directly in the source code. 

The button panel below the drop-down list is divided into following the subsections: 1) 

Save and Next buttons are used to save the annotated (evaluation) data as an Excel files 

and select the next fixation frames; 2) the ñBackò button allows users to go back to the 

previous fixation fames and reselect the annotation tag. 

 

V. Multimodal DOI alignment and visualization GUI 

The ultimate goal of heterogeneous data fusion is to automatically assess the ongoing 

activities in a more comprehensive manner [471], which has become a leading research 

trend in a broad range of fields such as biometric applications [472],  surveillance system 

[473], cyber security [474], forensic recognition [243], social behavioral analysis [475], 

and cognitive science [476]. 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 using eye tracking technology combining think-aloud 

protocol. Figure 7-5 demonstrates the multimodal DOI alignment structure. 
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AOI Annotation Speech -to -Text

Fixation Eye 

Movement 
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Speech

DOI Alignment :
Object fixated at any given time

Word spoken at any given time 

User Data Collected 

over Time

 

Figure 7-5. 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 can be fused together to provide a more 

comprehensive presentation on the information that human brain perceives --- the object-

of-interest fixated by the participant and the spoken words can be aligned.  

A graphical user interface to visualize the annotated video data including gaze location, 

label of the ROI, Closed-Caption (CC) format speech-to-text data has been developed. The 

designed cross platform GUI will be able to visualize multiple data streams in a unified 

and user-friendly manner.  

The GUI is shown in Figure 7-6. 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 speech-to-text data) will be presented. Also, the researchers will 

have the capability of either playing it as a video or viewing it frame-by-frame. 

Notwithstanding these basic features, the main objective of this GUI tool is to relieve the 

user the burden of cross-referencing multiple streams of data and to 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 the statistics such as duration of eye gaze for each 

ROI label, number of occurrences of ñkey termsò, number and duration of pauses. 

 
 

Figure 7-6. Visualization GUI 

 

The visualization GUI can also produce graphs 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 observe all the details in each frame and track the 

changes frame-by-frame. As seen in Figure 7-6, 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 Closed-Caption 

(CC) format speech-to-text data. 
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Figure 7-7 Video Statistics (metadata from video and also GOC statistics like 

number of frames of each object, number and duration of pauses etc.) 

7.5 The contribution this work  

State-of-art computer vision techniques are adapted to facilitate the wearable eye-

tracking data analysis and fixated object-of-interest recognition and classification. The 
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novel software architecture aims 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. 

The proposed system architecture offers functionalities include voice activity detection 

(VAD), speech prosody analysis, and timestamped speech-to-text. The combination of 1D 

signal processing and off-the-shelf natural language processing technology automates the 

speech data processing for concurrent think-aloud protocol.  

Fusion and alignment of multiple data streams are provided in 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 of head-mounted 

eye trackers. Researchers 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 angle. 

A user-friendly GUI along with the proposed system 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 multi-modal data-of-

interests at any given point of time.   It is one of the most versatile approaches to analyzing 

mobile eye-tracking data. 

The proposed systemôs utility in analyzing three case studies of mobile eye-tracking 

data is presented. Results demonstrate and validate the great potential value of the proposed 

system for increasing ecological validity of using head-mounted eye-tracking 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 presented in Karen Panetta, Qianwen Wan, 

Aleksandra Kaszowska, et al. ñISeeColor: Head-mounted Eye-tracking Data Visual 

Analytics technique based on gaze densityò IEEE ACCESS, under review. 

 

Recent advances in head-mounted eye tracking technology have allowed researchers to 

monitor eye movements during locomotion in real-world environments, increasing the 

ecological validity of research on human gaze behavior. While collecting real-world eye 

tracking data is becoming easier and cheaper, analysis and visualization of these data 

remain effortful and time-consuming. As such, there is a significant need for developing 

efficient data visualization and analysis tools for large-scale mobile eye tracking datasets.  

In previous chapters, we demonstrated why we are devoting to the development of data 

analysis on collected raw eye-tracking 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, ISeeColor. We realized that processing and 

analyzing data based on cognitive psychology researchersô need is not the only key factor 

to develop a successful head-mounted eye tracking system; a comprehensive yet neat 

presentation of the analyzing results is crucial as 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 deep-learning based semantic segmentation. Then, 
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ISeeColor recolors fixated objects in area-of-interests (object-of-interests) by integrating 

gaze fixation information. Effectively, ISeeColor allows researchers to automatically infer 

what objects users view and for how long in dynamic contexts. The contributions are: 1) 

ISeeColor, a data visual analytics system that automatically recognizes object-of-interests 

from head-mounted eye tracking video recordings; 2) a user-friendly graphical user 

interface that presents object-of-interests annotation along with eye tracking data 

information; 3) additional functionality of ISeeColor as an information retrieval system 

that can sort and search object-of-interests based on pre-encoded 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 real-world applications include helping researchers understand 

neurotypical populations and people with learning disorders or suffering from 

schizophrenia or Alzheimerôs. 

 

8.1 Introduction 

Numerous research areas and commercial products utilize head-mounted eye tracking 

devices, such as education [12], cognitive psychology [477], usability marketing [283, 

284], geology research [254], on-road driving applications [255], sports [301], medical 

applications [427] [305], information visualization research [478] [479], and eye-control 

accessibility and assistive technology [480]. Head-mounted eye trackers are lightweight 

and unobtrusive, which enables recording of eye movements without restricting movement 

in more naturalistic experimental settings [324, 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. High-frequency infrared cameras facing each eye continuously monitor 

and record pupil position by tracking the distance between the center of the pupil and 

position of artificially illuminated corneal reflections [329, 482]. Offline analysis of these 

data yields information about discrete eye movement events such as fixation, saccades, and 

smooth pursuit.  

Ultimately, present-day eye tracking technology allows researchers to inquire eye 

movement data that can be extracted to further indicate where their participants looked, 

what they looked at, and for how long the viewing had occurred [381, 382]. Data 

visualization and analytic approaches have been developed to better understand the nature 

of eye movements [314-316]. However, visualizing and analyzing eye tracking data 

collected during real-world locomotion poses a particular analytic challenge for 

automatically obtaining information on where and what a person is looking in a specific 

scene [313, 317-319].  

 

In other words, no current eye tracking analysis system exists that can enable the 

automatic categorization of what people looked at without manual tagging the area-of-

interests (AOI) in the video; and moreover, there are no automatic visual analytic tools that 

can present all three aspects in a dynamic scene video, where, what, and how long. 

Table 8-1Research questions that eye tracking researchers are investigating 

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

Q2: what 
The semantic interpretation from the region-of-interest to object 

category within the visual field 

Q3: how long 
The duration of eye movement events falling within a specific object-

of-interest within FOV. 
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To the best of our knowledge, there are currently no solutions to automate visualization 

of massive head-mounted eye tracking data 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 questions Q1-Q3 for 

eye-tracking data visual analytics by integrating gaze direction information (where), 

enabling automatic recognition for fixated objects in area-of-interests (object-of-interests) 

using image semantic segmentation (what) and facilitating data visualization using fast-

speed image recoloring based on the fixation duration (how long). 

 

8.2 Related Work and Background  

ü Related Terminology 

Eye tracking technology allows us to infer which aspect of the visual scene a person is 

looking at ï that is, where they are deploying their gaze. Gaze deployment, the direction of 

oneôs vision, is often described in conjunction with overt visual attention. Attention can be 

defined as the internal distribution of processing resources, and eye movements are 

referenced to mark the path of attention through a scene [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 different fragments of a scene based on eye movements [384]. 

Eye movements are broadly divided into four categories below. 

Fixations: eye movements that stabilize the retina over a stationary object-of-interest.  

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.  

 

Figure 8-1(a). Attention maps for two images taken from the same video scene. In 

the left image, the area colored in red color indicates that the two people in the 

background gained the most fixation time. In the right image, the most attended to 

region is the moving car [310]. A more useful segmentation could segment out 

entire objects so that the objects would be classified as ñpeopleò or ñthe carò vs. 

the current manual heat map interpretation approach. 

 

(b). Eye movements of twenty drivers visualized as a scanpath in an autonomous 

driving test. In this image, larger circles indicate longer ýxation durations[484]. 

Car manufacturers are developing systems to support drivers and warn them of 

things that may not have been perceived fast enough based on collected gaze 

information. 
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ü Eye Tracking Data visualization and 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 are denoted as a path traveled over 

a scene. An additional consideration in visualizing eye tracking data is defining area-of-

interests (AOI), which is objects within the visual scene that are of particular interest to 

researchers for analysis. Below, we review the related literature for eye tracking data 

visualization approaches and trends for developing data visual analytics. 

 

 

 
(c). AOI based manual annotation and data visualization analysis approach for 

mobile eye tracking  [313]. 

 
(d). A scarf plot of a movie DOI data visual analytics [390]. They are scaled and 

recolored according to how much they were viewed around particular time-

points. Note that DOIs are labelled manually. 
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ü Eye-tracking data visualization   

Improving eye tracking data visualization is an interdisciplinary challenge that has 

gained prominence due to the several applications eye tracking data support among 

different fields [312].  

Eye movement metrics [421], 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 in research. 

Heatmaps, the conventional gaze point-based visualization technique [312] [309], 

reflect the distribution of gaze density over a stimulus. For example, D. S. Wooding used 

fixation maps to investigate object salience during picture viewing [422] 

The existing literature refers to heatmaps with several terms [381], such as attention 

map, deviation map, difference map, and significance map. Kurzhals and Weiskopf [310] 

generated robust motion-compensated heatmaps, see Figure 8-1 (a), using optical flow 

information between frames to adjust fixation data based on the moving object that was 

observed. Furthermore, heatmaps were used as an evaluation method of visual search 

support [423]. 

Scanpath visualization incorporates fixations and saccades in creating a ñviewing pathò 

while a person is 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 [311]. Scanpath visualization can be used for a single user or multiple users, see 

Figure 8-1 (b). Scanpath comparison [424] is calculating the dissimilarity between two 
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scanpaths, which can be used to gain insight into visual processes. Opach et al. [425] 

indicated that scanpath comparison may be ineffective in case of large variance among eye 

trajectories. Çoltekin et al. [426] combine scanpaths with possible AOI classes labels, 

thereby making them more comparable.  

AOI (area-of-interest) based visualization techniques also consider the annotation of the 

objects on the stimulus that are of special interest to the researcher. Gaze Stripes [415] is 

an image based visualization technique 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. 

 

ü Eye-tracking data visual analytics  

When conventional data visualization techniques, as those previously presented, no 

longer support analysis of massive eye tracking datasets, the emerging discipline of visual 

analytics can assist in explorative large-scale eye-tracking data analysis.  

ISeeCube [315] uses space-time cube visualization [310] (STC) for eye-tracking data 

visual analysis. Kurzhals et al. created a timeline visualization to show AOI-based 

scanpaths of different viewers based on manual annotation of AOIs. Kurzhals et al. [313] 

described a visual analytics approach to realize AOI annotation process by image-based, 

automatic clustering of eye tracking data integrated into an interactive labeling and analysis 

system, see  Figure 8-1(c).  

eSeeTrack [314] was proposed for visualizing fixation patterns from video data 

collected by eye-tracking devices. It also enables users to manually label each fixation with 

its semantic content. GazeDx [427] 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 approach [418] involving multiple concurrent evaluation procedures, such as 

thinking aloud protocols, interaction logs and eye tracking were proposed.  

Recently Prithiviraj et al.[428] introduced a novel method to visualize spatial AOIs for 

long duration eye tracking studies. It combines clustering and cluster merging changing 

over time. 

In addition, there is an increasing interest in methods for data-of-interests (DOI) eye-

tracking analysis [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 Alam  [390] established a foundation for gaze to 

object mapping or DOI analysis by translating concrete data into visual representations, 

see Figure 8-1(d). 
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8.3 The proposed system architecture for ISeeColor and Illustration 

Our proposed system architecture ISeeColor, a head-mounted eye tracking data visual 

analytics tool, is described in algorithm II below.  Commercially available mobile eye 

Table 8-2 related work on eye tracking data visualization and analysis approaches, q1: 

where, q2: what, and q3: how long. *q3 means not all related work in that section  

provides q3, iseecolor is the only eye tracking data visual analytics which automats q1, 

q2 and q3     

 

Category Method 
Related 

work  
Description 

Featur

e 

Tradition 

Statistics 

Statistical 

metrics 
[421] 

Display eye movement information in a 

numeral format, such as fixation count, 

saccade/fixation ratio, saccade amplitudes. 

Q1 Q3 

Eye tracking 

data 

visualization 

Attention 

heatmap 

[381] 

[312] 

[309] 

[422] 

[310] 

[423] 

A visualization technique that can reflect 

the distribution of gaze density. 
Q1 Q3 

Scanpath 

visualizatio

n 

[311] 

[424] 

[425] 

[426] 

A viewing path which incorporates 

fixations and saccades while a person is 

looking at a scene. 

Q1 Q3 

AOI 

visualizatio

n 

techniques 

[415] 
Annotation of the observersô regions-of-

interest on the stimulus. 
Q1 Q2 

Eye tracking 

data visual 

analytics 

Combinati

on of DOI, 

AOI and 

eye-

movements 

metrics 

[427] 

[314] 

[315] 

[310] 

[313] 

[418] 

[428] 

[416] 

[390] & 

ISeeColo

r  

When data visualization techniques alone 

no longer support large eye-tracking data 

exploratory or satisfy researchersô need 

from diverse backgrounds, eye tracking 

data visual analytics become the choice. 

Q1 Q2 

*Q3 
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trackers can provide recorded video data captured through a front scene camera, denoted 

by ╥ ; and eye-gaze fixation data obtained from the two infrared cameras that monitor 

pupil movement, denoted by ╓ . The fixation locations (x,y) in each frame can be extracted 

by the eye trackerôs analysis software, denoted as ╕ȟ╕ȟȣ ╕ . Note that, additional 

interpolation between the generated eye movement information and recorded front scene 

video is required through eye trackerôs internal clock, since the infrared camera and front 

scene camera run with different frequencies. The 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 alpha-blend parameter for the image recoloring step as shown 

in algorithm I. In addition, M is used to 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 for each frame. 

Algorithm  I I: ISeeColor software architecture 

Input :  head-mounted eye tracking video: ╥ ; 

eye movements data: ╓  

Initialization :  individual image frames ╘ȟ╘ȟȣ ╘  extracted from ╥  ; 

output recolored image frames ╘ᴂȟ╘ᴂȟȣ ╘ᴂ;  fixation data 

╕ȟ╕ȟȣ ╕  extracted from ╓ ; alpha-blend image recoloring 

parameter ‌; eye tacking metrics data storage arrays  ╜ and  

category of object-of-interests  ╒ 

for  k from 1 to K do 

end 

Perform image semantic segmentation on ╘ ; 

        Look up if ╕  belongs to any segments of  ╘ 

if  TRUE then 

    Update ╜  via calculation of the eye tracking metrics; 

    Update ╒  via automatic categorization of fixated object-of- interests; 

end 

Update  ╘ to  ╘ᴂvia solving Eq.(1); 

Output : ╘ᴂȟ╘ᴂȟȣ ╘ᴂ; M ; ╒ and data representation ISeeColor GUI  
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ü ISeeColor object-of-interest labeling system 

The proposed ISeeColor is capable of automatically detecting, categorizing and 

highlighting the object-of-interests in a dynamic scene. ISeeColor architecture uses the 

correlation of fixation co-ordinates along segments (objects) in a frame to identify the 

fixated object-of-interests. Then the fixated object in area-of-interests (object-of-interest) 

is overlaid by a transparent color mask with color intensity changing as fixation duration 

increases.  

Figure 8-2 shows a complete flow diagram for the proposed ISeeColor architecture. The 

applied algorithms in ISeeColor is detailed described below. 
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ü Applied algorithms 

I. Image Semantic segmentation using Deep Learning 

Image semantic segmentation describes the 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 hand-crafted features with a flat machine learning classifier. 

However, they are usually case sensitive due 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 community and industry. DeepLab 3 [485] is one of the latest 

semantic segmentation models offered by Google [323, 486-488]. It consists of a deep 

convolutional neural network (VGG-16 in this work). This network was trained originally 

for image classification, 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. Up-sampling via bi-linear interpolation is applied to recover the 

original image resolution. This provides the input to a fully-connected Conditional Random 

Field [489] that improves the segmentation results. In this work, the deep convolutional 

neural network model for segmentation was pre-trained using the Microsoft COCO dataset 

[490].  

Example testing results from our eye tracking data case study are depicted in Figure 8-2 

step C. 
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II. Object-of-Interest Color Transform using alpha blending 

The image semantic segmentation algorithm will generate a group of segments, 

ὛȟὛȟȣȟὛ , where n is the number of possible object-of-interests categories.  For each 

video frame, a pixel based linear operation is implemented as described in the equations 

below: 

Ὅᴂ
ɻὍ ρ ɻὍ ȠὍὼȟώᶰ Ὓ

Ὅ          Ƞ     έὸὬὩὶύὭίὩ

 (8.

1) 

Here Ὅᴂ is the color blended destination image. Ὅ is the original eye-tracking video frame. 

Ὅ  is the RGB color selected by fixation duration. π ɻ ρ , which is used to control 

the transparency of overlaid color; in this work, ɻ πȢσ. 

 

III.  ISeeColor GUI 

ISeeColor offers a user-friendly graphic user interface (GUI) where the object-of-

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 customized based on researchersô needs. 

The eye trackerôs analysis software provides the fixation location and fixation duration. 

Higher fixation durations are thought to indicate cognitive functions, such as active 

attentional deployment, while lower durations are considered to reflect visual complexity 

of a scene [383]. 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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The researcher can choose eye-tracking metrics that are relevant to the tasks and current 

research questions. As an illustrative example, this paper chooses to display the features 

listed in Table 8-3 for ISeeColor GUI. 

 

 

Figure 8-3 ISeeColor GUI interface which includes (a) the color-scale setting, (b) 

the video statistics for the loaded video file, (c) the real-video-time based histogram 

plot, and (d) the video player and corresponding control panel, and (e) automatic 

annotation of the fixated object-of-interests in each frame. 

b

e d

a
c
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Furthermore, ISeeColor generates a histogram plot that is automatically updated as the 

frames are updated (in the forward or reverse direction). Moreover, the pertinent 

information regarding the existence of a fixation in a video frame and its location is also 

displayed. 

Table 8-3 Main features in ISeeColor GUI 

Total time A metric to record the task time 

Total frames # of frames = time × frames /second 

Total fixations Provided by commercial eye tracker 

Fixati

on rate 

Object-of-interests 

 

&ÉØÁÔÉÏÎ 2ÁÔÅ    
Π ÆÉØÁÔÉÏÎÓ

4ÏÔÁÌ ÔÉÍÅ
 

(

2) 

No object-of-

interests 
 

&ÉØÁÔÉÏÎ 2ÁÔÅ 
Π ÆÉØÁÔÉÏÎÓ 

4ÏÔÁÌ ÔÉÍÅ
 

(

3) 

# of fixations for object-

of-interest 

# of fixations the viewer spent on each object-of-

interest. 

 

Thus, the proposed ISeeColor integrates gaze direction information (where), enabling 

automatic object-of-interests labeling using image semantic segmentation (what), and 

facilitates visualization of data using fast-speed 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 for real-world 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 real-world locomotion remains a laborious and time-consuming 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 real-world dynamic contexts. For example, 

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 ISeeColor to detect those objects (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 walking around in a new city. This 

information can then be related to their subsequent memory for the environment. 

Moreover, ISeeColor functionality could be applied to large-scale studies focused on 

understanding differences in viewing behavior between neurotypical populations and 

people with learning disorders or suffering from schizophrenia or Alzheimerôs. Hence, 

ISeeColor has great potential for informing our understanding of human vision in 

naturalistic settings in an intuitive and user-friendly way. 

In industry, ISeeColor can be used to inform product design to maximize profit, user 

satisfaction, and safety. For example, designers of semi-autonomous vehicles can examine 

the impact of system design choices on driversô visual attention to critical object-of-

interests during driving (other cars, signs, pedestrians, lane markings, etc.), and marketers 

can determine what products catch shoppersô eyes during store visits to optimize product 

placement on shelves [383]. In other words, ISeeColor could open up new avenues for 

work in human-machine interaction and smart devicesô user experience. 
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8.5 Questionnaire and Comparison 

 

We collected 10 eye-tracking researchersô (including researchers from engineering 

fields, cognitive psychology, and computer science) opinions to rate the visual analytics 

components from 1 (not helpful) ï 10 (very helpful). Our questionnaire also included 

questions 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 ratings of ISeeColor. The overall system was 

rated very useful; automatic object-of-interest (OOI) annotation component was rated as 

the most useful component to solve the given tasks. All eye-tracking researchers agreed 

that fixated object-of-interest recolor component and histogram plot components are 

straightforward. However, some of the components were less used by some of the experts, 

Table 8-4 how useful was ISeeColor? 0 (not helpful) ï 10 (very helpful).  Automatic 

OOI annotation rated as the most helpful 

ISeecolor components  Mean SD 

Overall 9.2 0.75 

ISeeColor 
Automatic OOI annotation 10.0 0.0 

Fixated OOI recolor 9.2 0.4 

GUI 

Color-scale setting 8.2 2.31 

Video statistics 8.3 1.96 

Histogram plot 9.0 1.26 

Fixation metrics 8.2 1.60 

Video player 8.2 1.72 

Video control panel 8.5 1.22 
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such as video statistic and color-scale settings. One expert states that the GUI can be 

modernized, such as changing the slider style.   

Overall, ISeeColor can effectively and intuitively represent what, where and how long 

users view while wearing head-mounted eye trackers in dynamic contexts. 

Figure 8-4 Comparison of annotation human labor time between manually ROI 

annotation and ISeeColor. Notice, the ISeeColor annotation time is significantly miniscule 

compared to manual annotation methods. shows how much time an inexperienced and an 

experienced coder spent when they manually annotated two case study videos (video one 

is 1 minute 47 seconds and video two is 3 minutes). The inexperienced coder was research 

assistant who received a one hour tutorial on using the proprietary annotation software 

from the eye trackerôs manufacturer (SMI BeGaze version 3.7, Sensomotoric Instruments, 

Inc.). The experienced coder was an eye tracking researcher who has approximately six 

years of experience with mobile eye tracking recordings and analysis. Meanwhile, 

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.  

 

Figure 8-4 Comparison of annotation human labor time between manually ROI 

annotation and ISeeColor. Notice, the ISeeColor annotation time is significantly 

miniscule compared to manual annotation methods. 

0 1000 2000 3000 4000

LƴŜȄǇŜǊƛŜƴŎŜŘ ŎƻŘŜǊ  !hLΧ

9ȄǇŜǊƛŜƴŎŜŘ ŎƻŘŜǊ  !hLΧ

ISeeColor annotation

Annotation Time Comparison 

Video 1 annotation time(sec)
Video 2 annotation time(sec)

Time less than 60 seconds 
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Table 8-5 below provides a brief comparison of popular eye tracking data visualization and 

analysis approaches created for researchers to investigate eye movement information. 

 

8.6 Summary 

This work proposed a novel visual analytics tool, ISeeColor, which enables large-scale 

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 semantic interpretation of AOIs in 

dynamic scene video recordings. The main contributions of ISeeColor are:  

¶ ISeeColor implements efficient and low-cost object-of-interests recoloring and 

utilizes color to represent fixation duration values. Color is a simple and intuitive indicator 

for data visualization and for highlighting certain object-of-interests based on gaze density. 

¶ ISeeColor automatically annotates object-of-interests by adapting deep-learning 

based scene semantic segmentation. This minimizes the need for time-consuming and 

error-prone manual annotation. 

Table 8-5 A Comparison of popular eye tracking data visual analytics approaches 

Related work 
Automatic 

AOI annotation 

Fixation information  presentation 

Location Duration 

[310]  V V 

[484]  V V 

[313]  V V 

[390]   V 

ISeeColor V V V 
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¶ ISeeColor can also be used as a gaze density information retrieval system, which 

can sort and search object-of-interests based on pre-encoded color information.  

¶ ISeeColor offers a user-friendly graphical user interface (GUI) where object-of-

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 researchersô needs. 

We also identiýed that the main shortcoming of ISeeColor is the object-of-interests 

recognition rate is mainly decided by the size of deep-learning training datasets. For 

identifying common objects in our case study, such as car, human and bus, the recognition 

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-

the-fly visualizations over large datasets. Doing so can accelerate the acquisition of critical 

insights into how people think and act from large-scale 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 head-mounted eye tracking data are presented.  There are many ways to 

improve the effectiveness of massive wearable eye tracking data analysis procedure. These 

methods include, but not limited to, retrieving fine details of region-of-interests (ROI) 

people are looking at, detecting boundaries between adjacent objects within a same ROI 

for better object classification results, and reduce the to-be-annotated data volume utilizing 

image quality measurements. Proposed systems were previously published in multiple 

papers in order to aid in head-mounted eye-tracking data analysis.  

 

9.1 Fixation oriented object segmentation using mobile eye tracker 

The content of this section was previously 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 2018, vol. 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 

oneôs gaze direction, which is used to understand the nature of human attention within 

psychology, cognitive science, marketing and artificial intelligence. Commercially 

available head-mounted eye trackers allow researchers to track pupil movements (saccades 

and fixations) using infrared camera and capture the field of vision by a front-facing scene 
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camera, which enables  researchers to expand their investigation to more ecologically valid 

experiments studying where and what people look at [329]. While eye tracking technology 

has enabled numerous new applications for eye movement research, analyzing the detected 

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 observers are looking 

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 task-driven multi-level fixation-oriented object segmentation 

method (MFoOS) was proposed to support large-scale mobile eye tracking research. The 

proposed method is tested using real-world case studies designed by our team of 

psychologists focused on understanding visual attention in human problem solving.  

MFoOS shows its advancement in position-invariance, illumination, noise tolerance and 

is task-driven. The extensive computer simulation demonstrates the methodôs accuracy and 

robustness for fixation-oriented object segmentation. Moreover, a deep-learning image 

semantic segmentation combining MFoOS results as label data was explored to 

demonstrate the possibility of on-line deployment of eye tracker fixation-oriented object 

segmentation.  
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9.1.2 Related Work 

Current commercially available infra-red 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 depends on the 

systemôs ability to accurately locate the eyes within a specific head box (that is, a space 

within which a participant can move without their eyes falling out of the tracking range). 

This technical limitation significantly reduces participantsô range of movement, and often 

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 experiments [491, 492]. 

Remote eye trackers are most commonly used in computer-based tasks, which limits the 

scope of possible experimental paradigms, effectively excluding any possibility of studies 

where participants move their head or body, manipulate objects, or interact with other 

people. On the other hand, head mounted mobile eye tracking technology allows to track 

peopleôs gaze without necessarily restricting their movement, opening up the doors that 

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. In [254] [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 trackers  have been used 

in on-road driving applications [255] for tracking the eye movements of a driver navigating 

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 sports [301] of two 
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skilled squash players. In addition, mental health monitoring using mobile eye tracker was 

proposed and is under investigation [305].  

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 efficient and 

accurate way to understand the recorded eye tracking data, such as manual annotation 

[314], [315], [316], gaze point labeling system [313], [317], [318], and other image 

processing and computer vision techniques [319]. 

Our psychology team has designed real-world experiments using eye tracker focusing 

on human problem solving and spatial learning ability. Figure 2 are two images of our 

participants doing an indoor human problem solving study and an outdoor spatial learning 

ability study wearing eye tracker SMI Eye Tracking Glasses [323]. 
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Figure 9-1 Participants doing an indoor human problem solving study and an outdoor 

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 view in front of the participant, and infrared cameras directed at participantsô eye 

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 determines where in the scene 

someone is looking at by training and forming a mathematical correspondence between the 

location within the scene and the vector between the pupilôs center and corneal reflections 

(artificially projected onto the cornea) before the experiment. For our mobile eye-trackers 

we use a three-point calibration method, followed by three-point validation, to ensure high 

tracking accuracy. Figure below shows eye images captured under different light 

conditions which leads to different pupil sizes; and eye images of participants looking 

around are presented as well.   
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Data Collection: The orange dot displayed in Figure 9-3 approximates where people are 

looking, and it reflects the location of the gaze point. The captured scene video is overlaid 

by the indicator, which indicates the fixation. 

The challenges of analyzing where and what the observers are fixating at are 

participantsô zoom-in and zoom-out movements and interaction with the object in the 

scene. For the purpose of figuring 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. 

 

Figure 9-2 Eye image as captured by the eye tracker; the pupil size is dependent on 

the environmental light conditions but does not influence the accuracy of tracking, 

as long as the viewer does not squint (effectively obscuring the pupil geometry). 

Six artificially projected corneal reflections remain relatively steady as viewer 

moves their eyes around (images of eye in the second row). Gaze point is therefore 

calculated as the relative vector between the pupilôs center and the position of 

corneal reflections.  
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Figure 9-3 Participants doing an indoor human problem solving study and the 

captured gaze point overlaid scene video; the orange circle is showing what 

participant is looking at. 

 

Figure 9-4 The overall system architecture for the proposed multi-level fixation-

oriented object segmentation MFoOS. 

 

9.1.3 Proposed Multi-level fixation oriented object segmentation  

The segmentation algorithm is divided into two levels; the overall system architecture 

is shown in Figure 9-4. Comprehensive description of the proposed multi-level fixation-

oriented object segmentation is provided in the following sections. 
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ü MFoOS Level 1 (Object detection) 

Input the test image and the template images: The example template images and testing 

images shown in Figure 9-5 are provided as input. The test images are obtained from the 

eye tracker. The test images may or 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 rotation and scale invariant detectors[493]: 

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 creates a representation 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, Harris-Laplace, Difference of Gaussian (DOG), Hessian-Laplace 

are some of the detectors that can be used as detectors [493],[494]. This paper utilizes 

SURF features for demonstrative purposes. The example results of SURF feature 

extraction are show in Figure 9-6. 

Match the template features with the test image features: The matching process is 

performed by applying the nearest neighbor practice for finding matches. For instance, 

consider images I and J with key points A1 and A2 respectively. These key points are 

positively matched if the distance between them is smaller than any other key point in 

image J. The key points detected and described are matched using this concept [493] . A 

demonstration of matching process is shown in Figure 9-7.  
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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 observed data that 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 the image [495].   

Identify the Region of Interest (ROI) and mask the image: From the location of the 

object, identify the region of interest and mask the image as shown in Figure 9-8. 

 

ü MFoOS Level 2 (Object segmentation) 

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 the Hue-Saturation-Value 

(HSV) color space, to separate color components irrespective of the intensity thus, 

becoming robust to illumination and exposure variations. 

Smoothen the image 

This is a pre-processing step which utilizes a low pass filter to reduce the noise within 

the masked image to produce a less pixelated image.  

Perform multi-level 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 article utilizes Otsuôs multi-level threshold 

technique to perform this step [496]. 
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Identify the region of interest (ROI) and extract the largest connected-component 

Identify the region of interest by forming a mask using the multi-thresholds obtained in 

the previous step. Connected-components are widely used in image-processing to detect 

connected regions in digital images. Therefore, all the connected-components in the ROI 

image are extracted. 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 shown in Figure 9-9. 

 

Figure 9-5  The example template images collected from an indoor cognitive 

research.  
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Figure 9-6  The example results of SURF feature extraction of template images 

and testing images. 

 

Figure 9-7 A demonstration of matching the detected featured in template images 

and testing images. 






































































































































































































































