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Extended reality technology stands poised to revolutionize how we perceive,

learn, and engage with our environment. However, transforming data captured in

the physical world into digital content for immersive experiences continues to pose

challenges. In this dissertation, I present my research on employing machine learning

algorithms to enhance the generation and representation of immersive visual data.

Firstly, I address the issue of recovering depth information from videos captured

using 360-degree cameras. I propose a novel technique that unifies the representation

of object depth and surface normal utilizing double quaternions. Experimental results

demonstrate that training with a double-quaternion-based loss function improves

the prediction accuracy of a neural network using 360-degree video frames as input.

Secondly, I examine the problem of efficiently representing 4D light fields using

the emerging concept of neural fields. Light fields hold significant potential for

immersive visual applications; however, their widespread adoption is hindered by the

substantial cost associated with storing and transmitting such high-dimensional data.



I propose a novel approach for representing light fields. Deviating from previous

approaches, I treat the light field data as a mapping function from pixel coordinates

to color and train a neural network to accurately learn this mapping function. This

functional representation enables high-quality interpolation and super-resolution for

light fields while achieving state-of-the-art results in light field compression.

Thirdly, I present neural subspaces for light fields. I adapt the ideas of

subspace learning and tracking and identify the conceptual relationship between

neural representations of light fields and the framework of subspace learning. My

method considers a light field as an aggregate of local segments or multiple local

neural subspaces. A set of local neural networks are trained to encode each subset of

viewpoints. Since each local network specializes in a specific region, this specialization

allows for smaller networks without compromising accuracy.

Fourthly, I introduce primary ray-based implicit function to represent geometric

shapes. Traditional implicit shape representations, such as the signed distance

function, describe a shape by its relationship to each spatial point. Such a point-

based representation of shapes often necessitates the costly iterative sphere tracing

to render a surface hit point. I propose a ray-based approach to implicit neural

shape modeling, wherein the shape is implicitly described by its relationship with

each ray in the 3D space. To render the hit point, my method only requires a single

inference pass, considerably reducing the computational cost of rendering.

Lastly, I describe a technique to generate novel view rendering without relying

on any 3D structure or camera pose information. I harness the power of neural fields

to encode individual images without estimating their camera poses. My method



learns a latent code for each image in the multi-view collection, and then produces

plausible and photorealistic novel view renderings by interpolating their latent codes.

This entirely 3D-agnostic approach avoids the computational cost incurred by 3D

representations, offering a promising outlook on employing image-based neural fields

for image manipulation tasks beyond fitting and super-resolving known images.
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Chapter 1: Introduction

In this dissertation, I present a series of innovative machine learning algorithms

designed to enhance the creation and representation of immersive visual data for

extended reality applications. Firstly, I propose a method that simultaneously

addresses depth and normal information to improve depth predictions from 360-

degree videos. Secondly, I construct a streamlined technique for representing 4D

light �elds using neural �elds, also known as implicit neural representations (INR).

Thirdly, I put forward the concept of neural subspaces to optimize the quality and

e�ciency of neural light �eld representations. Fourthly, I introduce the idea of

primary ray-based implicit functions for e�ective geometric shape modeling. Lastly,

I explore a 3D-agnostic approach using image-based neural �elds to generate novel

view renderings without 3D structure or camera pose data. In this chapter, I provide

brief overview of these advances before detailing them in later chapters.

1.1 Deep Depth Estimation on 360-degree Images with a Double

Quaternion Loss

Depth information for 360� content enables 3D rendering based on the viewer's

position and allows scene editing e�ects like relighting and object insertion. Obtaining

1



Figure 1.1: Method Overview. The convolutional neural network (CNN) takes in a

360� image and for each pixel estimates its depth, normal, and uncertainty of that

depth estimate. These three estimates are used by a re�nement module to produce

the �nal depth estimate for each pixel. I train the CNN using a novel loss based on

the double quaternion representation of the depth and normal.

depth information for 360� videos has several solutions, such as adding an active depth

sensor or using stereo correspondence. However, both methods are cumbersome,

costly, and challenging for average users. Recent deep learning advances have enabled

a data-driven approach to the 360� depth problem, demonstrating that a neural

network can predict 360� depth with monocular input only. In Chapter 2, I present

a novel method to improve existing deep learning methods on monocular 360�

depth estimation, as illustrated by Figure 2.1. The proposed method uni�es the

representations of depth and normal based on the concept of double quaternions.

My method enables the conversion of predicted and ground-truth depth and

2



Figure 1.2: Surface Normal Prediction. Training with double quaternion loss enables

the network to produce better normal estimates. In the third column, I show

predictions from the baseline model which separately calculates depth and normal

loss without combining them into a double quaternion form.

Figure 1.3: Depth Re�nement Results. I compare initial depth estimates produced

by the network and the re�ned output based on surface normal. In the �rst column,

I show the input image for reference.

normals into two double quaternions, from which I derive a new loss for joint depth

and surface normal estimation. I also use the double quaternion representation

to measure the discrepancy between two CNN estimates from a stereo image pair.

Experimental results show that training with a double-quaternion-based loss function

improves prediction accuracy for neural networks with 360-degree video frames as

3



Method RMSE Log10 AbsRel � 1 � 2 � 3

UResNet [1] 2.037 0.326 16.906 0.213 0.399 0.560

RectNet [1] 1.738 0.291 16.132 0.240 0.453 0.634

FCRN [2] 0.672 0.101 7.448 0.806 0.932 0.966

PSMNet [3] 0.393 0.059 5.641 0.953 0.975 0.980

SepUNet [4] 0.495 0.042 1.779 0.9440.987 0.993

SepUNetS [4] 0.614 0.072 1.841 0.835 0.966 0.985

SepUNetDD [5] 0.392 0.036 2.120 0.960 0.987 0.992

Ours 0.389 0.031 0.413 0.954 0.984 0.990

Table 1.1: Performance Comparison on the ODS dataset [4]. Evaluation statistics for

row 1-7 are directly taken from Laiet al. [4] and Xie et al. [5]. My method produces

superior results in most metrics.

input. In Figure 1.2, I show normal estimates produced by our trained network. In

Figure 1.3, I demonstrate the bene�t of re�ning the initial depth predictions with

predicted normals. My method outperforms state-of-the-art methods in most metrics

as shown in Table 1.1.

1.2 E�cient Neural Representation for Light Fields

Light �eld content holds great potential for immersive visual applications.

However, a primary obstacle to widespread adoption is the extreme cost of storing

and transmitting such high-dimensional data. Past research has proposed numerous

4



Figure 1.4: Overview of SIGNET. I train a MLP to approximate the mapping

function from each pixel's coordinates to its color values. My input transformation

strategy based on the Gegenbauer polynomials enables the MLP to more accurately

learn the high-dimensional mapping function.

methods to compress light �elds, but these e�orts have limited success in making

light �eld content compact enough for casual streaming.

In Chapter 3, I introduce SIGNET, a novel approach for representing light

�elds with neural networks, as illustrated in Figure 1.4. Instead of treating light

�elds as pixel collections, I consider them as functions mapping pixel coordinates to

colors. I also introduce a new transformation based on Gegenbauer polynomials for

input coordinates, enabling our network to successfully represent dense light �elds.

The ability to accurately represent a huge light �eld with a compact neural

network automatically achieves compression with high �delity. As shown in Ta-

5



Table 1.2: Compression Performance Compared to Other Methods.Size denotes the

storage in megabytes(MB) for each method without further quantizations.

Static Light Fields Light Field Videos

Scene Lego Bracelet Tarot Painter Trains

Method Size PSNR Size PSNR Size PSNR Size PSNR Size PSNR

SIGNET 9.0 41.26 12.0 38.70 9.0 37.47 144 39.56 144 39.73

AMDE [6] 29.3 40.90 18.1 39.90 44.2 38.54 941 38.25 809 37.00

KSVD [7] 29.3 38.39 18.1 36.73 44.3 38.81 942 38.12 807 35.06

HOSVD [6] 29.3 37.24 18.0 33.98 44.3 34.53 942 36.91 807 35.29

5D DCT [6] 29.4 37.29 18.1 32.31 44.2 33.03 941 36.79 807 35.20

CDF 9/7 [8] 29.0 33.71 18.2 31.98 44.3 29.17 941 31.69 1116 29.80

ble 1.2, SIGNET outperforms other compression methods on multiple light �eld

scenes. Moreover, such a functional representation easily achieves interpolation and

super-resolution on light �elds. In Figure 1.5, I demonstrate the result of spatial

upsampling with SIGNET, achieved by evaluating the network on a denser set of

coordinates. SIGNET produces acceptable output without being trained for this

task. In Figure 1.6, I present SIGNET's performance on angular upsampling, or

novel view synthesis. In Figure 1.7, I present the result of temporal upsampling with

SIGNET. Although SIGNET has only been trained on content from the �rst frame

at t0 and the third frame at t0 + 1, when evaluated at the unseen intermediate time

step t0 + 1
2 , SIGNET is able to preserve the motion trajectory.

SIGNET's functional design allows random access to encoded pixels, while

6



Figure 1.5: Spatial Upsampling with SIGNET. I evaluate the trained SIGNET on

dense sampling grid points in the spatial dimensions. I show zoomed-in details in

the cropped region bounded by the yellow rectangle.

Figure 1.6: Angular Upsampling with SIGNET. At the bottom left corner of the

reconstructed view, I show the relative positions of the reconstructed view (red

square) and its four nearest views (blue squares) in the original light �eld. I compare

with results from the deep-learning-based method, LFASR [9], which is trained

speci�cally for light �eld angular upsampling.

traditional codecs like JPEG or MPEG require decoding an entire image patch

to access a single pixel. I envision that this property would be highly bene�cial

for foveated rendering, enabling substantial rendering and streaming speedups by
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Figure 1.7: Temporal Upsampling with SIGNET.t0 and t0 +1 are consecutive frames

in the original video. The blue boxes contain output from frames evaluated att0 + 1
2 ,

which is not present in the original video. The vertical lines are drawn for easier

observation of the motion trajectory.

adaptively selecting pixel portions based on the viewer's gaze location.

1.3 Neural Subspaces for Light Fields

SIGNET is a neural �eld, also known as implicit neural representation (INR),

that compactly encodes multiple viewpoints from a light �eld scene (hundreds of

megabytes) into a single neural network's weights (a few megabytes). These weights

are the only necessary information for storage and streaming. This uni�ed design of

training a single neural network to cover the entire light �eld has simplistic appeal

as a concept. However, it is not ideal in practical scenarios that emphasize e�cient

transmission and rendering. Such scenarios generally involve only rendering a subset
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Figure 1.8: Concept of Neural Subspaces for Light Fields. Given a light �eld scene,

I divide it into multiple local segments and construct a neural subspace for each

segment. The neural subspace construction is equivalent to training the network

parameters to learn accurate coordinate-to-color mappings within each segment. The

adaptive weight sharing strategy utilizes the similarity among nearby subspaces and

reduces the total number of parameters to represent the entire light �eld.

of light �eld viewpoints. Therefore, unnecessary costs are incurred to transmit and

evaluate a single neural network that contains other unrelated views.

In Chapter 4, I discuss the conceptual connection between the neural rep-

resentation of light �elds and subspace learning, a signal processing concept for

dimensionality reduction of high-dimensional data. Inspired by subspace learning, I

show that it is not necessary to treat light �elds only as one uni�ed entity - light

�elds can be regarded as a composite collection of local segments or neural subspaces.

Such a perspective is meaningful in practice since only a subset of the light �eld

might be relevant at a particular moment for streaming or rendering.

The approach introduced in Chapter 4 trains a set of local neural networks that
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Figure 1.9: Illustration of the Weight Sharing Strategy. The light �eld is partitioned

into segments, each containing 2� 2 viewpoints. I construct a neural subspace for

each segment that summarizes its pixel-to-color mapping relationship. Each subspace

shares a set of network layers while possessing its local layers that enable network

specialization on its corresponding data segment.

each encodes only a subset of viewpoints, unlike SIGNET which is one global network

representing the entire light �eld. An overview of this approach is illustrated in

Figure 1.8. As each local network specializes in a particular region, this specialization

permits smaller networks without sacri�cing accuracy. Furthermore, recognizing the

similarity among nearby subspaces, I propose a weight-sharing strategy for those

local networks to enhance overall parameter e�ciency while maintaining network

capacity within each subspace. E�ectively, this proposed strategy, illustrated in

Figure 1.9, achieves the tracking of implicit neural subspaces. As shown in Table 4.1,

experimental results indicate that the proposed framework leads to better e�ciency

and accuracy than the original SIGNET and a range of previous methods. With

this work invoking the classic idea of subspace learning, I take neural light �eld
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Scene Method PSNR(" ) SSIM(" ) EncMB(#) DecMB(#)

Lego

909 MB

AMDE 40.90 0.973 29.3 29.3

KSVD 38.39 0.960 29.3 29.3

SIGNET 41.26 0.976 9.0 9.0

Ours 41.95 0.982 22.9 2.2

Tarot

909 MB

AMDE 38.54 0.973 44.2 44.2

KSVD 38.81 0.980 44.3 44.3

SIGNET 37.47 0.975 9.0 9.0

Ours 38.21 0.975 22.9 2.2

Bracelet

568 MB

AMDE 39.90 0.980 18.1 18.1

KSVD 36.73 0.973 18.1 18.1

SIGNET 38.70 0.973 12.0 12.0

Ours 39.64 0.985 22.9 2.2

Table 1.3: We provide results on sub-aperture light �elds. Comparisons to previous

methods AMDE [6], KSVD [7], and SIGNET [10].DecMB is the memory (in MB)

required in streaming to decode any frame, andEncMB is the memory (in MB)

required to encode the entire light �eld in storage.

representation introduced by SIGNET to the next step by making this representation

more compact and streaming-friendly.
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1.4 Primary Ray-based Implicit Function

Learning accurate and e�cient 3D object representations is vital for applica-

tions in graphics, vision, and robotics. Recent advances in machine learning involve

training neural �elds of signed distance functions (SDF) as implicit shape representa-

tions. However, rendering and extracting shapes from trained SDF networks can be

computationally expensive and typically limited to watertight shapes. Moreover, the

shape quality is ultimately constrained by the converging criteria of sphere tracing

or grid resolution of the marching cubes extraction.

Figure 1.10: Comparing various implicit shape representations. Rendering from

common implicit neural shape representations, such as signed distance functions

(SDF) and occupancy functions (OF), requires either sphere tracing or rasterizing a

separately extracted mesh. My new representation, PRIF, directly maps each primary

ray to its hit point. A network encoding PRIF is more e�cient and convenient for

rendering, since it requires only one evaluation for each ray, avoids the watertight

constraint in conventional methods, and easily enables di�erentiable rendering.
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Figure 1.11: Formulation of PRIF. (a) Signed distance at a sampling position (white)

reveals the sphere (blue dots) where its nearest surface point (blue) exists, when we

really want to know the hit point (red) along a speci�c direction. Thus, multiple

samples are required. (b) To obtain the surface hit point, PRIF uses only one

sample (yellow) along the ray: the perpendicular foot between the given ray and the

coordinate system's originO. (c) PRIF takes in the ray's direction and its sampling

point, and returns the distance from that point to the actual surface hit point.

Chapter 5 presents a novel implicit geometric representation that is e�cient,

accurate, and innately compatible for downstream tasks involving reconstruction

and rendering. I break away from the conventional point-wise implicit functions

like SDF, and propose to encode 3D geometry into a ray-based implicit function

called PRIF. Speci�cally, PRIF operates on the realm of oriented raysr = ( p r ; d r ),

wherep r 2 R3 is the ray origin and d r 2 S2 is the normalized ray direction. Unlike

SDF that only outputs the distance to the nearest but undetermined surface point,

I formulate this representation such that its output directly reveals the surface hit

point of the input ray. Figure 1.10 presents the overview of PRIF.

Figure 1.11 shows the formulation of PRIF. I train an MLP to learn �( fr ; d r ) =

sr . In e�ect, the objective is equivalent to �nding a simple a�ne transformation

13



Method Armadillo Bunny Buddha Dragon Lucy

SDF 1.905j1.260 1.717j1.147 6.119j2.258 5.184j1.946 3.387j1.417

OF 4.805j1.624 1.704j1.133 17.279j3.113 19.577j3.014 3.396j1.427

PRIF 0.978j0.706 1.169 j0.835 1.443 j0.821 1.586 j0.913 0.846 j0.519

Table 1.4: Quantitative results on single shape representation. The left and right

numbers represent the mean and median Chamfer Distance (multiplied by 10� 4).

Ground Truth OF SDF Ours - Points

Figure 1.12: Comparing PRIF with SDF and OF. I test on a Tetrahedron grid that

is self-intersecting and non-watertight. I obtain the SDF and OF values based on

the ground truth geometry, and extract the mesh by Marching Cubes. While the

level-set representations fail, PRIF reliably preserves the shape.

f (x) = Ax + b, with the input x = d r , A = sr I3, and b = fr . I also avoid a major

limitation in previous sphere-tracing-based methods, which is having to sample

multiple points and perform multiple network evaluations to obtain a hit point.

Chapter 5 also presents various experiments that verify the e�cacy of PRIF for

shape representation and demonstrate the applications enabled by using PRIF as the

underlying neural shape representation. Table 1.4 and Figure 1.12 o�er a preview
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Initial Optimization Progress Target

Figure 1.13: Learning Camera Poses. TheInitial camera pose is optimized based

on the di�erence between PRIF output rendered at the current pose and the PRIF

output rendered at an unknownTarget pose. The PRIF output is depth images.

The camera pose gradually converges to the correctTarget pose.

showing that PRIF signi�cantly outperform SDF and OF in accurately preserving

the �ne details of the 3D shapes. Figure 1.13 show the successful recovery of camera

pose enabled by using PRIF as a hitpoint renderer.

In summary, Chapter 5 introduces PRIF, a new 3D shape representation based

on the relationship between a ray and its perpendicular foot with the origin. I

demonstrate that neural networks can successfully encode PRIF to achieve accurate

shape representations. This new representation avoids multi-sample sphere tracing

and obtain the hit point with a single network evaluation. Neural networks trained

to encode PRIF inherit such advantages and can represent shapes more accurately

than common neural shape representations using the same network architecture.
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Figure 1.14: Overview of VIINTER. After each image is randomly assigned a code

vector z, the codes are then jointly trained with the neural network to produce the

RGB color given coordinate (x; y). With standard training, the INR fails to decode

coherent images at new interpolated codes, but VIINTER enables smooth transition

between two known viewpoints. Contrary to common methods for view interpolation,

VIINTER does not use 3D structure, camera poses, or pixel correspondence.

1.5 View Interpolation with Implicit Neural Representations of Images

Neural �elds, also known as implicit neural representations (INR), have been

successful in representing visual signals such as images, videos, signed distance �elds,

and radiance �elds. In scenarios where only 2D images are available, two prominent

applications are 2D image �tting and 3D view synthesis. INRs achieve impressive

visual results along these two orthogonal directions. On the one hand, the quality of

�tting images is improved by incorporating traditional signal processing techniques.

On the other hand, the quality of view synthesis is improved by augmenting INRs

with well-established 3D graphics techniques.

In Chapter 6, I explore a di�erent direction and ask a new question: Given

16



Figure 1.15: E�ect of Controlling Latent Codeskzkp = 1 with Di�erent p-norm.

For each condition, we show the INR output givenzi (left), 0:5zi + 0:5zj (center),

and zj (right). \No Control" does not control the latent codes, leading to proper

reconstruction at known views (left and right) but complete failure in interpolation

(center). \ 1 -norm" scales eachz with its maximum norm, but still does not

interpolate well. \2-norm" signi�cantly improves interpolation and reconstructs

known views better, but \1-norm" is much better at interpolation (see red boxes).

multiple 2D image views of a 3D scene, can we use the INR of those 2D images alone

to do view synthesis without any 3D reconstruction, pose, or correspondence? With

randomly initialized INR weights and code vectors for individual images, I modify

the standard INR training process such that the trained INR can both faithfully

reproduce the given images and synthesize plausible novel views when interpolating

between those learned image codes. This method is called VIINTER, and its overview

is shown in Figure 1.14.

Chapter 6 includes various analysis and experiments. For example, I show that

it is important to regularize the magnitude of latent codes, as shown in Figure 1.15.

17



Figure 1.16: Unstructured Light Field Results. We interpolate learned codes of

views i and j as (1� t) � zi + t � zj . The camera movement between the two known

views includes rotation and translation. The interpolation through INR smoothly

transforms the perspective, despite having no knowledge of 3D scene structure or

camera pose. Images are zoomed in for easier evaluations.

Chapter 6 further includes evaluation results of VIINTER on di�erent types of

multi-view scenes. Example results are presented in Figure 1.16.

VIINTER takes an important step toward revealing new potential of neural

�elds or INRs. With careful modi�cations, they can perform view interpolation

without 3D structures. This work o�ers a promising outlook on employing them for

image manipulation tasks beyond simply representing known images.
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Chapter 2: Deep Depth Estimation on 360-degree Images with a

Double Quaternion Loss

2.1 Introduction

Traditional depth estimation uses binocular or multi-view stereo image in-

puts [11{ 14]. Based on explicit geometric constraints, most of these stereo methods

infer relative depth through computing stereo disparity, i.e., the distance between a

pixel's location in one image to its corresponding location in the other image. The

rise of deep learning enables direct training of convolutional neural networks (CNN)

for depth estimation by implicitly computing the matching cost between pixels in

stereo images.

However, since stereo images are not easily accessible, depth estimation on

monocular images serves as a valuable alternative. Deep CNNs for this problem have

shown promising results. A unique advantage for this approach is that monocular

CNNs can be trained on both monocular image datasets and stereo image datasets.

As virtual and augmented reality (VR and AR) become more commoditized

and panoramic cameras become ubiquitous, 360� visual content is becoming more

relevant [15{ 17]. The interactive nature of VR and AR, fosters an urgent need for
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Figure 2.1: Method Overview. The CNN takes in a 360� image and for each pixel

estimates its depth, normal, and uncertainty of that depth estimate. These three

estimates are used by a re�nement module to produce the �nal depth estimate for

each pixel. We train the CNN using a novel loss based on the double quaternion

representation of the depth and normal.

methods that estimate depth information from 2D views to instill more creative

freedom in content rendering and interaction, including reconstructing the original

3D scenes and synthesizing views from novel angles [18,19]. However, most of the

previous research on depth estimation targets traditional perspective images.

Unlike typical photographs captured on a planar sensor, 360� images have a

spherical layout. For 360� stereo images, traditional depth-estimation methods based

on binocular disparity are not directly applicable due to the spherical singularity

at the stereo epipoles. Moreover, CNNs trained on narrow-�eld-of-view images for

monocular depth estimation perform poorly on 360� monocular images because
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of the signi�cant domain shift from traditional perspective to wide-�eld-of-view

equirectangular images.

Zioulis et al. [20] and Laiet al. [4] have recently released separate datasets for

depth estimation on 360� images. While both datasets provide multi-view stereo

images, their choices of baseline distance between cameras are vastly di�erent. This

di�erence signi�es a severe drawback of training a CNN that simply takes in a

stereo image pair: networks directly trained on stereo images with a particular

baseline cannot adapt to di�erent baseline con�gurations at test time. Moreover,

such networks require a �xed baseline in training, making it di�cult to aggregate

training data from multiple datasets. Therefore, training a depth estimation CNN

with monocular input seems more favorable.

Among methods that train CNN for depth estimation, joint estimation of

depth and normal is commonly adopted as an augmentation technique. However, to

the best of our knowledge, all previous networks that jointly estimate normal and

depth consider the errors from depth and normal separately. While Qiet al. [21] and

Yang et al. [22] have proposed depth re�nement methods that explicitly link surface

normal estimates with depth estimates, their methods are based on the planar sensor

camera model for traditional narrow-�eld-of-view images and do not map well to

360� images. Moreover, their re�nement procedures modify all pixel points uniformly

in the estimated depth map and do not consider the varying quality across di�erent

regions.

In this chapter, we present a new framework for 360� depth estimation. We

start from a generic CNN that jointly estimates depth and surface normal based
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on monocular RGB images. We develop a new loss for this joint estimation task,

which combines depth and surface normals into a 4D hyperspherical space with

a double quaternion approximation. We implement depth re�nement using the

normal estimates produced by this network. In contrast with previous normal-based

re�nement methods on perspective images, our new method adaptively adjusts the

re�nement to the initial depth estimates by an uncertainty score map which is also

estimated by the CNN. This uncertainty construct allows us to identify image regions

where further re�nement could be helpful and avoid unnecessary changes to estimates

that the network expects to be accurate. Furthermore, to make full use of available

image data, we introduce a stereo loss when training the CNN on stereo-image pairs.

After producing two separate monocular estimates of depth and normal for a stereo

image pair, the CNN learns to minimize their hyperspherical angular di�erence.

By this design, the monocular network can take advantage of stereo training data

without being restricted by a particular stereo baseline distance. Experiments show

the improved performance of our proposed framework compared to previous methods

on 360� depth estimation.

In summary, our contributions include:

ˆ An adaptive depth re�nement framework for 360� images using normal estimates

and uncertainty scores.

ˆ A new way to incorporate depth and surface normal estimates for a 3D point

into a hyperspherical 4D space using a double quaternion approximation.

ˆ A stereo loss that enables the CNN to learn stereo consistency and remain
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exible across datasets with di�erent stereo baseline distances.

2.2 Related Work

We �rst present learning-based methods for monocular and stereo depth estima-

tion on 360� images, followed by previous work on using the surface normal to re�ne

depth from perspective images. We then present previous approaches that incorpo-

rate quaternion representations in estimating surface normals and approximating 3D

motions.

2.2.1 Depth Estimation on 360-degree Images

Several methods have been used to perform depth estimation [2,23{ 29] and

surface normal estimation [28, 30{ 32] on perspective images. Unfortunately, 360�

images are distorted by equirectangular projection and contain irregular disparity

pattern due to the spherical singularity at the stereo epipoles. Therefore, depth

estimation on 360� images requires special adaptations.

One approach for learning on 360� images is to project pixels onto recti�ed

cubemaps and then perform inference using pre-trained CNNs. Huanget al. [33] apply

the traditional structure-from-motion (SfM) algorithm [34] in 3D scene reconstruction

by projecting each 360� video frame onto a cubemap. Monroyet al. [35] obtain

360� saliency maps following this approach, but the distortion and discontinuity

among cubemap patches are not handled by their method. Cube padding [36,37]

was introduced to help resolve cubemap distortion problem by padding each patch

23



with features from adjacent cubemap patches.

Another approach for 360� depth estimation is to transfer models for perspective

images to 360� images. To account for the distortion from equirectangular projection,

Su and Graumann [38] modi�ed a CNN trained on perspective images by varying

the kernel shape based on its location on the sphere. Su and Graumann [39] improve

the previous method by learning a transformation function for kernels pre-trained

on perspective images without separately training new kernels for each location.

Zioulis et al. [1] directly train CNNs on 360� images using rectangular kernels of

varying resolutions along with traditional square kernels to cover di�erent distortion

levels. They also adopt dilated convolutions [40] to increase the receptive �eld and

enable the networks to gather more global information. Leeet al. [41] use a spherical

polyhedron to represent 360� images and devise special convolution and pooling

kernels for image pixels after they are projected on the polyhedron. Tatenoet al. [42]

deform the kernel sampling grid to compensate for distortions in spherical images.

For the similar task of saliency detection on 360� videos, Zhanget al. [43] also de�ne

kernels on the 360� sphere and resample the kernels on the grid points for every

location in the equirectangular projection.

Unsupervised learning through view synthesis has also been exploited to solve

depth estimation [22,44]. De La Garanderieet al. [45] use the stereo consistency of

perspective images to achieve unsupervised depth estimation on panoramic images.

Wang et al. [37] explore self-supervised depth estimation from 360� images through

cubemap projection. Ziouliset al. [20] introduced the view-synthesis approach into

the realm of omnidirectional 360� images. Aware of the distortion problem of 360�
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images, they also adaptively weight the loss contribution of each pixel based on its

coordinates on the image grid.

While most previous work on 360� depth estimation focuses on monocular input,

Lai et al. [4] present a framework for stereo depth estimation on 360� images with a

CNN which produces a depth map for a horizontally displaced pair of images. Xieet

al. [5] further extend this stereo depth estimation framework to include deformable

convolution and correlation convolution. Wanget al. [46] propose a learnable cost

volume approach for spherical stereo depth estimation which also shows promising

results.

2.2.2 Joint Estimation of Depth and Normal

Motivated by the inherent geometric relationship between depth and normal

estimates of points on the same surface, several methods include the surface normal

information into depth estimation. Wanget al. [47] deploy a dense conditional random

�eld on initial estimates of normal and depth, which produces more regularized

depth and normal outputs with better geometric consistency. Eigen and Fergus [48]

also simultaneously estimate depth, surface normal, and semantic segmentation for

perspective images.

Furthermore, the depth-normal relationship can be explicitly constructed.

Two spatially close points with similar surface normal estimates are approximately

co-planar, and thus they form a vector that is orthogonal to the surface normal.

Building upon this assumption, Qiet al. [21] introduce a module that re�nes the
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depth estimates produced by a CNN using its normal estimates. Likewise, Yanget

al. [22] formulate this depth-normal relationship as a quadratic minimization problem

for a set of linear equations constructed by the local depth and normal estimates in

a small region. However, these methods do not consider the varying quality of CNN

estimates across di�erent regions.

Lai et al. [4] also use the information of surface normal to improve depth

estimation. To the best of our knowledge, this is the �rst work that implements a

joint estimation of depth and normal on 360� images. However, their method only

includes normal as an auxiliary task of the CNN, without further exploiting the

explicit geometric relationship between depth and surface normal.

2.2.3 Use of Quaternions

Quaternions are widely used in computer graphics to represent rotation trans-

formation of 3D points. By representing surface normal as a pure quaternion,

Karakottas et al. [49] calculate the angular loss of normal predictions based on the

quaternion product of the estimated and ground-truth normal vectors.

As a natural extension to quaternions, double quaternions integrate the rota-

tion and translation components for motion interpolation [50]. Unlike traditional

3D point representation where spatial displacements are separately characterized

into translation and rotation, double quaternions provide a uni�ed framework to

approximate 3D displacements as a rotation in the 4D space. In other words, the

di�erence between two 3D spatial displacements can be described by their angular
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distance in 4D.

In this chapter, we introduce a method that directly uni�es depth and surface

normal information into a single measurement based on a double quaternion approx-

imation. With this novel construct, the predicted and the ground-truth depth and

normals can be converted into two double quaternions. We thus derive a new loss

speci�cally for joint estimation of depth and surface normals.

We also take advantage of this double quaternion representation to measure the

discrepancy between two CNN estimates from a stereo image pair. After transforming

the two separate estimates into a homogeneous coordinate system, we derive a stereo

loss based on the double quaternion angular distance between these two sets of

estimates.

2.3 Method

Our goal is to train a CNN for 360� depth estimation. To exploit the information

from surface normals, the CNN produces a normal map and an uncertainty map

for initial depth estimates, which we feed into a re�nement procedure to produce a

�nal depth map. We derive a loss function based on double quaternions to facilitate

better depth-normal joint learning. To further use datasets containing stereo pairs,

we introduce a stereo loss also based on double quaternions.
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2.3.1 CNN Architecture

We adopt the commonly used U-Net architecture with skip connections, as

shown in Figure 2.1. For an input RGB image of sizeh � w � 3, the CNN produces

three separate outputs: 1)h � w � 1 depth map, 2)h � w � 1 uncertainty map

for depth, and 3) h � w � 3 normal map. These three output maps are fed into a

re�nement step detailed in Section 2.3.2.

Figure 2.2: Network Architecture. We adopt the commonly used U-Net architecture

for end-to-end per-pixel estimation. The �rst six blocks in the encoding part are

based on the VGG-16 model [51]. The decoding part is symmetric to the encoding

part, and it outputs a depth map, an uncertainty map, and a normal map. These

three maps are combined to produce a �nal depth map using the method described

in Section 2.3

2.3.2 Depth Re�nement based on Normal

In general, image-based depth estimation aims to recover the depth value of a

3D point (x; y; z) given its projected pixel location (u; v) in an image.

The depth value for a pixel in a 360� image is de�ned as the distance of its
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corresponding 3D point from the camera.

r =
p

x2 + y2 + z2 (2.1)

Moreover, the pixel coordinates (u; v) of a 360� image with width w and height

h directly correspond to the spherical coordinates (�; � ) of its corresponding 3D

point.

� = 2�u � = �
2v � 1

2
u; v 2 [0; 1] (2.2)

The direct conversion between spherical and Cartesian coordinates in 3D is given as

follows

x = r sin� sin� y = r cos� z = r cos� sin� (2.3)

Using equations (2.2) and (2.3), we can obtain the relationship that maps 2D

grid coordinates to 3D Cartesian coordinates for 360� depth maps.

Using the normal estimates (nix ; niy ; niz ) also produced by the CNN, we can

further formulate the following equation based on the orthogonality between surface

normal vector and in-plane vector among points (x i ; yi ; zi ) and (x j ; yj ; zj ):

nix (x � x i ) + niy (y � yi ) + niz (z � zi ) = 0 (2.4)

nix x j + niy yj + niz zj

nix x i + niy yi + niz zi
= 1 (2.5)

Then, using an assumption similar to Qiet al. [21], for pixels within a small

region, we treat their corresponding 3D points as co-planar if their surface normal

estimates are also similar. Thus, we obtain an approximately co-planar neighborhood

N i for each image pixelPi using spatio-angular measures de�ned as follows:
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N i = f (x j ; yj ; zj ) j n|
j ni > �; jui � uj j < �; jvi � vj j < � g (2.6)

where (ui ; vi ) and (uj ; vj ) are the 2D grid coordinates of pixelsPi and Pj , � is the

parameter that controls the size of the spatial neighborhood, and� controls the size

of the angular neighborhood. A larger value ofn|
j ni implies a greater likelihood that

the corresponding 3D points forPi and Pj are co-planar.

For each neighborPj 2 N i , we may obtain an estimater ij for the depth of r i

of Pi by plugging in the spherical coordinates with equations (2.3) and (2.5):

r ij =
nix x j + niy yj + niz zj

nix sin� i sin� i + niy cos� i + niz cos� i sin� i
(2.7)

where � i and � i are determined by Eq(2.2). Note that the calculation in

Eq (2.7) su�ers from instability when the denominator is close to zero, producing

abnormal values. Thus, we leave out any depth estimate that violates the following

constraints:

0 < r ij < 255 max(
r ij

r i
;

r i

r ij
) < 10 (2.8)

For any r ij that violates the constraints in Eq(2.8), we set it asr i , the original

depth estimate ofPi .

2.3.3 Aggregation with Con�dence Scores

For each pixelPi , we aggregate the estimates of its depthr i from its neighbors

Pj 2 N i by using normalized weights. These weights have two components. First,

we use the uncertainty scoreqj of pixel Pj from the CNN output to compute its
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con�dence valueC (Pj ) = 1 � q2
j .

An example of the uncertainty score output maps can be seen in Figure 2.6.

Second, the neighborPj 's contribution is also weighted byW (Pi ; Pj ), the dot product

between their respective normals,ni and nj .

Speci�cally, we aggregate the depth estimates for each pixelPi with its neighbors

as:

r N
i =

P
Pj 2 N i

C (Pj ) � W (Pi ; Pj ) � r ij
P

Pj 2 N i
C (Pj ) � W (Pi ; Pj )

(2.9)

with C (Pj ) = 1 � q2
j and W (Pi ; Pj ) = n|

j ni .

Finally, the re�ned r̂ i for Pi is calculated as:

r̂ i = C (Pi ) � r i + (1 � C (Pi )) � r N
i (2.10)

In other words, for a pixel with higher uncertainty and lower con�dence, we

place a greater reliance on its neighbors to re�ne its initial depth estimate. On

the other hand, if a pixel has a low uncertainty score, the CNN believes this depth

estimate is likely accurate, and so the neighbor estimates are less informative. This

formulation allows us to adaptively re�ne the initial CNN estimates and reduce the

unnecessary modi�cations of the already robust estimates.
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Figure 2.3: Hyperspherical Rotation Approximation. This �gure illustrates that a

displacement in 2D (shown at bottom right) can be regarded as a rotation around the

center of a 3D sphere. Similarly, a double quaternion approximates a 3D displacement

as a rotation on a suitably large 4D sphere.

2.3.4 Double Quaternion Approximation of Depth and Normal in the

Loss function

2.3.4.1 Constructing Double Quaternion

Since a point's spatial coordinate (x; y; z) represents a translation from the co-

ordinate origin (0; 0; 0), a pixel's corresponding depth and surface normal orientation

can be viewed as 3D translation and rotation, respectively.

The translation component of a 2D spatial displacement can be viewed as a

rotation with respect to the origin of the 3D coordinate system. In fact, similar
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approximation can be done from 3D to 4D. McCarthy [52,53] has shown that the

homogeneous transform of 3D spatial displacements with rotation and translation

is the limiting case of a 4D rotation as the radius of the 4D sphereR approaches

in�nity. Thus, we combine the 3D depth (translation) and normal (rotation) into

one 4D measurement, which is represented by a double quaternion. Speci�cally,

a 3D translation d can be approximated by a rotation on a 4D sphere of radius

R; lim R ! 1 by an angle as lim  ! 0 sin( ) =  = d
R . The double quaternion

representing this 4D rotation is:

D = cos(
 
2

) + sin(
 
2

)
d
jdj

(2.11)

Therefore, the 3D translation can be represented by a double quaternion

(D ; D* ), and the 3D rotation is represented as (Q; Q), where

Q = (0 ; nx ; ny; nz) (2.12)

Two double quaternions, (G1, H 1) and (G2, H 2) can be composed into a new

double quaternion (G3, H 3), where

G3 = G1G2 H 3 = H 1H 2 (2.13)

Moreover, following Geet al. [50], we can compute the spatial distance between

two double quaternions (G1; H 1) and (G2; H 2) as the angle between the respective

double quaternion components:

� = cos� 1(G1 � G2) � = cos� 1(H 1 � H 2) (2.14)
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2.3.4.2 Loss Function Based on Double Quaternions

Based on Eq(2.13), we combine the double quaternions representing translation

and rotation (Eqs (2.11) and (2.12)) into a double quaternion representation for a

depth and normal estimation pair:

G = DQ H = D � Q (2.15)

We thus derive a loss function based on the angular distance between the two

double quaternions: predicted (GPred , H Pred ) and ground-truth (GGT , H GT ) as

LDQ =
q

� 2
DQ + � 2

DQ (2.16)

where� DQ and � DQ are calculated as in Eq (2.14)

2.3.5 Stereo Consistency

While training on datasets with stereo pairs, we further impose a stereo loss to

minimize the discrepancy between the estimates from the two horizontally displaced

images.

Given a known baseline distanceb between a horizontal stereo pair, a pixel in

one imageL can be mapped onto the other imageR with the following equation:

� R = � L + b�
cos(� L )

rL � sin(� L )
� R = � L + b�

sin(� L )cos(� L )
rL

(2.17)

Following the procedure presented in Section 2.3.2, we combine depth and

normal estimates from the stereo pair images into two double quaternions (GL , H L )

and (GR , H R ), from which we calculate the stereo loss:

LStereo =
q

� 2
Stereo + � 2

Stereo (2.18)
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where� Stereo and � Stereo are also calculated as in Eq (2.14).

2.3.6 Overall Loss Function

With the double-quaternion-based losses derived above, we present the overall

loss function for network training:

L total = LberHu + LDQ + LStereo (2.19)

Here, LberHu is the reverse Huber loss function for both the depth and normal

estimates compared to their respective ground truth [2]. In e�ect, this loss is

equivalent to the mean absolute error for errors below a thresholdc, and equivalent

to a weighted mean squared loss for errors larger thanc. We follow Laina et al. [2]

and setc as 20% of the maximal error among all images of the current batch. We

follow Lai et al. [4] and place extra weight for error at boundary pixels in calculating

LberHu .

2.4 Experiments

We have trained and evaluated the performance of our method on the ODS

dataset [4]. It contains 40; 000 frames of indoor scenes from the Stanford 2D-3D-

Semantics Dataset [54] with ground truth depth and surface normal. We adopt the

same training-validation data split and evaluation metrics as Laiet al. [4]. We have

also evaluated our method on the 360D dataset provided by Ziouliset al. [20].
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2.4.1 Training Details

We initialize the encoding blocks of the CNN shown in Figure 2.1 with the

commonly used VGG-16 [51] pre-trained weights. We use the Adam optimizer with

its default parameters. We follow the data augmentation procedures detailed in Laiet

al. [4] to introduce more variability in data. To be consistent with previous work,

Algorithm 1: Steps to Compute Training Loss

1 Input : Horizontally Displaced Image PairI , I
0

2 Parameters : Weights � of CNN

3 Label : Depth Map DI and Surface Normal Map SI

4 Output : Initial depth ~Dinit , re�ned depth ~DI , estimated normal~SI , total

lossL total

5 For each training iteration

6 ~Dinit ; ~SI = CNN( I ) (Section 3.1)

7 ~Dinit 0; ~SI 0 = CNN( I
0
) (Section 3.1)

8 ~DI = Re�ne( ~Dinit ; ~SI ) (Sections 3.2 - 3.3)

9 ~DI 0 = Re�ne( ~Dinit 0; ~SI 0) (Sections 3.2 - 3.3)

10 LDQ = DQLoss(~DI ; ~SI ; DI ; SI ) (Section 3.4)

11 LStereo = StereoLoss(~DI ; ~DI 0) (Section 3.5)

12 LberHu = berHuLoss(~DI ; DI ) (Section 3.6)

13 L total = LberHu + LDQ + LStereo

14 � = Update(L total ; � )
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we train our networks for 40 epochs on this dataset to enable direct comparison of

method performance. We adopt the conventional depth estimation metrics [1,2,4,55].

We denote the absolute prediction error of a pixeli as Ei = jyi � ŷi j, whereyi is

the ground truth depth and ŷi is the predicted depth. � j refers to the percentage

of pixels with max( yi
ŷi

; ŷi
yi

) < 1:25j . The other metrics used and their de�nitions are

listed below:

RMSE :

s
P N

i =1 Ei
2

N
Abs. Rel. :

P N
i =1

E i
ŷi

N

RMLSE :

s
P N

i =1 j ln yi � ln ŷi j2

N
Sq. Rel. :

P N E i
2

ŷi

N

Log10 :
P N

i =1 j log10 yi � log10 ŷi j
N

Figure 2.4: Surface Normal Prediction. Training with double quaternion loss enables

the network to produce better surface normal estimates. In the �rst column, we

show the input image for reference. In the third column, we show predictions from

the traditional baseline model in which we separately calculate depth and normal

loss without combining them into a double quaternion form. In the fourth column,

we show results from our full model.
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Figure 2.5: Depth Re�nement Results. We compare initial depth estimates produced

by the network and the re�ned output based on surface normal. In the �rst column,

we show the input image for reference.

2.4.2 Comparison with Other Methods

The network performance of a CNN trained with our method is shown in

Tables 2.1 and 2.2. Compared to other methods in Tables 2.1 and 2.2, our network

shows improved performance in almost all metrics. In Figure 2.7 we show an example

where our method better preserves the geometric detail of the scene. We believe this

is because our model is aware of the surface normals and can use it to improve depth

estimation.

2.4.3 Ablation Studies

We present the performance comparisons in Table 2.3. We observe decreased

estimation accuracy with the removal of each component of the loss function. Fig-

ures 2.4, 2.5, and 2.6 further illustrate the impact of our method. It is worth

noting that the network trained with double quaternions shows smoother normal esti-
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Method RMSE Log10 AbsRel � 1 � 2 � 3

UResNet [1] 2.037 0.326 16.906 0.213 0.399 0.560

RectNet [1] 1.738 0.291 16.132 0.240 0.453 0.634

FCRN [2] 0.672 0.101 7.448 0.806 0.932 0.966

PSMNet [3] 0.393 0.059 5.641 0.953 0.975 0.980

SepUNet [4] 0.495 0.042 1.779 0.9440.987 0.993

SepUNetS [4] 0.614 0.072 1.841 0.835 0.966 0.985

SepUNetDD [5] 0.392 0.036 2.120 0.960 0.987 0.992

Ours 0.389 0.031 0.413 0.954 0.984 0.990

Table 2.1: Performance Comparison on the ODS dataset [4]. Evaluation statistics for

row 1-7 are directly taken from Laiet al. [4] and Xieet al. [5]. Our method produces

superior results in most metrics.

mates, which could explain the increase in estimate accuracy since the normal-based

re�nement method relies on accurate normal estimates.

2.5 Limitations and Conclusion

We have shown how double-quaternion loss is useful in reducing the geometric

inconsistency and improving estimation accuracy. Our results indicate that a double

quaternion construct could have a meaningful potential for other tasks that involve

processing 360� images. We hope our work will bring a new hyperspherical perspective

to analyzing omnidirectional visual data, as a complement to the traditional Cartesian
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Method RMSE RMLSE AbsRel SqRel � 1 � 2 � 3

UResNet [1] 0.3374 0.1204 0.0835 0.04160.9319 0.9889 0.9968

RectNet [1] 0.2911 0.1017 0.0702 0.0297 0.9574 0.9933 0.9979

monoDepth [44] 7.2097 0.8200 0.4747 2.37830.2970 0.7900 0.7510

FCRN [2] 0.9410 0.3760 0.3181 0.44690.4922 0.7792 0.9150

DCRF [25] 1.1596 0.4400 0.4202 0.75970.3889 0.7044 0.8774

Ours 0.2373 0.0907 0.0859 0.0213 0.9690 0.9954 0.9988

Table 2.2: Performance Comparison the 360D dataset [20]. Evaluation statistics

for row 1-5 are directly taken from Ziouliset al. [1]. Our method surpasses other

methods in all metrics except for AbsRel.

Figure 2.6: Uncertainty Estimates. The network learns to produce meaningful

uncertainty maps by e�ectively grasping the object's geometric outline. It places

higher uncertainty near object edges, where depth predictions tend to be overly

smooth and prone to error.

(or equirectangular) perspective.

Our method achieves good performance on the testing scenes in the given

datasets. One of the assumptions our method makes is that the normals can be
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Figure 2.7: More Qualitative Comparisons. Here we show an example from a test

image from the 360D dataset [1]. Note that our result largely preserves the geometry

of the hallway railings.

Method RMSE RMLSE AbsRel SqRel � 1 � 2 � 3

Full model 0.3894 0.2572 0.4130 0.6872 0.9543 0.9836 0.9904

w/o LDQ 0.4731 0.3452 0.5830 0.90120.9257 0.9718 0.9880

w/o Re�nement 0.4114 0.3190 0.5535 0.92200.9313 0.9780 0.9903

w/o LStereo 0.3953 0.2622 0.4562 0.70680.9530 0.9801 0.9904

Table 2.3: Ablation Results. Evaluation statistics are based on prediction results on

the ODS dataset [4]. Results in rows 2-4 show the network performance when trained

without the double quaternion loss, depth re�nement step, and stereo consistency loss,

respectively. Results show that each component in our proposed method contributes

to better estimation accuracy.

estimated well and provide meaningful guidance for depth re�nement. Also, the

quality of our depth estimation on real world 360� images is dependent on their

domain similarity to the training dataset on which the model is trained. Our method

does not perform well if either of these assumptions do not hold.

Furthermore, as previously discussed, direct learning on 360� images su�ers
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from image distortion, which is not explicitly addressed by our method. In particular,

we directly deploy a 2D CNN with regular, square kernels without any modi�cation.

Thus, it would be worthwhile to incorporate methods that alleviate the distortion

problem, such as modifying convolutional kernels to account for distortion, and

directly performing convolution on spheres instead of images with equirectangular

projection.

In summary, we present a new framework for 360� depth estimation using

CNN. We use the double quaternion formulation to integrate depth and surface

normal in loss calculations. Experiments show superior results for the joint depth

and normal estimation task. We also extend the double quaternion formulation to

establish stereo consistency from the training data without restricting the network

to a �xed baseline. We demonstrate quantitative and qualitative results that con�rm

the bene�ts of our new approach.
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Chapter 3: E�cient Neural Representation for Light Fields

3.1 Introduction

Light �elds o�er an information-rich medium for static and dynamic scenes.

However, a signi�cant barrier to their widespread adoptions is a lack of su�ciently

compact representations of such high-dimensional data, making it impractical for

e�cient storage, editing, and streaming. For example, a 1080p 60-fps light �eld video

captured on a 10� 10 camera grid easily requires several gigabytes of storage space

for every second of content.

A straightforward solution to compressing light �elds is to apply existing,

widely used compression methods such as JPEG and MPEG. However, due to the

sheer amount of images captured in a light �eld, the compression rate of these single-

view-based methods are far from satisfactory [56,57]. Therefore, it is imperative to

have a compact way to represent light �elds by taking advantage of the overlapping

and repetitive visual patterns in light �elds.

Extensive research has been devoted to designing compact light �eld representa-

tions based on the patch-based compression strategy manifest in the JPEG standard.

These methods represent each image patch as a weighted sum of a small dictionary

of basis functions, and the goal is �nding new ways to construct dictionaries of basis
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Figure 3.1: Overview of SIGNET. We train a MLP to approximate the mapping

function from each pixel's coordinates to its color values. My input transformation

strategy based on the Gegenbauer polynomials enables the MLP to more accurately

learn the high-dimensional mapping function.

functions that achieve better compression results. Yet, previous e�orts have limited

success in enabling easy transmission and manipulation of light �eld content.

Recent advances in deep learning have led to impressive results in representing

data like images and volumes [58{ 60] with neural networks. A common thread

among these methods is incorporating Fourier-inspired modi�cations to the classical

neural network design called multilayer perceptron (MLP). Speci�cally, the SIREN

network [59] uses a sinusoidal activation function between the MLP layers, while

neural radiance �eld (NeRF) networks [58] designed for volumetric radiance data show

the e�ectiveness of applying cosine and sine transformations on input coordinates.
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The improvement brought by the Fourier basis used in NeRF is further analyzed and

formalized by Tanciket al. [60], who also successfully extend the neural representation

to data like 2D images and 3D shapes.

The proven capability of MLPs to express visual content with high �delity

implies that we could potentially compress a gigapixel light �eld within a few

megabytes. However, as shown in Section 3.4, the previous techniques fall short of

representing light �elds without visible artifacts.

In this chapter, we present a new framework that e�ciently and accurately

represents light �eld content using neural networks. Crucially, we introduce a

novel input transformation strategy of the multi-dimensional light �eld coordinate

based on the orthogonal Gegenbauer polynomials, which in our experiments work

very well with the sinusoidal activation functions between the MLP layers. We

call this network SIGNET (SInusoidal Gegenbauer NETwork), and we show its

superiority for light �eld neural representation over a variety of Fourier-inspired

input transformation strategies. SIGNET also achieves outstanding reconstruction

quality with a higher compression rate than state-of-the-art dictionary-based light

�eld compression methods. We further demonstrate how our MLP-based approach

easily allows for view synthesis and super-resolution on the encoded light �eld scenes.

In summary, our contributions are as follows:

ˆ We present a neural representation of light �elds which achieves high recon-

struction quality and compression rate and o�ers pixel-level random access to

the encoded light �eld.
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ˆ We introduce an input transformation strategy for coordinate-input MLPs

using Gegenbauer polynomials, which outperforms other recently proposed

techniques on light �eld data.

ˆ We show such a neural representation enables high-quality decoding at novel co-

ordinates without additional training, achieving super-resolution along spatial,

angular, and temporal dimensions on light �elds.

3.2 Related Work

Light Field Compression. Traditional compression relies on classical coding strate-

gies that typically involve analytical basis functions such as the Fourier basis

and wavelets. Prior research has augmented this analytical approach with dis-

parity [61{ 64] and geometry information [65]. Some sophisticated applications of

light �eld video [66{ 68] also integrate motion prediction and build on existing video

codec algorithms such as HEVC (H.265) [69] and VP9 [70]. More recently, Le

Pendu et al. [71] present a Fourier Disparity Layer representation for light �elds,

which allows upsampling [72] and compression [73,74] in the Fourier domain.

A di�erent approach towards light �eld compression involves learning a dictio-

nary of basis functions, which is inspired by progress in sparse coding from machine

learning, where dictionaries learned with data-driven algorithms have been shown to

outperform analytical basis functions [75{ 78]. However, the dictionaries learned with

conventional algorithms such as K-SVD [7] still contain too much redundancy and

have a high storage cost. The current state-of-the-art methods [6,79] for light �eld
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compression improve this approach by learning an ensemble of orthogonal dictionaries

with a novel pre-clustering strategy.

We present a novel approach to this task by learning a neural representation

of light �elds. While our approach is rooted in the idea of basis functions, we

fundamentally di�er from the previous methods as we use the expressive power of

neural networks with non-linear activation functions to combine the basis functions

into the desired output.

Light Field Interpolation. Most approaches rely on proxy information such as depth

or optical 
ow [12,19,80{ 83]. Recently, deep learning methods have been used to

infer depth and optical 
ow from light �elds, and render novel viewpoints [84{ 88].

These methods warp the original frames to a novel viewpoint. While the results are

impressive, they require access to the original light �eld data at run-time, incurring

additional, sometimes prohibitive, costs to the light �eld processing pipeline.

In this chapter, we show how our neural light �eld representation naturally

enables interpolation from the compressed data without explicit learning or proxy

information. Although our presented network is not speci�cally designed for light

�eld super-resolution or view synthesis, our results show its promising potential to

be adapted for such tasks.

Coordinate-input MLP. Recent research [58{ 60] has shown the potential of using

coordinate-input MLP networks to represent various data. The Fourier-inspired

transformation achieves state-of-the-art free viewpoint synthesis on static scenes [58].
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Figure 3.2: Illustration of Gegenbauer (Ultraspherical) Polynomials. We evaluate

the 2D Gegenbauer basis functions on a 2D Cartesian grid (left) and a 3D polar grid

(right). Only the �rst six orders of the basis are selected for illustration purposes.

The sine activation, introduced in SIREN [59], allows a simple MLP with raw

coordinate inputs to accurately model the coordinate-to-color mapping of data

including images and videos. However, our experimental results show that these

Fourier-inspired methods are unable to accurately model the coordinate-to-color

mapping in light �elds. We present a new transformation that allows the MLPs to

successfully represent dense light �elds, and we show its applicability for compactly

representing high-resolution light �elds.

Gegenbauer Polynomials. Previous research in applied mathematics has shown the

e�ectiveness of Gegenbauer polynomials, also known as ultraspherical polynomials, in

addressing the Gibbs phenomenon [89], which is a commonly observed artifact in MRI

reconstruction using Fourier-based approximations [90,91]. It has been shown by

Gottlieb et al. [89] that the �nite Gegenbauer expansion of such functions provides a

better convergence and usually resolves the Gibbs artifact using fewer basis functions
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