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Neural Style Transfer for Light Fields

Dónal Egan, Master of Science in Computer Science

University of Dublin, Trinity College, 2020

Supervisors: Dr. Martin Alain and Prof. Aljosa Smolic

Style transfer involves combining the style of one image with the content of an-
other to form a new image. Unlike traditional two-dimensional images which only
capture the spatial intensity of light rays, four-dimensional light fields also cap-
ture the angular direction of the light rays. Stylizing a light field requires us to
not only render convincing style transfer for each sub-aperture image, but also to
preserve the angular structure of the light field. The näıve approach to stylizing
a light field is to simply stylize each sub-aperture image independently. Unsur-
prisingly, doing so will destroy the light field’s angular structure. We present our
new method for light field style transfer which significantly outperforms this näıve
approach. It uses our new initialisation method and angular loss function for the
image-optimisation process to preserve the angular structure of the light field. We
also present an architecture for a depth-aware approach to light field style transfer
which uses a depth loss function to preserve the angular structure of the light field
during the stylization process.
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Chapter 1

Introduction

The goal of this project was to apply style transfer to four-dimensional light �elds.

In this dissertation we present our new approach to light �eld style transfer which

signi�cantly outperforms na•�ve baseline methods.

1.1 Overview of project

Style transfer involves combining the content of one image (for example, a photo-

graph) with the style of another (for example, a painting) to form a new image.

Doing so requires us to be able to de�ne, separate and extract the content and

style of an image.Neural style transferuses the outputs from the hidden layers of

deep convolutional neural networks pre-trained for object recognition to construct

content and style representations of an image. These content and style representa-

tions are used to de�ne content and style loss functions. Using these loss functions,

a new image can be synthesised to match the content of one image and the style

of another. This is done via an image-optimisation process. The new image is
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initialised to be white noise. It is then iteratively updated using gradient descent

so as to simultaneously minimise the content loss between it and the content image

and the style loss between it and the style image. Impressive results using neural

style transfer have already been achieved, for example, in [9, 18, 21].

The goal of this project is to apply neural style transfer to light �elds. Unlike

traditional two-dimensional images which capture the spatial intensity of light rays,

light �elds are four-dimensional and also capture the angular direction of the light

rays. A light �eld can be visualised as a two-dimensional array of two-dimensional

images. Each image of the array, called asub-aperture image, captures the scene

from a di�erent view point. Applying style transfer to a light �eld not only requires

us to render aesthetically pleasing style transfer for each sub-aperture image of the

image array, but also to preserve the angular consistency of the light �eld. In other

words, the stylization should be consistent across all of the sub-aperture images.

Inconsistencies in the angular structure following the stylization process cause a


ickering e�ect when the stylized light �eld is displayed.

Unsurprisingly, na•�vely stylizing each sub-aperture image independently does

not preserve the angular structure of the light �eld. This results from the image-

optimisation process converging to di�erent local minima for each sub-aperture

image. In this project we present our new method for light �eld style transfer

which signi�cantly outperforms the na•�ve approach. Our new method preserves the

angular consistency of the light �eld through the introduction of a new initialisation

method for the image-optimisation process and a new angular loss function. The

basic idea is to propagate the style outwards from the central view point of the light

�eld while always ensuring that angular consistency with previously stylized view

points is preserved. The new initialisation method ensures that points common to
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multiple light �eld view points are initialised with the desired appearance. This

is achieved by warping previously stylized view points according to the optical


ow between them and the next view points to be stylized. The angular loss

function, also constructed using the optical 
ow between view points, penalises

inconsistencies between stylized view points.

We evaluate our new light �eld style transfer method according to three criteria.

First, we subjectively evaluate the aesthetic quality of the stylized light �elds.

Second, we use epipolar plane images to examine the angular consistency of the

stylized light �elds. Third, we use light �eld depth estimation to examine the

depth structure of the stylized light �elds. We show that for all three criteria our

method signi�cantly outperforms the na•�ve approach of stylizing each sub-aperture

image independently.

We also present an architecture for a depth-aware approach to light �eld style

transfer. This approach di�ers from the above method in that the entire light �eld

is processed in one go by a transformation network. This transformation network

is a fully-convolutional neural network. It takes a light �eld as input and outputs

the stylized light �eld. The angular structure of the light �eld is preserved during

the stylization process through the introduction of a depth loss function. This

depth loss function is used to preserve the depth structure of the original light

�eld during the stylization process. It is de�ned using a pre-trained light �eld

depth estimation network which is used estimate the depth maps of the original

and stylized light �elds. While we have not yet achieved results with this depth-

aware method to match the quality of the results from our previously described

method, the preliminary results achieved indicate the potential of our depth-aware

approach to achieve high quality light �eld style transfer.
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1.2 Structure of dissertation

The rest of this work is structured as follows: Chapter 2 provides a summary

of the background research carried out for the project. It provides a summary

of light �eld imaging and a summary of existing style transfer techniques for two-

dimensional images and for videos. Chapter 3 describes the di�erent light �eld style

transfer methods that we developed and tested, i.e. it describes our contribution

to the �eld. We also provide implementation details for our methods. Chapter 4

provides results and an evaluation of the methods described in chapter 3. Finally,

in chapter 5 we conclude the project. We provide a summary of our contribution,

discuss the limitations of our work and provide suggestions for future work in the

�eld of light �eld style transfer.
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Chapter 2

Background Research

The goal of this project is to apply style transfer to light �elds. This chapter

provides a summary of the background research carried out as part of the project.

Section 2.1 provides a summary of light �eld imaging, while section 2.2 provides

a summary of existing style transfer techniques for traditional two-dimensional

images and videos.

2.1 Light �elds

Light �eld imaging was introduced to computer graphics in the papersLight Field

Rendering by Levoy and Hanrahan [20] andThe Lumigraph by Gortler et al. [10].

Unlike traditional two-dimensional images which only capture the spatial intensity

of light rays, four-dimensional light �elds also capture the angular direction of the

light rays.

Light �elds are based on the �ve-dimensional plenoptic functionL(x; y; z; �; � )

which captures all possible light rays at every point in space (thex; y and z di-
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mensions) and in every direction (the� and � dimensions) [2]. However, by only

considering a region of space free of occluders (thefree space assumption) one of

the �ve dimensions becomes redundant. This follows from the fact that the radi-

ance of a light ray remains constant along a straight line. Hence, we are left with

a simpli�ed four-dimensional plenoptic function which we call a light �eld.

2.1.1 Light �eld representations

Two-plane parameterisation

A common way to represent the four-dimensional light �eld is using the two-

plane parameterisation. Here, a ray of lightL(s; t; u; v) is parameterised by its

intersection with two parallel planes, namely thest-plane and theuv-plane (�gure

2.1). We refer to s and t as the angular dimensionsand u and v as the spatial

dimensions.

Figure 2.1: Two-plane light �eld parameterisation. The ray of light L(s; t; u; v)
�rst intersects the uv-plane and then thest-plane. The distance between the two
planes isf .
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Using this parameterisation, we can consider thest-plane as a set of cam-

eras with their focal plane on theuv-plane. It follows that we can visualise the

four-dimensional light �eld as a two-dimensional array of two-dimensional images.

There are two possibilities for this: anst-array of uv-images or auv-array of

st-images (�gure 2.2).

(a) (b)

Figure 2.2: (a) An st-array of uv-images: Eachsub-aperture imagecaptures the
scene from a di�erent view point. (b) A uv-array of st-images: Each sub-image
of the array shows a point (u� ; v� ) as seen from the di�erent view points (green,
yellow and blue boxes are examples).

When viewing the light �eld as an st-array of uv-images (�gure 2.2a), each

two-dimensional image of the array captures the scene from a di�erent view point.

Each image is called asub-aperture imageand is obtained by �xing the angular

coordinatess and t for some valuess� and t � . The resolution of the st-plane,

called the angular resolution, determines the number of sub-aperture images in

the captured light �eld, while the resolution of the uv-plane, called thespatial

resolution, determines the quality of each sub-aperture image. In general, the

angular resolution of the light �eld will be signi�cantly lower than the spatial

resolution. For example, the light �eld shown in �gure 2.2 has an angular resolution

of 9 � 9 and a spatial resolution of 1024� 1024.

Alternatively, we can view the light �eld as a uv-array of st-images (�gure
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2.2b). Here, a sub-image in the array is obtained by �xing the spatial coordinates

u and v for some valuesu� and v� . The sub-image then shows the point (u� ; v� )

as seen from the di�erent light �eld view points.

We adopt the two-plane parameterisation and visualise a light �eld as anst-

array of uv-images (�gure 2.2a) for the rest of this project.

Epipolar plane images

Another useful way to visualise light �elds is usingepipolar plane images(EPIs).

An epipolar plane image is a two-dimensional slice of a light �eld obtained by �xing

one angular dimension and one spatial dimension. The horizontal EPIE t � v� (s; u)

is obtained by �xing the angular dimensiont and the spatial dimensionv for some

valuest � and v� , respectively. The vertical EPIEs� u � (t; v) is obtained in a similar

fashion.

An epipolar plane image appears as a series of lines of varying slopes. This

is illustrated in �gure 2.3. The slopes of the lines re
ect the depth of the scene

captured by the light �eld. This follows from the result that depth is inversely

proportional to disparity. For example, consider the horizontal EPIE t � v� (s; u) and

a point in the captured light �eld with depth Z . As the angular coordinates is

varied, the spatial coordinateu varies according to the equation

� u =
f
Z

� s (2.1)

wheref is the distance between thest and uv planes.
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Figure 2.3: Two examples of epipolar plane images (EPIs). The horizontal EPI
E t � v� (s; u) is obtained by �xing t and v, while the vertical EPI Es� u � (t; v) is ob-
tained by �xed s and u

Epipolar plane images are a useful tool for visualising the angular structure of

a light �eld. Later on, we will them to visualize the angular structure of stylized

light �elds and to evaluate how well di�erent style transfer methods preserve the

angular consistency of the original light �eld.

2.1.2 Light �eld depth estimation

Depth estimation is an important light �eld application. A light �eld image implic-

itly captures information about the depth structure of the scene. By rearranging

equation 2.1, the depthZ can be obtained by estimating the disparity �u.

Traditional stereo-matching methods can be used to estimate the disparity �u
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from two light �eld sub-aperture images. However, such methods do not take full

advantage of the light �eld structure. Multi-view stereo matching approaches use

all of the sub-aperture images to estimate disparity (for example, see [16]).

Other light �eld depth estimation techniques use epipolar plane images. For

example, in [27] the authors estimate depth by estimating the slopes of the lines

in the epipolar plane images.

Deep learning approaches have also been proposed for light �eld depth estima-

tion [11, 12, 24]. Later on we will use EPINET [24]. It is a fully-convolutional

neural network that uses the light �eld epipolar geometry for depth estimation.

The network architecture consists of two parts - a multi-stream input network and

a merging network (�gure 2.4). The multi-stream network independently processes

four stacks of sub-aperture images with di�erent angular directions, encoding the

epipolar geometry of each. The merging network processes the combined outputs

from the four streams to produce the estimated depth map.

Figure 2.4: EPINET is a fully-convolutional newural network used for light �eld
depth estimation. Figure taken from [24].
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2.1.3 Light �eld datasets

For this project we use light �elds from two di�erent sources, namely the HCI

4D Light Field Dataset [13] and the (New) Stanford Light Field Archive [1]. The

HCI 4D Light Field Dataset is a synthetic dataset containing twenty-four synthetic

light �elds along with their ground truth depth maps. The (New) Stanford Light

Field Archive contains real light �elds captured using using either a camera array

or a gantry.
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2.2 Style transfer

Originally developed for traditional two-dimensional images, style transfer involves

combining the content of one image (for example, a photograph) with the style of

another (for example, a painting) to form a new image (�gure 2.5). If the content

and the style of an image are represented by the functionsc() and s(), respectively,

then the problem of style transfer is as follows:

Given a content imagep and a style imagea, construct a new imagex such that

c(x) = c(p) and s(x) = s(a).

Figure 2.5: Style transfer - the new imagex has the content ofp and the style of
a.

To achieve this we need to be able to de�ne, separate and extract the content and

style of an image. De�ning the style of an image is an arbitrary task. Moreover,

it is arguable whether or not the content and style of an image are separable at

all. It follows that style transfer is not a well-de�ned problem with a single correct

solution. This makes evaluating style transfer a di�cult task.
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Style transfer methods divide into two categories - those which do not use deep

learning and those which do use deep learning. Methods in the latter category

are collectively referred to asneural style transfer. Neural style transfer uses

convolutional neural networks pre-trained for object recognition to extract the

content and style of an input image. While non-deep learning approaches can

produce impressive results (see [7, 15], for example), the focus of this project is

on neural style transfer. The following sections summarise some of the major

breakthroughs in neural style transfer.

2.2.1 Image-optimisation approach

Neural style transfer was introduced by Gatys et al. in their paperImage Style

Transfer Using Convolutional Neural Networks[9]. They showed that the outputs

from the hidden layers of a convolutional neural network pre-trained for object

recognition could be used to construct content and style representations of an

input image.

Figure 2.6: At each layer of the CNN, an input imagex is encoded as a set of
feature maps. These feature maps can be used to construct content and style
representations of the image.
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As an input image passes through the network, it is encoded at each layer as

a set of feature maps (�gure 2.6). If layerl of the network hasN l �lters, then an

input image x will be encoded at layerl as a set ofN l distinct feature maps, each

of sizeM l , say. Thus, the feature response of the network at layerl to an input

imagex can be represented by a matrixF l 2 RN l � M l whereF l
i;j is the activation

of the i th �lter at position j in layer l .

Content representation

Earlier network layers extract features which are more concerned with the speci�c

pixel values. In contrast, the features extracted by the deeper network layers

capture the high-level content of the input image in terms of the objects present

and their arrangement in the image. Gatys et al. use the feature responses from

one of these deeper layers to represent the content of an image. Thus, the content

of an image is represented by a matrixF l 2 RN l � M l for some layerl of the network.

Style representation

The outputs from several network layers are used to construct a style representation

for an input image. This style representation uses correlations between feature

responses. The correlations are given by theGram matrices Gl 2 RN l � N l where

Gl
i;j is the inner product of the feature mapsi and j for layer l of the network,

that is

Gl
i;j =

X

k

F l
i;k F l

j;k : (2.2)

Thus, the style of an image is represented by a setf Gl 2 RN l � N l : l 2 Lg of Gram

matrices for some setL of network layers.

14



Loss functions

These content and style representations are used to de�ne content and style loss

functions. Both losses are squared error losses. Letp be the content image,a be

the style image andx be the new image that we wish to generate. LetP l and

F l be the content representations ofp and x, i.e. their feature representations in

some layerl of the network. The content lossis de�ned as

L content (p; x) =
1
2

X

i;j

(F l
i;j � P l

i;j )2: (2.3)

Let f A l : l 2 Lg and f Gl : l 2 Lg be the style representations ofa and x. The

style lossis de�ned as

L style (a; x) =
X

l2 L

wlE l (2.4)

where

E l =
1

N 2
l M 2

l

X

i;j

(Gl
ij � A l

ij )2: (2.5)

and where the weightswl regulate the contribution of each layer to the total style

loss (typical values arewl = 1
jL j ). The content and style losses are combined to

form the total loss function

L total (p; a; x) = � L content (p; x) + � L style (a; x): (2.6)

where the weights� and � regulate how much emphasis is placed on reconstructing

the content or the style during the stylization process.
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Image optimisation

To transfer the style of an imagea (for example, an artwork) onto the content of

another imagep (for example, a photograph), a new imagex that simultaneously

matches the content representation ofp and the style representation ofa is syn-

thesised. This is achieved by iteratively updating the new imagex, initialised to

be white noise, so as to minimise the total lossL total (p; a; x) (equation 2.6). The

imagex is updated via gradient descent using the partial derivatives@L total
@x which

are calculated using back-propagation.

It is important to note that no neural network is being trained as part of this

process. Rather, a pre-trained network is being used and the imagex is being

iteratively updated so that it produces the same feature responses as the content

imagep at a certain layer of the network and the same feature correlations as the

style imagea at certain layers of the network (�gure 2.7).

Figure 2.7: Initialised to be white noise, the new imagex is iteratively updated
using gradient descent until it simultaneously matches the content ofp and the
style of a.

Gatys et al.'s approach produces aesthetically pleasing results (�gure 2.5). The

main advantage of their method is its 
exibility - there are no restrictions on the

content and style images used as inputs. The main disadvantage is that it is very

slow. Many forward and backward passes through the network are required to

16



stylize a single image.

2.2.2 Model-optimisation approach

As mentioned, the main disadvantage of the image-optimisation approach to style

transfer is the large computational cost. In [18], Johnson et al. address this

problem by training a feed-forward image-transformation network to approximate

the solution to the image-optimization problem. A content image is then stylised

by a single forward-pass through the image-transformation network.

Figure 2.8: The system consists of two networks. The image transformationf W

network stylizes a content imagep with a single forward pass. The loss network is
a CNN pre-trained for object recognition and is used to calculate the content and
style losses during the training off W .

Johnson et al.'s system consists of two networks - an image transformation

network and a loss network (�gure 2.8). As with the the image-optimisation ap-

proach, the loss network is a convolutional neural network pre-trained for object

recognition. It is used to calculate the content and style losses when training the

image transformation network.

The image transformation networkf W is a fully convolutional neural network.

It transforms an input imagep into an output input image x = f W (p). It is param-

17



eterised by weightsW. Training is carried out on the image transformation network

using gradient descent so as to minimise the expected lossL total (p; a; f W (P)) for

an arbitrary input image p and the chosen style imagea, i.e. to �nd network

weights W � such that

W � = arg min
W

Ep [L total (p; a; f W (p))] (2.7)

where the loss functionL total is as de�ned in equation 2.6. Thus, during train-

ing, a content imagep is passed through the image-transformation network. The

output f W (p) is then passed through the loss network and its content and style

representations are extracted. The content lossL content (p; f W (p)) (equation 2.3)

and the style lossL style (a; f W (p)) (equation 2.4) are calculated. Using these losses,

the weights W are updated accordingly using gradient descent. Once training is

complete, an arbitrary content image can by stylized with a single pass through

the image-transformation network.

This model-optimisation approach produces results of a similar quality to the

image-optimisation approach. The main advantage is the signi�cantly improved

speed with only a single forward pass through the image transformation network

required to stylize an image. The disadvantage of the model-optimisation ap-

proach is the reduced 
exibility arising from the requirement to train an image-

transformation network for each style.

2.2.3 Depth-aware style transfer

Depth-aware style transfer is an extension of the model-optimization approach

described above and was introduced by Lui and Lai in [21]. It aims to preserve the
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depth structure of the input content image in the stylized output image through

the introduction of a depth loss function. The authors claim that this produces

more desirable style transfer.

Figure 2.9: A pre-trained depth estimation network is added to the architecture
and used to de�ne a depth loss function.

Figure 2.9 illustrates the system architecture. It is the same as that described

in the previous section except for the addition of a pre-trained depth estimation

network � . This depth estimation network takes an imagex as input and outputs

an estimate � (x) of its depth map. It is used to de�ne the depth loss function

which is the pixel-wise mean squared error between the estimated depth maps of

the original content imagep and the stylized imagef W (p), i.e.

L depth(p; f W (p)) =
1

HW

X

i;j

(� (p) ij � � (f W (p)) ij )2 (2.8)

where the summation is pixel-wise. Thus, the total loss function to be minimised
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when training the image transformation network is now

L total (p; a; f W (p)) = � L content (p; f W (p)) + � L style (a; f W (p))

+ 
 L depth (p; f W (p))
(2.9)

for some weights�; � and 
 .

Figure 2.10 illustrates example style transfer outputs without the depth loss

(i.e. the approach of section 2.2.2) and with the depth loss (i.e. the approach of

this section). Using the depth loss clearly results in the spatial structure of the

content image being better preserved during the stylization process. Arguably,

this results in more aesthetically pleasing style transfer.

Figure 2.10: Comparing the impact of the depth loss. The spatial structure of the
content image is better preserved by the stylization process when the depth loss
function is used.

2.2.4 Style transfer for videos

Ruder et al. look at style transfer for videos in [22, 23]. Video style transfer

involves transferring the style from a single style image (for example, a painting)

to an entire video sequence. If the stylized video is to be aesthetically pleasing, the

style transfer must be smooth and consistent between consecutive video frames.

Stylizing each video frame independently using the image-optimisation ap-

proach of section 2.2.1 leads to 
ickering and inconsistencies between the stylized
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video frames (see middle row of �gure 2.11). Even two video frames which appear

very similar are stylized very di�erently. This occurs as the optimisation process

converges to very di�erent local minima.

Figure 2.11: Video style transfer: Top row: original video frames and style image.
Middle row: Independent stylization of video frames. Bottom row: Stylized frames
using solution of Ruder et al. (Image taken from [23])

Ruder et al. solve this problem by building on the image-optimisation approach

of section 2.2.1 through the introduction of a new initialisation method for the

optimisation process and a new temporal loss function. Their method signi�cantly

improves on the na•�ve approach of stylizing each video frame independently (see

bottom row of �gure 2.11).

A new initialisation

Let p0; p1; : : : ; pn be the original video frames,a be the style image andx0; x1; : : : ; xn

be the stylized video frames that are to be generated. For the �rst frame,x0 is

still initialised to be white noise. For any subsequent frame,x i is initialised to

be ! i
i � 1(x i � 1) where ! i

i � 1 is the function that warps a given image according to
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the optical 
ow between the original video framesp i � 1 and p i . This means that

any points common to both framesi � 1 and i are initialised with the desired

appearance inx i .

A temporal loss function

A temporal consistency loss function penalises deviations between two consecutive

stylized video frames. For framei , where i > 0, the temporal consistency loss is

de�ned to be the pixel-wise sum:

L temporal (x i ; x i � 1) =
X

ci
i � 1 �

�
x i � ! i

i � 1(x i � 1)
� 2

(2.10)

whereci
i � 1 are per-pixel weights de�ned to be 0 for disoccluded regions and motion

boundaries between the original video framesp i � 1 and p i and 1 elsewhere. The use

of the per-pixel weightsci
i � 1 means that disoccluded regions and motion boundaries

are excluded from the penalty and can be rebuilt during the optimization process,

while the appearance of the rest of the frame is preserved.

Video frames are stylized in sequential order. The total loss function being min-

imised during the image-optimisation process for framei is

L total (p i ; a; x i ) = � L content (p i ; x i ) + � L style (a; x i )

+ 
 L temporal (x i ; x i � 1):
(2.11)

for some weights� , � and 
 and whereL content andL style are as de�ned in equations

2.3 and 2.4, respectively.

It is worth noting that Ruder et al.'s contributions (a new initialisation method
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and a temporal loss function) can also be incorporated into the model-optimisation

approach to style-transfer discussed in section 2.2.2.
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Chapter 3

Style transfer for light �elds

The aim of this project is to apply style transfer to light �elds and to evaluate the

results. Applying style transfer to a light �eld requires us to render aesthetically

pleasing style transfer for each of the light �eld's sub-aperture images while also

preserving the light �eld's angular structure. We already know that the methods

described in section 2.2 can be used to render satisfactory style transfer for a single

sub-aperture image. Thus, the main challenge for us is to preserve the angular

consistency of the light �eld during the stylization process.

This chapter describes the new light �eld style transfer methods that we de-

veloped. The following notation is used throughout the chapter:

1. We denote the original light �eld that we wish to stylize by lf = f vp i : i =

1; : : : ; ng where n is the total number of light �eld view points and vp i is

the i th view point. These view points are our content images.

2. We denote the style image bya.

3. We denote the stylized light �eld that we wish to generate bylf 0 = f vp 0
i :

24



i = 1; : : : ; ng wherevp 0
i is the i th view point of this stylized light �eld.

4. We denote by! j
i the function that warps a given image according to the

optical 
ow between the original light �eld view points vp i and vp j .

5. We denote bycj
i the per-pixel weights de�ned between the original light �eld

view points vp i and vp j and de�ned to be 0 for disoccluded regions between

the two view points and 1 elsewhere.

6. The content, style and temporal loss functions, denoted byL content , L style

and L temporal are as de�ned in equations 2.3, 2.4 and 2.10, respectively.

Figure 3.1: Important notation used throughout this chapter.
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3.1 The na•�ve approach

The �rst light �eld style transfer approach tried was to stylize each light �eld view

point independently using the image-optimization approach described in section

2.2.1. This method acts as a baseline for the rest of our work. The following

algorithm is used to stylize the light �eld lf .

For i = 1; 2; 3; : : : ; n:

1. Initialize vp 0
i to be white noise;

2. Iteratively update vp 0
i using gradient descent so as to minimise the loss

function

L total (vp i ; a; vp 0
i ) = � L content (vp i ; vp 0

i ) + � L style (a; vp 0
i ): (3.1)

Immediately, we can spot some short-comings with the loss function in equation

3.1. It only incorporates the current view point being stylized and it completely

ignores the angular structure of the light �eld. Unsurprisingly, this approach does

not preserve the light �eld's angular structure. This is illustrated in �gure 3.2

which displays two neighbouring view points of the stylized light �eld. Both view

points exhibit aesthetically pleasing style transfer when considered as independent

images. However, despite the original view points being very similar, the stylized

view points are very di�erent. This occurs as the optimization process converges to

di�erent local minima. It leads to 
ickering and inconsistencies when the stylized

light �eld is displayed.
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