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A challenge for the virtual reality (VR) industry is facing is that VR is not
immersive enough to make people feel a genuine sense of presence: the low frame
rate leads to dizziness and the lack of human body visualization limits the human-
computer interaction. In this dissertation, I present our research on enhancing visual
and gestural fidelity in the virtual environment.

First, I present a new foveated rendering technique: Kernel Foveated Rendering
(KFR), which parameterizes foveated rendering by embedding polynomial kernel
functions in log-polar space. This GPU-driven technique uses parameterized foveation
that mimics the distribution of photoreceptors in the human retina. I present a
two-pass kernel foveated rendering pipeline that maps well onto modern GPUs. I
have carried out user studies to empirically identify the KFR parameters and have
observed a 2.8 x —3.2x speedup in rendering on 4K displays.

Second, I explore the rendering acceleration through foveation for 4D light

fields, which captures both the spatial and angular rays, thus enabling free-viewpoint



rendering and custom selection of the focal plane. I optimize the KFR algorithm
by adjusting the weight of each slice in the light field, so that it automatically
selects the optimal foveation parameters for different images according to the gaze
position. I have validated our approach on the rendering of light fields by carrying
out both quantitative experiments and user studies. Our method achieves speedups
of 3.47 x —7.28x for different levels of foveation and different rendering resolutions.

Thirdly, I present a simple yet effective technique for further reducing the cost
of foveated rendering by leveraging ocular dominance - the tendency of the human
visual system to prefer scene perception from one eye over the other. Our new
approach, eye-dominance-guided foveated rendering (EFR), renders the scene at a
lower foveation level (with higher detail) for the dominant eye than the non-dominant
eye. Compared with traditional foveated rendering, EFR can be expected to provide
superior rendering performance while preserving the same level of perceived visual
quality.

Finally, I present an approach to use an end-to-end convolutional neural network,
which consists of a concatenation of an encoder and a decoder, to reconstruct a 3D
model of a human hand from a single RGB image. Previous research work on hand
mesh reconstruction suffers from the lack of training data. To train networks with
full supervision, we fit a parametric hand model to 3D annotations, and we train the
networks with the RGB image with the fitted parametric model as the supervision.
Our approach leads to significantly improved quality compared to state-of-the-art

hand mesh reconstruction techniques.
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Chapter 1: Introduction

1.1 Overview

Rendering speed and transmission bandwidth are two critical constraints
in realizing e ective and distributed virtual reality [22]. Human vision spans a
eld of view of 135 160, but the highest-resolution foveal vision covers only
the central 15° 2°[6]. Patney et al. [8] have estimated that in modern virtual
reality head-mounted displays (HMD) only 4% of the pixels are mapped onto the
fovea. Foveated rendering [6, 13, 23] aims to improve the rendering e ciency while
maintaining visual quality by leveraging the capabilities and the limitations of the
human visual system. Equipped with an eye-tracker, a foveated rendering system
presents the foveal vision with full-resolution rendering and the peripheral vision
with low-resolution rendering. This allows one to improve the overall rendering
performance while maintaining high visual delity. Therefore, foveated rendering
techniques that allocate more computational resources for foveal pixels and fewer
resources elsewhere can dramatically speed up rendering [24] for large displays,
especially for virtual and augmented reality headsets equipped with eye trackers.

There is a large research literature that documents the fallo of accuracy in

visual periphery. Most of the previous research on foveated perception has been
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surveyed in [25]. Recent research has also addressed the issue of perception time for
depicting information in the far peripheral eld [26]. A commonly used model is
the linear acuity mode| which measures the minimum angle of resolution (MAR).
A linear model matches both anatomical data and is applicable for many low-level
vision tasks [25]. However, the model only works for the \central" vision (with
angular radius  8°), after which MAR rises more steeply [6]. In the periphery,
receptors become increasingly sparse relative to the eyes' optical system Nyquist
limit. Another model is the log acuity model It has been found that the excitation of
the cortex can be approximated by a log-polar mapping of the eye's retinal image [27].
The calculation of this model is cheap and fast, thus being used in many practical
applications such as computer vision, robotics, and other elds. Curcio [1,2] proposed
the mixed acuity model. As shown in Figure 1.1, the Ganglion cell (orange) density
tends to match the photoreceptor density in the fovea (left), but many photoreceptors
map to the same Ganglion cell away from the fovea. 'Nasal', Temp', ‘Sup' and "Inf’
indicate the four directions (nasal, temporal, superior, inferior) away from the fovea.
Most of the foveated rendering algorithms are inspired by the acuity models
mentioned above. However, it is not easy to quantify the pixel density rate by using
the models mentioned above. Previous research has addressed the issue of adjusting
visual acuity by conducting user studies with eye tracking technologies.
In this dissertation, | rst present kernel foveated rendering for rendering
3D meshes and ray-traced scenes. | parameterize the foveation of rendering by
embedding polynomial kernel functions in the classic log-polar mapping [28,29]. This

allows us to alter both the sampling density and distribution, and match them to
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Figure 1.1: Spatial distribution of various retinal components, using data from [1]
and [2]. Ganglion cell (orange) density tends to match photoreceptor density in the
fovea (left), but away from the fovea many photoreceptors map to the same Ganglion
cell. "Nasal', "Temp', "Sup' and “Inf' indicate the four directions (nasal, temporal,

superior, inferior) away from the fovea.



human perception in virtual reality HMDs.

Second, | optimize 3D-KFR by adjusting the weight of each slice in the light
elds, so that it automatically selects the optimal foveation parameters for di erent
images according to the gaze position and achieves higher speedup. In this way,
3D-KFR further accelerates the rendering process of high-resolution light elds while
preserving the perceptually accurate foveal detalil.

Third, | present a simple yet e ective technique for further reducing the cost
of foveated rendering by leveraging ocular dominance - the tendency of the human
visual system to prefer scene perception from one eye over the other. Our approach,
eye-dominance-guided foveated rendering (EFR), renders the scene with better detail
for the dominant-eye than the non-dominant-eye. Compared with traditional foveated
rendering, EFR provides superior rendering e ciency while preserving the same level
of perceived visual quality.

Finally, | present an end-to-end convolutional autoencoder to reconstruct a 3D
human hand from a single RGB image. To train networks with full supervision, we t
a parametric hand model to 3D annotations, and we train the networks with the RGB
image with the tted parametric model as the supervision. Our approach leads to
signi cantly improved quality compared to state-of-the-art hand mesh reconstruction

techniques.
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