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Abstract

Immersive technologies such as Virtual Reality (VR) and Augmented Reality (AR) are among the
fasted growing and fascinated technology today. As the name suggests, these technologies promise to
provide users with a much better experience using immersive head-mounted displays. Medicine, culture,
education, and architecture are some areas that have already taken advantage of this technology. Popular
video conferencing platforms such as Microsoft Teams, Zoom, and Google Meet is working to improve
user experience by allowing users to use their digital avatars. Nevertheless, they lack immersiveness and
realism. What if we extend these applications to virtual reality platforms so people can feel lively talking
to each other? Integrating virtual reality platforms in collaborative spaces such as virtual telepresence
systems have become quite popular after globalization since it enables multiple users to share the same
virtual environment, thus mimicking real-life face-to-face interactions.

For a better immersive experience in virtual telepresence/communication systems, it is essential to
recover the entire face, including the portion masked by the headsets (e.g., Head-Mounted Displays
abbreviated as HMDs). Several methods have been proposed in the literature that deal with this problem
in various forms, such as HMD removal and face inpainting. Despite some remarkable explorations, none
of these methods promises to provide usable results as expected in virtual reality platforms. Addressing
these challenges in the real-world deployment of AR/VR-based applications draws emerging attention.
Considering the existing limitations and usability of previous solutions, we explore various research
challenges and propose a practical approach to facial de-occlusion/HMD removal for virtual telepresence
systems.

This thesis is well-documented to motivate and introduce the audience to various research challenges
in facial de-occlusion, familiarizing them with existing solutions and their inapplicability in our problem
domain, followed by the idea and formulation of our proposed solution to tackle the problem. With this
view, the first chapter lays the outline of this thesis. In the second chapter, we propose a method for facial
de-occlusion and discuss the importance of personalized facial de-occlusion methods in enhancing the
sense of realism in virtual environments. The third chapter talks about the refinement of to previously
proposed network in improving the reconstruction of the eye region. Last but not least, the final chapter
briefly discusses the existing face datasets in face reconstruction and inpainting, followed by an overview
of the dataset we collected for this work, from acquisition to making it usable for training deep learning
models. In addition, we also attempt to extend image-based facial de-occlusion to video frames using
off-the-shelf approaches, briefly explained in Appendix A.
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Chapter 1

Introduction

1.1 Motivation

Figure 1.1: Popular video calling applications for work, home and more. Source: News Article

Human collaboration is a vital component of any successful large corporation. Until recently,

globalization has paved the way for remote communication. However, with the ongoing pandemic,

virtual interaction and telepresence have almost become inevitable to meet the social needs of the

people. It boosted the need for remote interaction and has positively impacted the work-life balance

for the working professionals away from family and home. Traditionally, video conferencing is the

most prominent solution for remote interactions, and a variety of platforms already exist for social

meetings. With millions of people across the globe in different sectors, including multimedia, education,

and healthcare, working remotely during Covid-19, there has been heavier reliance on existing video

conferencing platforms such as Microsoft Teams1, Zoom2, and WhatsApp3. Nonetheless, these platforms

1https://www.microsoft.com/en-in/microsoft-teams/group-chat-software
2https://zoom.us/
3https://www.whatsapp.com/
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are currently lacking regarding the visual representation of users, which hampers the lifelike experience.

Users are represented by 2D images that lack immersion and do not look realistic. Figure 1.1 depicts a

typical day-to-day scenario of a virtual meeting room that clearly shows the restrictive nature of these

2D-based meeting platforms. In general, multimedia applications that promise an immersive experience

to users should deliver high-quality and realistic visual and audio content. However, current video

conferencing platforms are restricted with 2D, thereby compromising the sense of realism and lacking

immersiveness.

Figure 1.2: Applications of AR/VR in futuristic Metaverse. Sources: From So�en Bouaziz's slides

This ongoing, unpredictable pandemic has emphasized that working from home will remain the norm

for millions of employees. Studies [4, 3] suggest that since 2005, there has been a sudden hike in the

number of people working remotely from home. Currently, most companies are �exible enough to provide

lifetime Work From Home (WFH) to their employees, and many have preferred to work in a hybrid mode.

However, in this mode of working remotely, the real-world experience is often compromised over virtual

presence. Thus, it is essential to feel a sense of presence in digital meetings.
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In cases where user experience is of prime importance, one of the most popular and widely preferred

solutions is theVirtual Reality. Virtual Reality (VR) has proven successful in enhancing the sense of

social presence and interaction over 2D videoconferencing systems. It aids in bridging the digital and

physical worlds by allowing you to take in information and content visually as you take in the world.

VR lets you experience what it is like to go anywhere — from the front row of a concert to a business

meeting room to distant planets in outer space. Moreover, with the Metaverse taking over the current

technologies, the need to embrace virtual reality has become paramount to improving user experience. It

has the potential and promises to become an extension of people's lives where they could opt to work, live

and play continuously in real-time, and Augmented Reality (AR) and Virtual Reality (VR) are known to

be the cornerstones of such projects. Figure 1.2 shows some future applications of AR/VR in Metaverse

projects. Thus, it is essential to build solutions that can work �awlessly in hybrid modes, irrespective

of the type of platform. So, how to get the best of both worlds? In the following section, we de�ne our

problem statement and propose a way to tackle this problem in a simple and cost-effective way.

1.2 Problem De�nation

Figure 1.3: Illustration of our idea of setting up an environment with multiple people interacting with

each other virtually.
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With suf�cient technological advancements, VR meetings may become the norm over 2D video-based

meetings due to the bene�ts they offer in terms of users feeling a heightened social presence even

post-pandemic. Furthermore, many people now prefer to work from home, especially in hybrid mode,

since it gives them the privilege to spend time at home with their family besides working remotely during

of�ce hours. We attempt to build a similar solution by combining the power of virtual reality and deep

learning to design an AR/VR telepresence system that can somewhat mimic real-life human interaction.

We can have multiple clients connected to a virtual meeting room, interacting with each other using VR

headsets. It will allow for better interactions, for example, face-to-face communication and immersive

experience. Figure 1.5 illustrates the core idea of this work in setting up a realistic virtual environment

that allows multiple users to interact simultaneously with a sense of being together in one place.

We address this problem using a popular computer vision technique called the image inpainting task.

In earlier days, image inpainting was widely used to restore old corrupted photographs and watermark

removal from images. We employ this technique in our problem statement to recover the missing region

of the face occluded due to Head Mounted Displays (HMDs), where the input image corresponds to a 2D

face image of a user wearing the VR headset, and the output image is a reconstructed full face, as shown

in Figure 1.4.

Figure 1.4: A facial de-occlusion task as an image inpainting problem.

1.3 Research Challenges

However, mimicking real-world face-to-face communication with all sorts of facial movements and

expressions in the virtual world is not easy. It is a highly ill-posed problem that draws much attention

to solving real-life problems. Several research challenges still exist in VR-based teleconferencing

applications, some of which are yet to be addressed. Some of the common challenges include occlusion

due to HMDs, low bandwidth network, low latency, expensive digital avatars, extreme headpose, poor

illumination and complex expressions. Here, we discuss some of these in brief:
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Figure 1.5: Major challenges in AR/VR based telepresence applications.

1.3.1 Occlusions by Head Mounted Displays (HMDs)

One of the biggest challenges with head-mounted displays/virtual reality headsets is the obstruction of

certain facial features that restrict the full face's visibility. Additionally, reconstructing the full human face

in the presence of occlusion is not an easy task. This is a highly ill-posed problem that is still in research

for a long time. Human faces are an integral part of understanding and comprehending human behavior.

Being subjective in nature, people have different facial structures and expressive styles. The region of

the face occluded by virtual reality headsets contains the most detail about an individual, from tiny �ne

wrinkles that indicate that you like to laugh open mouth to a larger identi�er that de�nes the shape of

your eyes. In addition to this, facial features carry a wealth of social information necessary for effective

communication. Thus, recovering missing facial regions with plausible and semantically consistent

content with authenticity (preserving identity and expressive style) is an essential yet challenging task.

1.3.2 Low Bandwidth Network

Full motion video is considered the most complex and demanding component of video-based telep-

resence systems. However, one of the biggest implications of these systems is their high-bandwidth

requirements for sharing data. Transmitting high-quality media such as images, graphics, and audio

signi�cantly requires higher bandwidth and good computing power for processing, especially videos.

The need is even more crucial if a person interacts with others during a video call or meeting. It is

desirable that the communication is smooth and continuous without any loss of quality and with low

latency. A low bandwidth transmission medium with insuf�cient resources is unsuitable for dynamic

graphics applications. This necessitates a simple yet cost-effective solution for hybrid teleconferencing

systems that meet low bandwidth requirements.

1.3.3 Expensive Avatars

The advent of avatar-based animation has also proven valuable in enhancing user experience with

realistic and highly detailed content. Big tech giants such as Meta and Microsoft have already started to
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work on incorporating animatable avatars in their products. Microsoft is building a collaborative platform

for virtual experiences called Mesh which they plan to integrate into Microsoft Teams by next year. It

will allow users to ensure their presence in meetings without turning on their webcams using their own

personalized and customizable avatars. However, these animation techniques need a large amount of

multi-view calibrated data, expensive hardware for graphics and animation, and high computing resources

for training the models. Besides, these models are restricted by licensing issues that incur extra efforts

and costs. Hence, it might not be convenient for everyone to adopt it.

1.4 Research Landscape

Image inpainting is not a new �eld of research. It has been a prevalent area of research in the

computer vision domain that has been used interchangeably with image restoration and retrieval. In

olden times, image inpainting has been widely used as a technique to recover missing regions and restore

corrupted images, primarily old photographs. The task of HMD removal from the face can be posed as

reconstructing missing regions from face images. We shed some light on existing literature in similar

areas to better understand our problem statement.

1.4.1 Generic Face Inpainting

Face inpainting (or face completion) is the task of generating plausible facial structures for missing

pixels in a face image. It also refers to the task of recovering missing facial features in a given corrupted

face image. This problem has been previously addressed in various forms such as caption/text/watermark

removal, face mask removal, etc. [48] is a landmark guided face inpainting approach that has been trained

and tested on the CelebA dataset with different types of masks. However, this method only works for

frontal faces. Similarly, [34] is a generic edge-guided inpainting method that has also been validated on

faces. Digitally removing face masks from an image is one example of image inpainting proposed in [22]

that reconstructs the region occluded by the face mask with a natural and pleasing content.

Figure 1.6: Different forms of generic face image inpainting.
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1.4.2 HMD De-occlusion/ HMD Removal

Virtual reality headsets occlude a signi�cant portion of the face that masks essential facial features such

as eyes. HMD removal/de-occlusion refers to the task of removing the HMD digitally by reconstructing

the missing region with plausible and relatable details. However, this is a highly ill-posed and complex

problem. Several methods have been proposed in the past to recover these missing facial features with the

help of a reference image. One such method has been introduced in [44, 35, 54] that utilizes an additional

reference image and eye images (if available) to de-occlude HMD devices from face images. However,

most of them are 3DMM [5] based methods.

Figure 1.7: Various approaches to HMD de-occlusion or HMD removal.

1.4.3 3D Model Vs Non-3D Model based Methods

Popular parametric face models such as 3D Morphable Face Models or 3DMMs were introduced

for general face representation and image analysis. Due to their ability to model intrinsic properties of

3D faces, such as shape and skin texture, they have been widely used in face recognition, inpainting,

computer graphics, and animations. These models have been used as a prior in HMD removal techniques

such as [54, 35]. However, they are not good enough at capturing eyes, teeth, hairs, and skin details.

They generate an overly smooth texture that lacks realism. [51] is a 3DMM [5] and GAN [15] based face

de-occlusion method that can handle face images under challenging conditions. However, this method

has not been tested on large occlusions created by HMD devices.

Figure 1.8: 3D model based face reconstruction methods.
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1.4.4 Exisiting Face Datasets

Many publicly available face datasets exist in the literature and are widely used to train and test deep-

learning models for various face-related tasks. However, depending on the task we need to perform, say

face detection or landmark localization, or image synthesis, it is important that the dataset is well-prepared

for use. It should include proper annotations with labels if required. Some popular and commonly used

face datasets for training face image inpainting models include CelebA [30], Celeba-HQ [23], LFW [19]

in images, and Vox-Celeb [33], FaceForensics [38] and Youtube faces [28] for videos. Figure 1.9 shows

sample images from popular face image datasets.

1.4.4.1 CelebA

CelebFaces Attributes Dataset (CelebA) is a large-scale face dataset that covers signi�cant pose

variations and background clutter for more than 200K celebrity images, each with 40 attribute annotations.

This dataset has varied variations with large quantities and rich annotations, including 202599 face images

of 178x218 resolution, 10177 identities, 5 landmark locations, and 40 binary attribute annotations per

image. The dataset is widely used as the training and test sets for several computer vision tasks such as

face attribute recognition, face recognition, face detection, landmark localization, and face editing and

synthesis.

1.4.4.2 Celeba-HQ

The CelebA-HQ dataset is another version of CelebA that consists of 30,000 face images at a higher

resolution of 1024×1024. It has been introduced by Karras et al. in the paper, Progressive Growing of

GANs for Improved Quality, Stability, and Variation. CelebA and CelebA-HQ are the two most widely

used datasets for generic 2D face inpainting problems.

1.4.4.3 LFW

Labeled Faces in the Wild, popularly known as the LFW database, was created and maintained by

researchers at the University of Massachusetts, Amherst. It is a database of face photographs prepared

for studying the problem of unconstrained face recognition, consisting of 13233 images of 5749 people

detected and centered by the Viola-Jones face detector and collected from the Internet. Some people

pictured having two or more distinct photos in the dataset. However, the image resolution is limited to

250x250.

1.4.4.4 Vox-Celeb

VoxCeleb is a large-scale audio-visual dataset consisting of short clips of 3-5 min of human speech

extracted from interview videos uploaded to YouTube. It contains speech for more than 7000 speakers
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spanning a wide range of different ethnicities, accents, professions, and ages. Most of the clips are

interview videos of various famous personalities.

1.4.4.5 FaceForensics

FaceForensics is a large-scale video dataset of 1004 faces containing more than 500k frames that

can be used to study forgeries. All videos are downloaded from Youtube and are trimmed down to

short continuous clips with mostly frontal faces detected by Viola-Jones face detector. The clips are

manually screened to ensure high-quality videos with no occlusions. The videos are manipulated using

state-of-the-art face editing methods. There is minimal variation in the head poses of actors.

1.4.4.6 Youtube faces

The YouTube faces is a face video dataset curated from videos uploaded from YouTube. It contains

around 3425 video clips with 1595 unique people with at least two videos per person. This dataset is

considered a standard dataset for face veri�cation in videos.

Figure 1.9: Sample images from popular datasets. From top to bottom are samples from CelebA,

Celeba-HQ and LFW dataset respectively.
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1.5 Our Contributions

In this thesis, our key contributions focus on introducing person-speci�c learning-based paradigms for

facial de-occlusion tasks. More speci�cally, we proposed a deep learning solution that uses an attention

mechanism and eye-tracking priors. Finally, we also contributed with a dataset that we intend to release

in the public domain for evaluating the proposed method in this �eld. Here we further expand on our

detailed contributions.

1. Personlized facial de-occlusion network for virtual reality applications

(a) We proposed an effective approach to facial de-occlusion/HMD removal using attention-based

encoder-decoder architecture.

(b) We also propose a mask-based loss function to enhance reconstruction in the masked region.

(c) We also showed its application in virtual hybrid telepresence systems in low-bandwidth

scenarios.

2. Enhancing facial de-occlusion using eye landmarks

(a) To enhance reconstructions in the eye region and to capture subtle eye movements such as

blinking, we used landmarks to guide the reconstruction.

(b) We also propose a landmark heatmap prediction loss to regularize the inpainted reconstruction

based on the predicted eye landmark heatmap.

(c) We also utilize the eye images captured using modern HMD devices by providing the heatmap

as an auxiliary input extracted from the eye landmarks.

3. Dataset collection and preparation

(a) We proposed a simple yet cost-friendly approach to data collection for training our facial

de-occlusion network.

(b) We collected multiple short videos for various subjects in varying appearances, facial expres-

sions, and head poses.

(c) For every frame, we overlay a synthetically generated binary mask over the eye region

generated using facial landmarks to create a corresponding occluded image.

Overall, we demonstrated the ef�cacy of our proposed facial de-occlusion framework using thorough

experiments and analysis. We justi�ed that our method yields superior results compared to other

state-of-the-art face inpainting methods.
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1.6 Thesis Organization

The rest of the thesis is organized as follows:

1. In Chapter 2, we investigate an ill-posed problem of facial de-occlusion of HMD/smart glasses in

VR settings and proposed an image inpainting based solution.

2. Following this, in Chapter 3, we present an approach to enhance reconstruction in the eye region

using the supervision of eye landmarks with modern eye-tracking HMD devices.

3. Finally, in Chapter 4, we introduce our proposed face dataset and discuss the setting up of recording

device followed by the data acquisition process pin detail.

As a supplementatry, we also present an extension to our image-based facial de-occlusion network

and introduces temporal smoothness to per-frames reconstructions, referred in Appendix A. We also

explored exploiting temporal coherence (e.g., convLSTM framework) in order to achieve temporally

consistent face de-occlusion.

Overall, we hope this thesis sheds light on various challenges prevalent when deep neural networks

are deployed in practical settings. We believe that this thesis provides some ideas and baselines which

can be taken up in the future to address these issues in a variety of settings with more success.
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Chapter 2

Attention based Facial De-occlusion Network in VR Settings

The �rst chapter discussed the problem de�nition and various research challenges in VR-based appli-

cations. This chapter proposes a working solution for facial de-occlusion in VR settings. Traditionally,

video conferencing is a widely adopted solution for remote communication, but a lack of immersiveness

comes inherently due to the 2D nature of facial representation. The integration of Virtual Reality (VR) in

a communication/telepresence system through Head Mounted Displays (HMDs) promises to provide

users with a much better immersive experience. However, HMDs cause hindrance by blocking the

facial appearance and expressions of the user. In this chapter, we propose a novel attention-enabled

encoder-decoder architecture for HMD de-occlusion to overcome these issues. We also propose to

train our person-speci�c model using short videos of the user, captured in varying appearances, and

demonstrated generalization to unseen poses and appearances of the user. We report superior qualitative

and quantitative results over state-of-the-art methods. We also present applications of this approach to

hybrid video teleconferencing using existing animation and 3D face reconstruction pipelines1

2.1 Introduction

Globalization has led to an acute need for tele-interactions for effective communication that has been

further boosted due to the current pandemic situation across the world. Traditionally, video conferencing

is a widely adopted solution for telecommunication, but it lacks realism due to the 2D nature of facial

representation. Virtual Reality (VR) based telepresence system provides a better immersive experience

for remote conversation and collaboration. Nevertheless, HMDs signi�cantly occlude the user's face,

hindering facial appearance capture, including gaze and expressions. Therefore, HMD removal in images

is vital for improving the user experience.

Traditionally, Analysis-by-Synthesis techniques for HMD de-occlusion proposed in the literature [42]

animate parametric face models such as 3DMMs [5] using features extracted from an HMD occluded

input image. However, such models often generate overly smooth geometrical details and compromise the

realism of facial appearance. On the contrary, recent facial avatar-based models [31] achieve photorealistic

1Please refer to supplementary videos available on this link for better understanding and comparison.
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Figure 2.1: Failure cases of LaFIn [48]

results for HMD de-occlusion. However, avatar modeling methods require a large amount of calibrated

multi-view data of a single user in different poses and expressions for avatar creation. [31] uses a setup

consisting of 40 machine vision cameras capable of synchronously capturing 5120� 3840 images at 30

frame per second (FPS). Thus, such avatar creation is non-trivial and challenging for a large user base

to scale up. Additionally, it is a one-time process for each user. Therefore, such parametric model or

avatar-based techniques have a signi�cant limitation: they lack the user's actual appearance during the

interaction (i.e., unable to model the everyday appearance of the user), hindering user experience.

HMD de-occlusion problem can also be posed as a face completion/inpainting problem. Existing

face completion methods in literature [44, 48] attempt to learn a single inpainting network over a large

training population, hoping for good generalization on unseen face images. However, these methods

frequently suffer from issues like loss of identity and fail to generalize with even minor variations in head

pose, as shown in Figure 2.1. Another set of methods in [35, 44] uses a reference image along with the

occluded image to �ll a masked region and preserve identity. However, as shown in Figure 2.1, their work

fails to generalize with non-frontal head-poses. [35] requires additional information (depth and mask)

and does not generate the entire face (with hairs, ears, and background), which hinders user experience.

The primary research challenge with the face completion/inpainting task comes from its ill-posed

nature as a signi�cant part of the face is occluded by HMD. Learning a single common face de-occlusion

network with the capability to hallucinate diverse expressions in varying appearances and head poses

across a large set of human faces is dif�cult to achieve. It is due to the broad space of facial geometry and

appearance as well as the highly subjective way of articulating expressions/emotions across individuals [6].

Additionally, in the context of VR teleconferencing applications, the desired solution should be scalable,

requiring minimal efforts and hardware at the user's end. An additional desired characteristic might be

regarding integration ability in a hybrid VR teleconferencing setup where users with only video capability

should also participate as in regular video conferencing.

To overcome these challenges, we propose to tackle this problem in a person-speci�c setting where we

aim to train a dedicated model for each user to learn user-speci�c appearance, head-pose, gaze, and facial

expression traits. The input to our method is a video frame with HMD occluded face, and our model
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