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Abstract

This dissertation presents a research work on rendering images from light fields captured

with a focused plenoptic camera with extended depth of field.

A basic overview of the 7 dimensional plenoptic function is first given, followed by a
description of the Two-Plane Parametrisation. Some of the various methods used for
sampling the plenoptic functions are then described, namely those equivalent to acquisi-
tion functions implemented by the camera gantry, the unfocused plenoptic camera and
the focused plenoptic camera. State-of-the-art image rendering algorithms have also been

studied both for focused and unfocused plenoptic cameras.

A comprehensive study of the behaviour of focus metrics when applied to images rendered
form a focused plenoptic camera is presented, including 34 of the most widely used metrics
in the literature. Due to high frequency artefacts, caused by the rendering process, it was
found that the currently available focus metrics yield inflated values for this kind of
images, leading to misindication, where worse-focused images have better focus measures.

Subjective tests were carried out, in order to corroborate these results.

Then, methods for minimizing the rendering artefacts are proposed. An algorithm for
choosing the maximum patch size for each micro-image was designed, in order to minimize
the distortions caused by the vignetting effect of the micro-lens. Then an inpainting
algorithm, based on anisotropic diffusion inpainting, is used to minimize the remaining

artefacts present in the borders between adjacent micro-images.

Finally, a method to deal with the redundant information generated by a plenoptic camera
with extended depth of field is presented. Three different views of the same scene are
rendered, with the three different types of lenses. Then, it is proven that making any
linear combination of the images always results in worse focus than selecting the better
focused one. Thus, a multi-focus image fusion algorithm is proposed to merge the three
images captured by a extended depth-of-field camera into a single one, which presents

higher focus level than any of the three individual images.

Keywords: Light Field, Plenoptic, Rendering, Al-in-focus, Focus, Focus Metrics, Sub-

jective Quality Assessment, Image Inpainting, PDEs, Image Fusion, Image Registration
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Resumo

Esta dissertacao apresenta um trabalho de investigacao sobre sintese de imagens cap-

turadas com uma camara, plenoptica focada com profundidade de campo estendida.

Uma descricao geral dos fundamentos da funcao plenoptica de 7 dimensoes é apresentada,
seguida de uma descrigao da Parametrizacao de Dois Planos. Alguns dos varios métodos
usados para amostragem da funcao plendptica sao descritos em seguida, nomeadamente
métodos equivalentes a funcao de aquisicao implementada por um portico de camaras,
uma camara plenoptica desfocada e uma camara plenoptica focada. Alguns algoritmos
do estado da arte em sintese deste tipo de imagens sao também descritos, quer para a

camara plenoptica focada, quer para a camara plenoéptica desfocada.

Apresenta-se também um estudo do comportamento de meétricas de foco, aplicadas a
imagens sintetizadas a partir de uma camara plendptica focada. Um conjunto de 34 das
métricas mais usadas na literatura foi usado neste estudo. Devido aos artefactos presentes
nas imagens, causados pelo processo de sintese, foi concluido que estas métricas apresen-
tam valores inflacionados para este tipo de imagens, indicando erradamente imagens mais
mal focadas, como tendo valores de focagem melhores. Também foram conduzidos testes

subjectivos, de forma a corroborar os resultados obtidos.

Seguidamente, um método para lidar com a informacao redundante gerada pelas cameras
plenépticas com profundidade de campo estendida é apresentado. Trés vistas diferentes
da mesma cena sao sintetizadas, com os trés tipos de lentes diferentes. Em seguida, foi
provado que fazer uma qualquer combinacao linear das imagens é sempre pior, no que
toca ao foco, do que escolher a imagem mais focada. Assim, um algoritmo de fusao de
imagens multi-foco é usado para fundir as trés imagens numa, que apresenta um nivel de

foco maior do que qualquer uma das trés imagens iniciais.

Palavras-chave: Light Field, Plenoptico, Sintese, Tudo-em-foco, Foco, Métricas de
Foco, Avaliacao de Qualidade Subjectiva,Inpainting de Imagens, EDPs, Fusao de Ima-

gens, Registo de Imagens
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Chapter 1

Introduction

This chapter presents a brief introduction to the work developed in the scope of this
dissertation. Firstly, the context and motivation are laid out, secondly the objectives of

the research are discussed and finally the structure of the dissertation is presented.

1.1 Context and Motivation

In recent years, the increasing commercial availability of plenoptic cameras, namely of
handheld light field cameras, as well as the increment in computational power, resulted in
an growing interest for the extended capabilities offered by this type of photography. Such
capabilities include refocusing images, change the point of view of the camera, render all-
in-focus images and acquire depth maps of a scene. All of these capabilities are possible
after a plenoptic photograph has been acquired, unlike traditional photography, where

the point of view and the focus plane can only be changed before an image is taken.

These features makes light field photography suitable for a wide range of applications,
from some more entertaining ones, such as sports photography |[1|, where the refocus
feature is important, since the photographer does not need to worry with focus when
taking the picture, and film industry, such as the view point changing in the Time Bullet
effect in the Matrix movies [1]|, to industrial and research applications, such as light
field microscopy [2], depth and image restoration [3|, particle velocimetry [4], quality

inspection [5], and medical imaging [6], among others.
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1.2 Objectives

A crucial step in all applications described above is the view rendering process. Fur-
thermore, the spatial resolution of rendered views from a plenoptic camera of the first
generation (unfocused plenoptic camera) are low compared with what current commercial
cameras can achieve. As such, this dissertation concentrates on studying and improving
view rendering methods for focused plenoptic cameras, mainly by studying the methods
described in [7,[8], where patches of the lenslet image are tiled together in order to render
refocused and all-in-focus images, analyse the problems exhibited by these methods, and

finally propose some solutions.

1.3 Outline

In order to do so, Chapter [2| presents some theoretical background as well as the descrip-
tion of the state of the art. Chapter |3| explores the measurement of focus level in views
rendered with this type of cameras. Chapter 4| describes the improvements made to the
rendering pipeline. Chapter |5 explores a methodology to efficiently merge the redundant
information given by focused plenoptic cameras with extended depth-of-field, and finally

Chapter [6] presents the conclusions of this work.



Chapter 2

Light Fields — State of the Art

The concept of light field representation of the three-dimensional visual space defined
around an arbitrary observer has been introduced more than a century ago [9]. However,
only recently the creation and commercialization of hand-held cameras brought the subject
back to the spotlight.

A crucial part of modern plenoptic photography is the rendering of multiple views, allow-
ing refocus, perspective shifts and even tridimensional reconstruction. These characteris-
tics make these cameras suitable for quite diverse applications, such as medical imaging,

industrial inspection, museology, video-vigilance, etc.

One of the earliest approaches to Light Field imaging was done by the French Nobel Prize
winner Gabriel Lippmann [10], around 1908. Under the name of Integral Photography,
Lippmann developed a device that was similar to a 4 by 3 grid of analog cameras, allegedly
based on insects eyes, which allowed the capture and visualization of tridimensional per-
spectives of the photographed scene. These concepts were further studied by Ives |11], and
in 1936, by the Russian physicist Andrey Gershun, who coined the term “'Light Field” [12],
among others. In 1968, Chutjian [13| developed the first digital light field camera and
in 1991, Adelson first referred to light field cameras as Plenoptic cameras [14]. Already
in the 21st century, more precisely in 2006, Ng built a hand-held plenoptic camera [15|
and Levoy [16] adapted the light field technology to microscopy. In 2008, Lumsdaine
and Georgiev [7] improved the spatial resolution of plenoptic cameras, introducing the
focused plenoptic camera, or plenoptic camera 2.0. A more detailed historical revision of
the evolution of light field photography can be founds in [17]. This chapter presents a
brief review of the state-of-the-art in light field technology. First, the theoretical concepts
are laid out and explored, followed by a discussion about the physical construction of such

cameras. Then, methods for rendering views from light field data are discussed.
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2.1 The Plenoptic Function

The plenoptic function is a theoretical mathematical model that describes the intensity
distribution of light at every point in space and time [18]. As such, this is a function
of 7 variables, as shown in Equation [2.1) where ¢ and 6 indicate the orientation of the
light rays in spherical coordinates, A refers to the wavelength, t refers to the temporal

dimension and the triplet V,, V, and V, identify the Cartesian position of the observer.

PO, ¢\ 1,V V,, V2) (2.1)

According to [18], a description of every photograph would be implicitly contained in such
representation of light. Nonetheless, due to the complexity and the high dimensionality
of the plenoptic function, it is not possible to get a complete plenoptic representation of
a scene, since it is impossible o look simultaneously from every point of view, for every
wavelength and moment in time. In spite of this, it is still possible to sample the plenoptic
function, by probing the desired scene from different points of view, filter the wavelength
to the traditional RGB colour space and sampling time at regular frame intervals. This
ultimately allows the use of processing techniques that extends the capabilities of common

photography, such as obtaining the depth map of the scene, refocus and all in focus images.

2.2 Parametrisation of the Plenoptic Function

As stated in Section the plenoptic function is a 7D model, which renders it cumber-
some and difficult to work with. Nonetheless, as explained in [19], it is possible to reduce
the dimensionality of the plenoptic functions, by making few assumptions. First of all,
as the object of study is plenoptic photography, and photographs are static in time, it is
possible to drop the time dependence or reduce this time dependence to discrete sampling
instead, in the case of video signals. In order to further simplify the function, only the
luminance shall be considered, which drops the wavelength as a continuous parameter. In
reality, the wavelength information is encoded in the RGB information provided by the

cameras, therefore discretising this dimension does not cause significant practical loss.

At this stage, the simplified plenoptic function only depends on the position of the observer
and on the orientation of the light rays, P(6, ¢, V.., V,,, V), which is a 5D function. In order
to further reduce the plenoptic function dimensionality, light should by analysed in terms

of rays, under the assumption of the absence of occlusions and that all the light emitters
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i

Figure 2.1: Graphical representation of the Two-plane Parametrisation (adapted from
[20]).

that constitute the scene are non-Lambertian surfaced’] If the luminance of a light ray
emitted by one point from a scene is measured, then it will be constant, no matter how
far from the scene the measurement is taken [22]. To further illustrate this concept, it is
possible to imagine a laser beam in free space pointing towards infinity. The luminance
emitted by the laser source would be the same, no matter how far from the laser source it
is measured. Therefore, if the V.V, plane is parallel to the scene, the plenoptic function
representing that same scene is independent of V,. This implies that the position of the
observer can be represented with only two meaningful spatial coordinates, V, and V,,

since the distance from the scene does not change how light rays arrive to the observer.

The plenoptic function is now reduced to 4 dimensions. Nonetheless, it is common to
use the Two-Plane Parametrisation to represent light fields, instead of the spatial and
directional coordinates used so far. This parametrisation consists on defining two arbitrary
parallel planes, separated by a fixed known distance, d. This way, a light ray is defined
in this parametrisation by the two sets of 2D coordinates that locate the points where
the light rays intersect each of the planes, as shown in Figure 2.1} Now, it is possible to
arrange these two planes such that one plane corresponds to a matrix of views, captured
from different perspectives, and the other plane corresponds to the coordinates within
each view, as shown in Figure . Usually the coordinates (s, t) are assigned to the plane
of the matrix of views and the (z,y) are the coordinates inside each view. Equation

is thus reduced to:

P(s,t,z,y) (2.2)

I'Lambertian surfaces are surfaces that present Lambertian reflectance, i. e., the surface reflects the
received light equally in all possible viewing directions, meaning that the light is reflected in an isotropic
manner [21]. Ergo, the brightness of a Lambertian object appears to be the same, regardless of the
observer’s position.
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t
A

_X
=5

Figure 2.2: Matrix of views resultant of the Two-plane Parametrisation (from )

Figure 2.3: Formation of an Epipolar Plane Image (EPI) (from )

Using this parametrisation, that was first introduced in , if a pair (s,t) is chosen,
P(s,t,z,y) yields a view of the scene from a selected (sg,ty) point of view. If pair (x,y)
is chosen, P(s,t,x,y) yields the pixel (zg,yo) from every single view from the matrix of
views. Consequently, if a set of (s,¢,x,y) coordinates is chosen, this function yields the

(x0, Yo) pixel from the view (sq, o).

Moreover, these type of images can also be parametrised as a set of Epipolar Plane Images,
or EPIs [24], by selecting a pair (sg, o) or (to, o). To further analyse its meaning, lets
consider that a pair (Zy,yo) has been chosen. Fixing t, is equivalent to select a row of
views from the matrix of views. Fixing y, is equivalent to select a single row of pixels
within each of the views. Putting it together, by fixing a par (o, yo), we are choosing
a single row of pixels yy from each view that belongs to the row ¢y from the matrix of
views, as shown in Figure [2.2] This can also be seen as stacking the views from the row
tg following the order of the s axis and cutting the pile along vy, as shown in Figure

[2.3] This originates an image with vertical dimension, equal to the number of the views
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that the matrix of views has along ¢y, and a horizontal dimension, equal to the horizontal

resolution of each view.

To further understand the EPI geometry, lets consider a regular photographic camera,
moving linearly along ¢y and at a constant speed, and taking photos at constant time
intervals (that is, considering s as the time axis). Then, the EPI shows how the structures
represented within the yq line appear to move from the point of view of the camera — it
is fundamentally a representation of disparity. Considering an object that is represented
within the gy line in every view belonging to ?(, that is very far from the moving camera
(one may say infinitely far) it does not appear to change from the point of view of the
camera. In other words, the position of the object represented in the gy line remains
constant across all views that belong to ty, which creates a perfectly vertical structure
in the EPI. As the object approaches the camera, its position appears to change more
and more between contiguous views — an effect known as parallax — which generates
structures with increasing slopes in the EPI. This implies that, if it is possible to measure
the slopes of the structures of every EPI, then it is possible to reconstruct the three-
dimensional representation of the scene [15,25], i. e. the EPI contains 3D information of

the scene.

2.3 Unfocused Plenoptic Camera

One way to sample the plenoptic function of a scene relies on Equation and the Two-
plane Parametrisation. It consists on using a matrix of cameras to capture different and
evenly spaced views, as done in |26], for instance. A variation of this approach consists
on using a moving camera to capture views from various perspectives, which is equivalent

to use a matrix of cameras. This setup is usually called light field gantry.

Nonetheless, such devices require much space and are not portable at all. To overcome
these problems, Ng [15] proposed the addition of an array of micro-lenses between the
main lens and the photo-sensor of a simple camera (Figure - A), such that the scene
is focused on the plane of the micro-lenses, as shown in Figure - B. Thus, the photo-
sensor is able to capture slightly different positions of what would be a single pixel in a
simple camera. This way, the projection of a micro-lens onto the photo-sensor is called
micro-image, and the set of all micro-images projected by a micro-lens array (MLA) is

called a lenslet image.

Physically, the xy plane is located at the main lens, since the position at which a light
ray crosses the main lens, determines the position of the information carried by that

ray within a generated view. The physical location of the st plane however, is not so
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Photo-sensor

A
Subject m

Micro-lens
array,

Plane xy

Plane st

Figure 2.4: A - Simple Camera setup; B - Plenoptic Camera setup; C - Physical corre-
spondence with the Two-plane Parametrisation (adapted from [1]).

clear. Given that the information of that light ray that crossed the xy plane is going
to be refracted by the MLA, representations of the same information in slightly different
positions inside neighbour micro-images are originated. Since that, in order to render
different views, different sections of the micro-images are used, the st is located at the
MLA.

2.3.1 Rendering Method

In light of the description of this kind of camera the first micro-lens of the upper left
corner of the micro-lens array originates all the first pixels from the upper left corner of
each view. The second micro-lens originates all the second pixels, and so on. So, rendering
the central view from the MLA, essentially consists in choosing the central pixel of the s
by t pixels structure originated by the first micro-lens, and then concatenate it with the
central pixel of the second micro-lens, and so on. To render the view one pixel to the
right of the central view, simply choose the pixel on the right side of the central pixel
from all micro-lenses and concatenate them. This process is illustrated in Figure [2.5
where the thick boxes on the right represent the boundaries of the micro-images, the thin
line squares represent the pixels, and the colours represent the selected pixels form each
micro-lenses. It can be noticed that the order of the colours do not change form the lenslet

representation on the right, to the rendered view to the left, i.e., the concatenations of the
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Tiling

2

Figure 2.5: Illustration of the unfocused plenoptic camera view rendering method.

pixels is done keeping the spatial order of the pixels. In this image it is also possible to
observe that the spatial resolution of the rendered view is much smaller than the spatial
resolution of the lenslet image. Then, it is possible to easily obtain a matrix of views, and

therefore a 4D representation of a light field.

However, another advantage of light field photography is the possibility to render views
focused in different planes (known as refocus), or even an all focus view (also known as
image with extended depth of field), after the light field has been captured. In order to
achieve this effect, the Two-plane Parametrization is modelled according with the equation
of the irradiance of an image [27], as seen in Equation where F' denotes the distance
between the two planes (st and xy), A(s,t) represents the aperture function for each
micro-lens (yields the value 1 for full aperture) [28] and 6 is the angle of incidence of the

ray (s,t,z,y) with the plane st.

E(z,y) = % // P(s,t,x,y) - A(s,t) - cos* 0 ds dt (2.3)

Furthermore, according to 28], the constant 1/F? can be ignored and, under the paraxial
approximation (i.e., considering that angle # is small, which, approximated by the Taylor
series, results in cos ~ 1), cos? 6 ~ 1. Additionally, for the propose of refocusing, the full
aperture of the micro-lens is used, resulting in A(s,t) = 1. Taking these considerations

into account, it is possible to rewrite Equation in a simplified manner, as shown in

Equation

E(x,y) = // P(s,t,x,y)dsdt (2.4)

Given this parametrization, refocusing is simple a matter of “relocating” the x, y plane (or



10 CHAPTER 2. LI1GHT FIELDS — STATE OF THE ART
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Figure 2.6: adapted from [15].

film plane), in order to coincide with the desired focus plane. In other words, refocusing
consists in changing the distance F. Figure shows a 2D simplification of this problem.
Originally, the film plane x is located at a distance F' from the lens plane s. However,
to refocus the image to film plane 2/, at a distance F’ from the lens plane, x needs to
be expressed in terms of z’. Nonetheless, form Figure [2.6] it is easy to conclude that, by

z'—s

—* where o = F//I". Analogously, the same argument can be

similar triangles, xr = s +
used with the other pair of axis, yielding y =t + % By replacing these expressions in
Equation yielding the refocusing equation ( Equation , where the ratio o defines

the location of the focus plane.

/ /
_ — —1
E(@ y;a) = //P(S,t,s+ - S,t—i- Y )dsdt (2.5)

(67 (6]

2.4 Focused Plenoptic Camera

The type of camera described in Section presents a constrain: the spatial resolution

of each view is limited to the number of micro-lens in the MLA, since one micro-image
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Figure 2.7: Schematic representation of a plenoptic camera 1.0 (a), a Keplerian focused
plenoptic camera (b) and a Galilean focused plenoptic camera (c) (from [29]).

provides only one pixel to each view. This results in views with poor spatial resolution

which is undesirable for some applications.

To overcome this problem the authors in [7| propose to change the focus plane such that
the MLA behaves as an array of pinhole cameras with narrow field of view. This change
allows the use of more pixels from each micro-image to render each view, which ultimately
results in views with greater spatial resolution when compared to the previous camera
type. These devices are known as Focused Plenoptic Camera, or Plenoptic Camera 2.0.
However, there are two different camera designs proposed by |7| able achieve this. One is
known as telescopic or Keplerian focused plenoptic cameras and the design change consists
in rearranging the the distance between the main lens and the MLA in such a way that
focus plane falls before the MLA, such that the light rays reaching the MLA can be re-

focused into the sensor, as shown by the red beam in Figure 2.7b. As can also be seen in
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Figure 2.8: Lenslet acquired with an unfocused camera (at the left) and a focused (at the
right) plenoptic camera, respectively (from [30]).

the figure, this type of cameras produce inverted micro-images, due to the inversion of the
capture image that occurs after the light rays cross the location of the virtual focus plane.
However, the MLA (and consequently the photo-sensor), can be placed before the plane.
This way, the MLA can re-focus the light rays into the photo-sensor, without the image
being formed, as can be seen in Figure 2.7c. These cameras are known as Galilean or

binocular plenoptic cameras. This approach produces micro-images that are not inverted.

Nonetheless, the relationship between the Two-plane Parametrisation and the physical
configuration of the camera is no longer straightforward and the rendering algorithms

(which shall be addressed in the following sections) are considerably more complex.

From Figure [2.8] it is possible to observe that the micro-lenses of the unfocused plenoptic
camera capture a macropizel, i.e., a set of pixels from each view, which looks blurred,
whilst the micro-lens of the focused plenoptic camera contain sharp portions (focused)
of the full resolution image. This means that, for focused plenoptic cameras, the micro-
images must be focused themselves, in order to obtain a focused image. This is due to
the fact that a portion of the micro-image (i. e. a patch) is used for rendering views,
hence that patch must be focused in order to produce an image in focus. Thus, focused
plenoptic cameras lose the depth of field characteristic of the unfocused plenoptic cameras,
in order to gain a much higher spatial resolution. To increase the depth of field offered by
focused plenoptic cameras it is suggested in to use several types of micro-lens, each
one focused at a different focus plane. This means that one type of micro-lens can be

used when the remaining are out of focus.

2.4.1 Rendering Method

The methods described in Section do not apply to the focused plenoptic camera, since

there is not a straightforward relation between the Two-plane Parametrisation and the
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Figure 2.9: Graphical representation of the simple refocus method, described in [7].

model of the camera, as mentioned in Section[2.4 One pipeline to render refocused images
is described in [31]. First of all, to render an image from a focused plenoptic camera, a
patch of pixels from each micro-image is selected and all patches are concatenated side-
by-side. In this case, if the centre of the selected patch is the same as the centre of the
micro-image, then the rendered view is the centre view. If the centre of the patch is shifted
one pixel to the right of the centre of the micro-image, then the rendered view is shifted
one pixel to the right, in relation to the centre view, as illustrated in Figure [2.9] Similarly
to Figure [2.5] the thick lines at the right represent the boundaries of the micro-lens and
the thin ones, delimit the pixels. In this image it is possible to notice that a patch of
pixels (represented by the coloured regions within the micro-lenses) is selected from each
micro-lenses and tiled together, keeping the same order. It is also possible to see that the
spatial resolution of the rendered view is much higher than the spatial resolution of the

views rendered form unfocused plenoptic cameras (see Figure [2.5)).

To shift the focus plane, the size of the patch is set, making it the same for all patches in
all micro-images. This way, the patches that contain the objects in focus will be perfectly
matched together (Figure [2.10a)), whilst patches that contain objects beyond the focus
plane will not match, showing incomplete objects with missing pixels (Figure [2.10d)).
Patches containing objects on closer planes will not match either, but in this case, some
repeated structures appear in the reconstructed image, showing repeated pixels (Figure
2.10D)), as shown in Figure 2.11] Figure depicts how this effects manifest in the

rendered image.

From this behaviour, it is possible to conclude that choosing patches with a smaller size
allows to render images that are focused at closer planes relative to the camera, while
using patches with larger size results in focus in planes further away from the camera.

However, this method produces unnatural looking views, because the repeated or missing
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(b) Patch size too large.

~ A A
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(c) Patch size too small.

Figure 2.10: Representation of the rendering process with constant patch size, discussed
in . Big patches originate repeated structures, small patches originate missing struc-
tures and only patches with a correct size are able to render an image without disconti-
nuities (adapted from [31]).
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Figure 2.11: Result of a refocused image from a focused plenoptic camera with hexagonal
patches. Two overlapping sheets of paper at different depths are shown. The sheet on the
background is focused. The sheet on the foreground shows repeated structures.

structures create artificial and pronounced discontinuities in the reconstructed images,
seriously harming the subjective quality of the rendered images. To solve this problem, it
is suggested in that a ‘blending’ effect can be achieved by averaging the same spatial

point across all the micro-images where such point is present.

Since a generic visual scene contains elements at different depths, rendering an extended
(up to full) depth-of-field image involves the use of patches with different sizes. Therefore,
in order to obtain extended depth-of-field images it is necessary to resize all different
patches to a given dimension before tiling them together. In earlier approaches ﬂﬂ, the
optimum patch size was obtained by using information from overlapping areas in adjacent
micro-images. To simplify the rendering process for all-in-focus images, Wanner et al.
make use of the assumption that natural images are, in general, piecewise continuous
and such assumption still holds, even when transitioning across different neighbouring
patches, given that they are in focus. The process starts by rendering a focus stack i. e.,
a set of images focused at different planes, by the method previously described. Let this

set be represented by:

L'={Qn | m = Munin, s Minaz } (2.6)
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In Equation m denotes the patch size, which in turn defines the position of the focus
plane. The value of m,,;, corresponds to the size of the smallest patch, while m,,,, is
equal to the size of the micro-images. Given that a patch should contain a portion of the
image to be rendered, the choice of m,,;, is important, since it can not be so small that
the content of the patch is lost. A Laplacian filter (V?) is applied to each image, in order
to emphasize regions of rapid intensity change. Then, the gradients for the patch p; ; in
each filtered micro-image w(i, j) are evaluated, by integrating along its borders, b(p; ),
considering only directions that are perpendicular to its edges. For all images €,,, the

sum of those orthogonal gradients is obtained by integrating along its borderline, as given
by Equation

o(m,i,j) :}{ V (V3Q,,) - iy, 0, el (2.7)
b(pi,5)

In Equation [2.7] 7, denotes a unit vector perpendicular to border b. The optimum patch
size is obtained by finding the patch with the smoothest possible transitions across borders.
For such purpose, a map z(i,7) containing the optimum patch sizes, i.e., those that
minimize the sharpness of transitions between patch p;; and its neighbours, is found

through minimisation, according to Equation [2.8|

2(i,7) = argmin o(m,1,j), Vi, j (2.8)
m

The extended depth-of-field image, €2, is then rendered by tiling together the p; ; patches
with optimum sizes z(4, 7). As mentioned before, the patches must be resized to the same
spatial dimension to allow concatenation, as can be seen in Figure 2.12] Similarly, to
Figure [2.5] and Figure the thick lines on the right represent the boundaries of the
micro-lens and the thin ones delimit the pixels. In the image, it is possible to notice that
a patch of pixels, represented by the coloured regions within the micro-lenses, is selected
from each micro-lenses. Since they originally present quite distinct patch sizes, they need
to be upsampled to a common resolution and tiled together, keeping the same spatial

order.

Finally, in order to concatenate all patches with optimal (and obviously different) sizes
together, it is necessary to upsample them all to the same size, which is, usually, the size
of the largest patch possible. At last, the patches are concatenated to form a view with
extended depth of field.

This algorithm was developed for focused plenoptic cameras, but it can be used for cameras
with extended depth of field as well, if each type of micro-lens is considered as a different

plenoptic camera. In this case, it is possible to obtain a number of central all focus
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Figure 2.12: Representation of the extended depth-of-field rendering method, as described
in |8].

views equal to the number of micro-lens’ types. These different views show a slight offset
between them, due to the physical placement of the micro-lens. As suggested in [§8], it
is possible to take advantage of these characteristics and use the cross-correlation to find
and correct the offset between the images and then take its average. In spite of being a
simple method to combine the information of all lens, it does not take full advantage of

the fact that the images of each type of lens are focused at different planes.
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Chapter 3

Measuring Focus in Images Rendered from

Focused Plenoptic Cameras

In general, a good focus level of an image, or image region, is achieved when fine details
are perceived and distinguished from each other. In computational terms, this can be
measured by using focus metrics that estimate the image sharpness and provide some
numerical measure of the focus level. This means that such metrics are designed to
capture the presence of sharp transitions and high contrast, represented by high gradients
in the spatial domain and high frequencies in the transform domain. Since the magnitude
of focus levels is highly dependent on the image content, metrics are only comparable
when computed for different (yet similar) images of the same visual scene (i.e., the same
content), though with different acquisition parameters. A common characteristic of all
focus metrics is the monotonic relationship between the value provided by the focus
measure (i.e., the focus level) and the visual focus perceived in the images. Accordingly,

the higher the focus level, the more focused is the image, or region, under observation [32].

The computational methods used in plenoptic image refocusing optimise the focus level
based on the optical characteristics of the acquisition system. Therefore, it would be
expected that focus metrics provided maximum values for the focus level of extended
depth-of-field reconstructed images (i.e., all in-focus), which are optimally focused across
the whole image area. However, such direct relationship does not hold for the commonly
used patch-based extended depth-of-field reconstruction methods described in Chapter
2l To the author’s best knowledge, this has not been addressed in previous studies.
Thus, a comprehensive study on the use of a large number of different focus metrics (i.e.,
34 in total) in the evaluation of extended depth-of-field images reconstructed from light
fields is presented in this chapter. It is shown that the best refocused images, from the

computational point of view are not those which provide higher focus levels. This is also
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confirmed through subjective evaluation, where the best perceived images were found to
be those reconstructed with the optimum patches, but not those with higher objective

focus level.

As described in Chapter [2| contiguous micro-images may include objects located at dif-
ferent depths on the scene, thus different micro-images may contribute with patches of
different sizes. Therefore, in order to obtain extended depth-of-field images it is neces-
sary to upsample patches of different sizes to a common fixed size, prior to tile them
together. The best patch size is determined from the overlapping area between neighbour
micro-images, which presents a degree of dependence on the disparity in that region of

the scene.

3.1 Optimum versus non-optimum extended depth-of-

field reconstruction

If extended depth-of-field reconstruction is used to obtain all-in-focus images, then such
images are optimally focused across the whole visual scene and their sharpness (i.e. focus
level), measured by common focus metrics, is expected to be maximum. In opposition,
when non-optimum patch sizes are used in the image reconstruction (i.e., resulting im-
ages are not in focus), the magnitude of its focus level is expected to be lower than that
obtained for images reconstructed with optimum patch sizes. However, given the intrinsic
characteristics of the patch-based method used in extended depth-of-field reconstruction,
such behaviour does not always occur, since non-optimum patch sizes originate disconti-

nuities in the images, wrongly inflating the magnitude of such focus metrics.

In fact, even though the optimum patch sizes found by the rendering algorithm produce
the smoothest transitions across patch borders, it is likely that some artificial disconti-
nuities still appear along the matching borders due to local texture variations, as it can
be seen in Figure If such discontinuities are relevant enough to affect the focus level
computed by commonly used metrics, then no valid conclusions can be drawn from such
focus measurements. This is due to the fact that a higher focus level may be mostly due

to such artificial transitions, not from the image visual content itself.

To investigate this problem, it is necessary to define an objective measure for the smooth-
ness of patch transitions. For this purpose, a parameter ¢ has been defined based on
Equation [2.7] as can be seen in Equation where higher values of ¢ means sharper
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Figure 3.1: Representation of artificial edges between patches (even when the optimum
patch size is selected).

border transitions.

=3 ¢ I (3.1

ij 7 bi)

Like in Equation Equation measures the sharpness of the transitions between
adjacent micro-images, by computing the gradient of the Laplacian on the whole refocused

image, only in the perpendicular directions of each patch border.

In the light of the previous discussion, and since the extended depth-of-field reconstruction
method has low impact at the patch borders, ¢ might be used as a relative no-reference
quality indicator for the specific type of impairments under study, i.e., smoothness across
patch borders. According to the definition given by Equation [3.1] a higher value of ¢

means lower quality due to the presence of sharper transitions exist across patch borders.

The following sections describe the study carried out in order to evaluate the impact of
this effect in the classical focus metrics available in the literature. In Section [.2] the
application of 34 metrics on 6 all-in-focus images, rendered with optimum patch size, is
compared with the application of the same metrics on the same light fields, but with the
6 images rendered with patches one pixel larger than the optimum patch size, both in
height and width, aiming to evaluate if the studied metrics present inflated values, when

applied to these latter images. Furthermore, a subjective study carried out in order to
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access if the results given by the objective metrics are according to the perceived opinion

of the observers, is also described.

3.2 Evaluation methodology

Given the problem identified in Section the following step is to assess if the inflation of
the focus metrics is occurring in the metrics available in the literature. The methodology
defined to carry out such study is described as follows: a set of 6 light fields were captured
with a focused plenoptic camera. The depth of field of the captured light fields was kept
narrow, in order to preserve the focus within each micro-image. Some of the 6 images
used are displayed in Figure Two medical images are included in the set, as they
represent an example where focus accuracy is important. These images were acquired
with a focused plenoptic camera Raytriz R42, /2.8 Micro Lens Array, UHR optics c-
mount (25mm, f/1.8), placed at distance of 140mm from object (between the main lens
and the scene, approximately 20mm between the camera and the scene) and with natural

white colour LED illumination).

A comparative study was carried out using optimal patch sizes (i.e., all-in-focus images)
versus non-optimal patch sizes. The former images (denoted as I) were reconstructed
using the base algorithm described in Section while the latter (denoted as 1,1) were
reconstructed using patch sizes one pixel larger than the optimum. The performance of 34
objective focus metrics was evaluated by comparing the corresponding focus level obtained
for the two types of reconstructed images, [ and I,;. Then an equivalent comparative
evaluation was carried out through subjective assessment. The reconstructed images were

also characterised in terms of the quality indicator ¢, defined by Equation

3.2.1 Objective metrics

Focus metrics are defined as functions, which should exhibit the following characteris-
tics. They must be monotonic, such that two similar yet slightly different images do not
produce the same output; unimodal, meaning that the function yields only one extreme
(usually a maximum) corresponding to the best-focused image; insensitive to noise and
with good variability, which allows a clear differentiation between focused and unfocused
images. In this study, 34 different focus measures available from the current literature,
with the above characteristics, were considered. The majority of focus metrics can be
classified either as spatial-domain metrics, when applied directly to the image pixels, or
transform-based metrics, when some kind of mathematical transform is used. Each of

these two categories can be further grouped into several subcategories, according to spe-



3.2. EVALUATION METHODOLOGY 23

(b) Image B. Printed circuit board (Arduino).
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Figure 3.2: Some of the images used throughout this study are shown. Images with
optimal patch size (I) on the left and image rendered with patches one pixel bigger then
the optimum patch size (1), on the right.
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cific mathematical operators used to compute the focus measures. This work uses several
metrics of each category, covering a wide range of different methods, which also allows
relevant characterization of state-of-the-art algorithms. The spatial-domain metrics used

in this work are based on the following methods:

e Gradient: based on the norm of the gradient vector, composed by the direc-
tional partial first derivatives of the image. The following methods were considered:
Gradient energy [32], Gaussian derivative |33|, Thresholded absolute gradient [34],
Squared gradient [35], Tenengrad [36] and Tenengrad variance [37];

e Laplacian: based on the use of the norm of the Laplacian, composed by the direc-
tional partial second derivatives of the image. This study considered the following
methods: Energy of Laplacian 32|, Modified Laplacian |38|, Diagonal Laplacian [39]

and Variance of Laplacian [37];

e Statistics: based on statistical indicators extracted from the images, such as his-
tograms, mean, median and variance. The used methods were: Absolute central
moments [40], Chebyshev moments [41], Eigenvalues [42|, Gray-level variance [36],
Gray-level local variance [37], Normalized grey-level variance [34], Modified grey-

level variance [43], Histogram entropy [36] and Histogram range [44];

e Miscellaneous: algorithms based on several different mathematical tools. The
following were considered the most representative: Brenner’s measure [34], Image
contrast |45, Image curvature [46|, Helmli and Scherer’s mean [46], Steerable filter
[47], Spatial frequency measure [35], Vollath’s standard deviation [34] and Vollath’s

autocorrelation [34].
The following transform-based metrics were used in this work:

e DCT: based on the discrete cosine transform. The methods selected for this study
are the following: DCT energy ratio [48|, DCT reduced energy ratio [49] and Mod-
ified DCT [49];

e Wavelet: based on the wavelet transform, such as the following: Sum of wavelet
coeflicients [50], Variance of wavelet coefficients [50], Ratio of the wavelet coefficients
[1] and Ratio of curvelet coefficients [52].

3.2.2 Subjective evaluation

The subjective evaluation methodology was based on the proposal of the document ITU-R

BT.500-13 [53]. For comparison of subjective scores and objective focus measure, the same
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two reconstructed images, evaluated with the objective focus metrics, were presented side-
by-side to the observers. One of these images was rendered with the algorithm described
in Section [2.4.1] (I) and the other one was rendered with patch sizes one pixel larger than
the optimal ones (1,1). These two images were displayed side-by-side on a LG 55UJ63 55’
monitor, each one occupying half of the horizontal resolution of the monitor. Since the
resolution of the images (4460 x 3470) was much higher than the full-HD display resolution
(1920 x 1080), only a limited region of each image (with full HD resolution: 1920x1080)
was shown to the observers, thus avoiding zooming out. The subjective evaluation was
conducted individually after a training session. One pair of images was presented to each
observer during 10 seconds and the observer could review it as many times as needed.
The presentation order of each image pair and position on the display were randomized
for each observer. Overall, 18 non-expert observers evaluated the 6 images of the data
set. All of them passed the Snellen vision test for visual acuity [54]. The observers were

asked to choose the image with higher perceived quality, i.e., less artefacts.

3.3 Results

3.3.1 Objective Measures

The objective results obtained from the 34 focus metrics are shown in Table for the
6 pairs of reconstructed images (A to F). These figures were calculated as the relative
focus level obtained between the images reconstructed with optimum patch sizes plus one
pixel (I,1) and those reconstructed with the optimum patch sizes (I). Denoting by m(-)

an absolute focus level obtained from any particular metric, the relative focus level Am
shown in Table [3.1]is defined according to Equation [3.2]

m(ly) —m(l)

Am = m(D)

x 100 (3.2)

When Am is positive, it means that the non-optimum patch sizes produce an image with

higher focus level than that obtained with optimum patch sizes.

The relative variation of the “quality indicator” ¢, defined in Equation is also shown
in Table for each pair of reconstructed images. However, as like the focus level m, ¢

is also presented as a variation, Ag, which is defined by Equation

q(141) — q(I)

A= q(I)

x 100 (3.3)
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Images A B C D E F

Focus Metrics Aq=5.37 Aq=11.61 Aq=1.04 Aq =220 Aq =544 Aq=10.56
Gradient Energy 11.51 9.77 6.23 8.24 3.37 12.05

+ Gaussian Derivative 1.85 2.86 -1.89 -0.37 4.35 5.83

.2 Thresholded Abs. Grad. 7.18 5.44 4.96 6.97 7.84 6.09

E Squared Gradient 9.39 9.06 6.24 9.68 3.45 9.35

U Tenengrad 9.65 7.51 6.19 10.70 6.72 11.72
Tenengrad Variance 7.94 13.13 6.68 14.36 0.20 28.40

g Energy of Laplacian 31.41 15.78 15.71 19.56 8.69 27.29

'g Modified Laplacian 12.06 7.58 8.12 9.50 9.55 9.80

=, Diagonal Laplacian 12.37 7.92 8.25 10.27 10.19 9.72

=2 Variance of Laplacian 31.41 15.78 15.71 19.56 8.69 27.29

= Chebyshev Moments 0.22 0.98 0.01 -0.05 0.25 -2.16
g Absolute Central Mom. -0.11 -1.34 -0.73 -0.02 0.05 -0.31
8 » FEigenvalues 0.02 -0.13 0.16 0.00 -0.45 2.22
- E Gray-level Variance -0.12 -2.08 -1.22 0.11 -0.15 1.60
-E E Gray-level Local Variance 3.75 2.93 -2.18 1.36 4.62 1.53
& & Norm. Gray-level Local Var. 0.00 -0.75 -0.49 0.14 -0.20 1.92
N N Modified Gray-level Var. 10.76 7.87 2.88 6.28 9.49 12.32
Histogram Entropy 0.04 -0.17 -0.14 0.03 0.00 -0.01
Histogram Range 0.00 0.00 0.46 -0.46 0.00 0.00
Brenner’s Measure 11.16 10.25 7.48 12.19 7.85 16.48

g Image Contrast 7.15 5.57 4.93 7.03 7.96 6.08

9 Image Curvature 0.01 -0.97 -0.64 0.08 0.12 -0.23

£ Helmli and Scherer’s Mean 0.29 1.15 0.08 0.09 0.19 0.22

= Steerable Filter 0.13 2.82 -1.12 -0.64 1.99 4.25

5:: Spatial Frequency Measure 7.19 5.51 4.98 6.98 7.92 6.13

S  Vollath’s Autocorrelation 11.24 8.21 6.68 11.36 10.58 11.62
Vollath’s Standard Dev. -0.22 -2.73 -1.45 -0.05 0.05 -0.48

E o DCT Energy Ratio 4.75 3.12 2.19 2.43 3.37 4.70
g O DCT Reduced Energy Ratio 3.46 2.33 0.91 1.18 3.07 3.51
8 A Modified DCT 39.02 -8.84 -51.98 13.62 0.00 -39.27
g % Sum of Wavelet Coeffs. 13.16 8.68 8.47 9.60 10.65 11.62
5 g Var. of Wavelet Coefls. 15.86 7.59 7.88 10.94 4.07 12.82
% % Ratio of Wavelet Coeffs. 34.72 17.93 19.27 20.53 8.38 28.97
;u E Ratio of Curvelet Coeffs. -0.65 9.71 11.92 7.06 3.48 -14.04

Table 3.1: Relative variation of the focus metrics, Am(%), assessed in images rendered
with a patch size 1 pixel larger than optimum. Variations of the cross border “quality
indicator”, Aq(%), are also presented.

For Agq positive, the non-optimum patch sizes produce lower quality (i.e., stronger patch

border transitions) than that obtained with the optimum patch sizes.

A relevant observation in the results of Table B.1] is that almost all metrics exhibit a
misleading behaviour: i.e., an indication of better focus (Am > 0), while in fact images
I, exhibit higher artificial border transition gradients (Ag > 0) and non-optimal focus
due to the larger patch sizes. Therefore, for the majority of focus metrics and image
pairs, evaluation of image focus through comparison of focus levels leads to the wrong
conclusion that using non-optimal patch sizes yields better focused images. This effect is
to be associated to the influence of the border transitions, not the visual content itself.
This can be confirmed by zooming in relevant regions of reconstructed images, as shown
in Figures and Even though the relative focus level indicate that Figure [3.3b|is
shaper than Figure this is due to the stronger patch border transitions introduced

by the use of non-optimal patch sizes, not because of better focus.

Only in a very limited number of cases the results differ from the behaviour discussed
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above. In the case of statistical based metrics, these results are likely to be associated to
the fact that the image mean value might be affected by the presence of artificial edges.
It is also worth to observe that transform-domain metrics, in particular Wavelet based
methods, are those with a stronger indication of an erroneous better focus. Furthermore
and most importantly, is to notice that widely used methods, like the Energy of Laplacian
or the Energy of Gradient, are amongst those that consistently fail to produce higher focus

level for the better focused images, because Am is always positive.

3.3.2 Subjective Results

The subjective results, presented in Figure [3.4] confirm that reconstructed images with
optimum patch sizes are preferred in the majority of tests. This figure shows percentage of
test cases where the observers have chosen either I or I, ; as their preferred image in each
of the 6 tested image pairs. For all tested images, at least 61% of the inquired observers
have chosen I over I,,. In fact, in images with a wider range of depth, as images A and
B, this percentage rises to 78%, which is consistent with the high Ag values obtained for
these two images, when compared to the others. On average, in 70.5% (STD = 6.8%) of
the tests the observers preferred the images I (reconstructed with optimum patch sizes)
over I,,. For confidence intervals that keep the expected value above 50%, the results
shown in Figure present a certainty level above 87%, with the exception of image D,
where this value drops to 68%. This is due to the fact that this image depicts human
skin, where the artificial edges are much harder to notice, because of the inherent texture

irregularities.

3.3.3 Statistical Analysis and Relationship Between the
Objective and Subjective Results

Figure [3.5] shows the same results represented in Figure [3.4] but with the standard 95%
confidence intervals. These confidence intervals acknowledge the possibility of the true
preference of the observers be less than 50%, namely for images C, D, E and F. At the first
sight, this seems to indicate that these results are inconclusive. However, by dealing with
the outliers and by modelling the voting process, it is possible to narrow the confidence
intervals and extract more accurate results form the subjective data. This was proposed
in [55] (and further explored in [56]). The core idea is to model the raw preference of
the observer, according to Equation [3.4l Considering the e-th tested image, such that
e =1,..., F, evaluated by the s-th observer, such that S =1,...,.5, in this model, the raw
preferences are modelled as a random variable X, , composed by z., which represents

the true preference and B, ;, which is the random part of X, ,, representing the variable
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(a) (b)

Figure 3.3: Zoom-in of an extended depth-of-field reconstructed image (a) using optimum
patch size; (b) using a patch size 1 pixel larger than the optimum
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Figure 3.4: Subjective evaluation - preference of observers (%).
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Figure 3.5: Preference of observers (%), with the confidence intervals at 95%. Test image
A presents a confidence interval of £22.4, image B of +22.4, image C of £27.4, image D
of £29.6, image E of £25.1 and image F of £27.4.

factor referent to different observers. In turn, B, ; modelled as a Gaussian variable, where
the mean b, corresponds to the bias of subject s, and the variance corresponds to the

inconsistency (v?) of that same subject.

Xe,s = T¢+ Be,s; B~ N(b57 U?) (34)

In order to estimate the unknown parameters 0 = ({x.}, {bs}, {vs}), Maximum Likelihood
Estimation (MLE) is used. MLE is a statistical method for estimating the parameters (i.e,
mean and standard deviation) of a model, given some observations of the phenomenon in
study [57]. This method relies on the maximization of a likelihood function. The likelihood
function is a probability distribution, dependent on the variables that are being estimated,
given the observations of the phenomenon in study [58|. As such, a log-likelihood function

L, is defined in Equation The parameters are estimated by solving 0 = argmax L.
0

L= log P<{xe,s}|9)

(3.5)
= log P<{xe,s}|{xe}7 {b5}7 {US})

In light of the Belief Propagation algorithm [59] and assuming that the rating given by
one observer is independent from the rating given by the other observers, Equation



30 CHAPTER 3. MEASURING Focus IN IMAGES RENDERED FROM FOCUSED PLENOPTIC CAMERAS

can be rewritten according with Equation [3.6]

L = logH P(SL’E’S’CE@, bs,vs)

e,s

= log P(xcs|we, bs, vs)

e,s

Now, since X, is a function of random normal variables, it can be itself written as a

random normal variable, as stated in Equation

Xos ~ N (e + b, v?2) (3.7)

Taking Equation into account, the log-likelihood function L, can be rewritten in it
analytical form, as shown in Equation

In order to further simplify the log-likelihood function, it is possible to drop the constant
part of Equation as shown in Equation [3.9]

B 1 s 1 (Tes— Te — by)?
L:;—§~logvs -5 2 (3.9)
Then, this maximisation problem of the log-likelihood function expressed in Equation
is numerically solved by using the Newton-Raphson method [60]. This solution allows to

estimate the true preference of the observer and to obtain a narrower confidence interval.

When applied to the subjective scores previously shown, the estimated preference of the
observers says that in 84.3% of the cases, the observers choose the image rendered with
the optimal patch size, no matter what is the image, with narrow confidence interval (at

95%) , that can be computed with the usual manner, assuming a normal distribution, as
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shown in Equation [3.10]

Us

T, £ 1.96 -
VS

(3.10)

Since the estimated preference values only present negligible variations (in the order of

10~%), the resultant confidence interval is very narrow, presenting a value of 28.6 - 1073.

In order to further analyse the relationship between the objective and subjective data and
to evaluate the behaviour of the existing focus metrics, the Jaccard-Needham [61] and the
Roger-Tanimoto [62] between the two scores will be computed. As such, the results shown
in Table have been binarised. In the case of subjective data, if the preference of the
observers, for a given image, is higher than 50%, it is assigned value of 1 to that image.
Otherwise, a value of 0 is assigned. Regarding the objective focus metrics, the variation
Am is analysed. If Am is negative, the value 1 is assigned for a given metric applied to
a given image. If Am happens to be positive, value 0 is assigned. Analogously, if the

variation of the ¢, Ag, value is positive, number 1 is assign, otherwise, the value is 0.

With this binarised data, it is possible to compare how each metric behaves, against the
subjective test scores, that are used as references. In order to numerically and systemat-
ically evaluate this performance, two measures of similarity of binary arrays where used:
the Jaccard-Needham Index [61] and the Rogers-Tanimoto Index [62]. Note that, given the
nature of the data under study, metrics such as the Russell-Rao [63], Sokal-Michener [64]
and Dice [65] indexes yield the exact same results as the Jaccard Index. This evaluation
of each focus metric is presented in Table[3.2] However, since the study carried out in [66]
concluded that Rogers-Tanimoto index (/gr) yields more accurate results than the other
considered indices, all further discussion will be based on this indicator. As previously
mentioned, Iz measures the similarity between two binary vectors, yielding 100% if both
vectors are equal, and 0% if the vectors are complementary. It can be computed according
to Equation where S;;, 4,7 € {0, 1} represent the number of occurrences of the pair

1,7 in the corresponding position of both vectors.

_ S11 - S00
Soo +S11+2-S10+2-So

Irr (3.11)
From Table it is possible to see that 20 out of 34 (59%) Roger-Tanimoto scores are 0%
which means that the vast majority of the metrics totally contradict the subjective results.
This tendency is even more pronounced in the metrics that are based upon the Laplacian
of the image, where all of them present a score of 0%. The category that presents a higher
percentage of non-zero scoring metrics, is the Statistics-based ones, reaching an average

score of 39,5%. Further analysis shows that only 3 metrics attain a score above 50%:
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Jaccard-Needham Roger-Tanimoto

Subjective Tests 100.00 100.00
Agq 100.00 100.00

Gradient Energy 0.00 0.00

+ Gaussian Derivative 33.33 20.00

.% Thresholded Abs. Grad. 0.00 0.00

¥ Squared Gradient 0.00 0.00

U Tenengrad 0.00 0.00
Tenengrad Variance 0.00 0.00

5 Energy of Laplacian 0.00 0.00

'g Modified Laplacian 0.00 0.00

"2, Diagonal Laplacian 0.00 0.00

S Variance of Laplacian 0.00 0.00
Chebyshev Moments 33.33 20.00

R Absolute Central Mom. 83.33 71.43
£ , Eigenvalues 50.00 33.33
8 é Gray-level Variance 66.67 50.00
= = Gray-level Local Variance 16.67 9.09
e % Norm. Gray-level Local Var. 66.67 50.00
g Modified Gray-level Var. 0.00 0.00
« Histogram Entropy 66.67 50.00
Histogram Range 83.33 71.43
Brenner’s Measure 0.00 0.00

% Image Contrast 0.00 0.00

¢ Image Curvature 50.00 33.33

E" Helmli and Scherer’s Mean 0.00 0.00

@ Steerable Filter 33.33 20.00

.2 Spatial Frequency Measure 0.00 0.00

= Vollath’s Autocorrelation 0.00 0.00
Vollath’s Standard Dev. 83.33 71.43

.E ~ DCT Energy Ratio 0.00 0.00
g 8 DCT Reduced Energy Ratio 0.00 0.00
QO Modified DCT 66.67 50.00
w4 Sum of Wavelet Coeffs. 0.00 0.00
E % Var. of Wavelet Coeffs. 0.00 0.00
ug % Ratio of Wavelet Coeffs. 0.00 0.00
g = Ratio of Curvelet Coeffs. 33.33 20.00

=

Table 3.2: Evaluation of the Jaccard-Needham [61] and Rogers-Tanimoto [62]| Indices, to
compare the evaluations of the focus metrics with the subjective preferences.



3.4. FINAL REMARKS 33

Absolute Central Moments, Histogram Range and Vollath’s Standard Deviation. For these
3 metrics, the maximum score obtained in these experiments is 71.4%. However, observing
again Table [3.1] it is possible to conclude that Histogram Range presents very low values
of Am, with an average of 0%. This means that, effectively, Histogram Range does not
differentiate between the image rendered with optimal patch sizes and the image rendered
with the non-optimum patch sizes (one pixel larger). Although the same observation does
not hold for Absolute Central Moments, with an average Am = -0.41% Vollath’s Standard
Deviation presents the best discriminative power, with an average Am — -0.81%, i.e.,
almost 100% improvement over the former metric. Therefore, the obtained results lead to
the conclusion that Vollath’s Standard Deviation exhibits a better behaviour, as a focus
metric than the others, when applied to images rendered from a focused plenoptic camera.
Although it is not completely in accordance with the subjective results, it produces more
consistent results, in-line with the expectations for a focus metric. It is also noticeable
that the “quality factor”, ¢, presents a Rogers-Tanimoto score of 100%, which is a good

indicator of the image quality, in regard to the presence of sharp edges.

These results allow to conclude that applying standard focus metrics on extended depth-
of-field images rendered from light field data might lead to erroneous assessments. In
order to avoid the misleading behaviour of focus metrics due to artefacts generated at
patch borders, a possible strategy is to apply these algorithms exclusively outside the
affected regions. Additionally, a “quality factor”, like the one defined by Equation can
provide a strength measure of such artefacts, which is useful to improve objective quality

evaluation methods.

3.4 Final Remarks

In this chapter, 34 different focus metrics were considered and their performance was
evaluated in the presence of artefacts generated by the rendering algorithm. It has been
shown that most of the focus metrics are significantly affected by the high spatial frequen-
cies artificially introduced by extended depth-of-field reconstruction, providing a wrong
indication of better focus, due to overrating the focus level. This finding has been con-
firmed through a subjective evaluation process where the majority of observers preferred
the images better focused with the optimal patch sizes, rather than those with higher

objective focus level but lower perceptual quality.

Based on these results, a useful recommendation is to avoid the computation of focus level
at the borders of micro-images, when traditional focus metrics are used in extended depth-
of-field images. Furthermore, the smoothness of transitions between patches taken from

adjacent micro-images should be considered in the evaluation methodology by specifically
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measuring the gradients across patch boundaries.



Chapter 4

Method to Improve the Rendering

Process

The rendering methods previously described yield unavoidable discontinuities across the
patch borders of the rendered image, for one of two main reasons. Firstly, it does not take
into account that lenslet images acquired with plenoptic cameras may exhibit regions
where very low light intensity reaches the sensor, which corresponds to a lack of valid
information in regions between micro-lenses. Secondly, the process to determine the
optimal patch sizes cannot avoid the formation of noticeable transitions at patch borders
after tiling. Overall, such patch-based effects contribute to degrade the performance of the
rendering process used to obtain extended depth-of-field images by producing artefacts
in the visual information. Therefore, in this chapter, both this problems were studied in
depth and an algorithm to minimize each of the problems, thus improving the rendering

process, was proposed.

4.1 Shortcomings of the rendering process

The quality of extended depth-of-field reconstructed images, obtained from the rendering
process, suffers from its inherent limitations, which results in image artefacts, as explained

in the following subsections.

4.1.1 Low light-intensity image regions

Lenslet images are generated by capturing the light ray intensity passing through the

optical system of a plenoptic camera, comprised of a main lens and an MLA, placed
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in front of the camera sensor . Light rays incident on micro-lenses generate a micro-
image, while those impinging on their borders or at interstitial space between micro-lenses
are either highly attenuated or blocked, generating invalid information on the sensor. As

a result, the lenslet images exhibit darker regions at the micro-images’ borders.

In its minimization effort to solve Equation the rendering algorithm may find patch
dimensions that partially include some of the low light-intensity regions described above.
This leads to patch-based artefacts. Figure shows a rendered image of a uniform
white surface. The expected rendered image would be a uniform white surface. However,
what is seen in Figure is a hexagonal pattern, corresponding to the micro-images. The

dark boundaries of the micro-images are due to the vignetting effect of the micro-lenses.

4.1.2 Patch border artefacts

Although the optimum patch sizes found by the rendering algorithm described in Chapter
produce the smoothest possible transitions across patch borders, it is likely that some
artificial sharp transitions appear along the matching borders. This effect, which can be
observed in Figure has been addressed in and [69], by proposing methods to
overcome it, by using a depth map computed prior to rendering the extended depth-of-field
image. However, this presents a chicken-and-egg problem , since a depth map is used
to render the all-in-focus views, but one of the main goals of the view-rendering process
is to convert the light field data to its 4D representation, in order to apply state-of-the-
art algorithms for depth calculation. As such, a method for dealing with this unwanted
transitions, with no need for compute a depth map form the lenslet data is proposed in

the following sections.

;—-(»--(‘H(

(a) Effect of low light-intensity. (b) Patch borders artefacts.

Figure 4.1: Artefacts inherent to the rendering algorithm |§| (Image A).
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4.2 Proposed Method to Improve the Rendering

The method proposed in this section to overcome the shortcomings described in Section [4.1]
follows the pipeline presented in Figure [4.2] It is implemented as pre and post-processing,

in regard to a modified patch-based rendering algorithm.

Light Field
¥

Maximum Patch Size

Rendering
(Patch Selection)

Patch Border
Anisotropic Inpainting
¥
Extended Depth-of-Field Image

Figure 4.2: Proposed method including pre-processing (maximum patch size) and
anisotropic inpainting of patch borders.

4.2.1 Finding the maximum patch size

In the pre-processing step, a maximum patch size is determined in order to exclude from
the rendering stage those pixels of each micro-image border that belong to the low-light
intensity regions described in Subsection [{.1.1] Taking into account the circular geometry
of the micro-lens, this involves determining the circular region within the maximum micro-

image radius that does not include the dark borders.

In order to estimate the maximum radial dimension, R,,.,, to be used in each micro-
image w(i,7), an auxiliary binary mask K(p) (Equation is defined such that an
element k € K(p) is equal to 1 if its’ radial distance 7y is lower than an arbitrary radius p,
otherwise k = 0, corresponding to mask elements located in the outer region of the circle

of radius p, i.e. 0 < p < R, and R,, is the maximum possible radius, defined by the size
of the micro-images (see Fig. |4.3a)).

1, for rp, <p
K(p) =k | k= (4.1)
0, for rp, > p
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To determine R, a function f(p), defined for each micro-image is used. Such function
is given by Equation where (-, ) . denotes the Frobenius inner product and w is the set

of all micro-images (7, j) of a given lenslet image, following the notation used in Chapter

2l

fii(p) = (w(i,j), K(p))p Vi,j (4.2)

For each micro-image, Equation is used to calculate the sum of all luminance values
located inside the circle with radius p, thus it is monotonically increasing with respect to p
(region A in Fig. . However, due to the low-light intensity occurring at the borders
of each micro-image (see Figure [.1a), the rate of change of f(p) drastically decreases
as p increases towards the borders of each micro-image (region B in Figure [4.3D]). This
behaviour of f(p), shown in Fig. is used to determine the largest radial dimension

of the micro-image that should be used in the rendering process.

p = Riax
(a) Micro-image w. (b) Plot of function f(p).

Figure 4.3: Schematic showing the process for computing the maximum patch size for a
micro-image (Equation .

Considering the properties of f(p) discussed above, R, is determined as the value of p
that minimises the second derivative of f(p), according with Equation

a*f(p)
R, = argmin ) 4.3
remin =2 (4.3)

4.2.2 Rendering — patch selection

In the original rendering algorithm [§|, prior to determining the gradients of the Laplacian
between a patch and its neighbours, all patches are downsampled to the size of the smallest
possible patch. The border smoothness is then computed in this downsampled version of

the refocused image, using Equation Afterwards, the selected patches are upsampled
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from their original resolution to the target resolution of the extended depth of field image.
This is done to normalize the number of “source” pixels, before upsampling. Although, in
principle, this is a useful reason, the ultimate goal of the algorithm is to render the best
possible image quality. Therefore, it is worthwhile to compare the patches as they are
going to be used in the final image, without any kind of normalization. Furthermore, as

can be seen in Figure [1.4] without normalizing the patches yields better results.

In Figure [£.4] two images of the same scene and rendered from the same lenslet are
shown. Figure [4.4a] shows the result of rendering the view, when applying the discussed
patch size normalization process, while in Figure the view is rendered without any
normalization. It is clear that the normalisation in Figure gives rise to the choice

W
1

of a smaller patch size in the edge of the letter “i”, that seems out of place in the final

rendered image. It does not happen in Figure 4.4b

(a) (b)

Figure 4.4: Image shows a view rendered with normalization of the patch size, and
image [4.4b| shows a view rendered without the normalization step.

A modified patch-based rendering method is proposed to improve rendering shown in
Figure 4.2, The smoothest patch border transitions are determined using the original
patch size, rather than a downsampled patch. In this case, less artefacts are produced
because the patch used to maximize the borders smoothness is closer to the one used for

tiling in the final rendering step.

4.2.3 Patch Border Anisotropic Inpainting

As previously described, after rendering the extended depth-of-field images some sharp
transitions may still appear at the borders of the tiled patches (see Figure [4.1b). To

minimise the effect of this type of artefacts, the final stage of the proposed method recon-
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3

Figure 4.5: Generalisation of the inpainting problem: depiction of the know region ¢, the
region to be inpainted Q and boundary 62 between the two (from [72]).

structs the corresponding affected regions by using a smoothness criterion, aiming to keep
such border transitions as continuous as possible. This process only operates in limited
regions defined as patch borders, since the remaining ones in the micro-image do not need
any further correction. Therefore, the main objective of this stage is trying to propagate
the accurate information available in the limited regions near the patch borders of the
micro-images to the borders of the patches, such that the transitions between patches
become continuous. This process is known as diffusion-based image inpainting [70]. One
way to achieve this propagation is to use the heat equation [71], defined in Equation
where u is the function encoding the spatial heat distribution in a given space, « is a
positive constant, that characterises the heat transfer rate, ¢ is the time variable and V?(-)

is the Laplacian operator.

g—? =aV?u (4.4)
Lets consider an image [ with a region to be inpainted 2 with boundary 62 and a
remaining region ¢, such that ¢ = I — Q, as represented in Figure 4.5l Assuming that
the contents of image I can mimic the behaviour of the heat distribution function u in
Equation and interpreting the region ¢ as fixed initial conditions (i.e., the “heat”
in that region is imposed to be constant through time), it is possible to propagate the
information of region ¢ to fill region €2 by solving the heat equation, ensuring at the same

time that the boundary 0€2 is kept continuous.

Since it is not practical and/or efficient to solve Equation algebraically, widely known
numerical methods, such as the finite differences [73| can be used. In light of this method,
the equation can be solve iteratively, by using Equation where the time ¢ is modelled

in terms of consecutive iteration steps, represented by k, and instead of heat distribution



4.2. PROPOSED METHOD TO IMPROVE THE RENDERING 41

u, the image [ is used instead.

Liyr = I + V2, (4.5)

By definition, the heat reaches the equilibrium when the temperature of a given point
does not change within a certain time interval. Thus, the stop criterium for Equation
is set, so that the equilibrium is reached when the absolute difference of I between

consecutive iteration is less than a threshold €, as shown in Equation

‘[k+1 - [k’ g € (46)

However, since the diffusion modelled by the heat equation is intrinsically isotropic, edges
crossing through region w are not taken into account and are thus not kept, making
this region appearing somehow blurred, as shown in Figure In order to solve this
problem, it is possible to modify Equation in order to take the gradients of the original
image into account, and thus preserve the edges. This kind of guided diffusion is called
anisotropic diffusion [70]. In [74], it is suggested to modify the heat equation, according
to Equation [4.7, where V denotes the differential operator and D a diffusion matrix.

ol
— =V (DVI), (4.7)
ot

As with the heat equation, the finite differences method can also be applied to Equation
1.7, as proposed in Equation This means that apart form the equation itself, the
solution is attained by the same method and with the same stop criterium, since both

equations are Partial Differential Equations (PDEs).

Lie1 = I+ V - (DVI}) (4.8)

The diffusion matrix D is based upon an image descriptor, in this case the structure
tensor, 7. This can be computed pixel-wise, as represented in Equation 4.9 where w
is an averaging window function, and I? and IJ are gradients of the Gaussian smoothed
image [, with an inner scale p, in the x or y direction respectively. Usually, the operator

w? is a Gaussian kernel with an outer scale o [75].

T wz * (IIZIIZ) wZ % (]zz_@:) | (1.9)
w” * (I1F) w? x (I01F)
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(c)

Figure 4.6: Application of isotropic diffusion (Figure [4.6b]) and anisotropic diffusion (Fig-
ure {4.6¢|) for inpainting the gap between the white bars on Image [4.6al
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The index ij of the diffusion matrix D is determined from the eigenvectors v; = [v11, v12)

and vy = [v9,v90] of T and their associated eigenvalues A\; and A\, [76], as shown in
Equation [4.10]
2
Dij = Z )\n * Uni * Unj, (410)
n=1

Figure [4.6| shows both the isotropic inpainting method (Figure and the anisotropic
method (Figure [£.6d), applied to the gap between the two white bars on Figure [{.6a] In
the case of the isotropic inpainting in Figure [£.6D] it is possible to see that the edge of the
bars is not continuous. Instead, the black regions become white, giving the impression of
blurriness. However, in [4.6¢} there is a clear attempt to continue and connect the edge of
both black bars, generating a sharper (and therefore much less linear) transition between
black and white in the inpainted region. For this reason, the anisotropic inpainting method
is chosen to fix the problem of the artificial edges that appear between neighbour micro-

images.

In summary, the patch border regions (4 pixels wide, two pixel for each side of the border)
are iteratively reconstructed, by propagating the information within the inner regions of

the patches to its borders.

4.3 Results and Discussion

The performance of the proposed method was evaluated using the same set of six light
field lenslet images, as in Chapter

The effectiveness of the method proposed for smoothing the patch transitions of the ex-
tended depth-of-field images was numerically assessed in terms of an objective measure
herein proposed. Additionally, visual observation was also considered for further valida-
tion. The validated quality metric ¢, defined in Equation 3.1 was used to numerically
assess the reduction of the border artefacts, given that higher values of ¢ mean sharper

border transitions and, consequently, lower rendering performance.

The objective measure ¢ obtained for extended depth-of-field images rendered with the
proposed method was compared to that obtained for images rendered with reference
algorithm [8]. The smoothness gain G,, given by the ratio between ¢ of the reference
algorithm and the proposed one, was used as performance metric. This ratio in shown
in equation [4.11] where [ is the extended depth-of-field image rendered with the original
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algorithm [8] and J is the same image rendered with the proposed method.

EICORNETN (4.11)

T oa())
The results, presented in Table for images A to F, clearly show that the proposed
anisotropic inpainting method drastically reduces the overall accumulated gradient over
patch borders by many orders of magnitude. These results demonstrate that the proposed
method efficiently smooths out the artefacts created by the commonly used rendering
method.

Imge| A B C D E F
G, |111 98 624 986 350 106

Table 4.1: Smoothness gain, G, of the proposed method for six images (A to F).

The visual effect of the images improved by the proposed method is shown in Figures [1.7]
[4.8and [4.9] From those results, the effectiveness of the anisotropic inpainting in reducing
patch-based artefacts is quite obvious. The smoothing effect on patch borders can be
clearly observed and its contribution for a better reconstructed image are quite evident.

Similar results were achieved for all images used in the evaluation data set, as can be seen
in Table [£.1]

S S

(a) Corrected effect of low light-intensity. (b) Mitigation of patch borders artefacts.

Figure 4.7: Images from Fig. rendered with the proposed method (Image A).
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(a) Rendering method in [§]. (b) Proposed method

Figure 4.8: Rendered image (Image B).

1m!

a) Rendering method in [8]. b) Proposed methods

Figure 4.9: Rendered image (Image F).
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4.4 Final Remarks

The main shortcomings of patched-based algorithms for rendering extended depth-of-field
were addressed in this chapter. In particular, an efficient solution, employing anisotropic
inpainting, was devised that minimises the impact of low light-intensity regions and micro-
image border gradients in order to improve extended depth-of-field image reconstruction.
The proposed method, achieves better reconstructed images, significantly reducing the
artefacts created by current patch-based methods. Overall, the quality and accuracy of

refocusing algorithms may benefit from this method.

Furthermore, since the artificial edges have been mostly corrected by using methodologies
described in this chapter, it is now expected that the application of current focus metrics

to the rendered images yield correct results, without further adaptation of the metrics.



Chapter 5

Combining All-in-Focus Images from
Extended Depth of Field Cameras

As previously explained in Chapter [2] focused plenoptic cameras are designed to achieve
a better trade off between depth of field by and spatial resolution, in comparison with
unfocused plenoptic cameras. In order to further improve the useful range of depth of
field, Raytriz researchers introduced in [13| a focused plenoptic camera with extended
depth of field.

In the case of the Raytriz R42, the improvements over the traditional focused plenoptic
camera consists in the use of 3 types of micro-lens in the MLA, in order to increase
the depth of field. Each type of micro-lens has a different focal length, i.e., focusing at
different depths. Therefore, by choosing the adequate lens type for each region of the
captured scene, it is possible to effectively improve the depth of field, and yet obtain

rendered images with high spatial detail.

5.1 Integrating the Lens Types into the Rendering

In practice, as proposed in [8], the three types of lens present in the lenslet image are
treated independently, as if three focused plenoptic cameras with, MLAs with different
focal lengths, were capturing the exact same scene. Hence, it is possible to render three
similar images from a lenslet image captured with a focused plenoptic camera with ex-
tended depth of field. These images only differ on their focus plane and are slightly shifted
apart in the horizontal direction, due to the fact that lenses of different types are not lo-

cated in the exact same physical spot in the MLA (they are placed side-by-side, as shown

in Figure [5.1).
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Figure 5.1: Representation of the lenslet structure typical of the focused plenoptic cameras
with extended depth of field, where the 3 types of lenses with different focal lengths can
be clearly seenﬂ

In order to take advantage of the existence of three rendered images of the same scene, it
is suggested in , that for rendering an extended depth-of-field image, only a correction
of the horizontal offset between the images is necessary. Then the final rendered image
is computed as the pixel-wise average of the three images. However, as the following
discussion shows, when combining two or more images to improve the focus, it is always

better to choose the better focused one, over a linear combination of the set of images.

In order to carry out such demonstration, lets consider an isotropic light source and a
camera-like capturing scheme, with a main lens and a photo-sensor, as depicted in Figure
b.2l After going through the convergent main lens, the image is formed in-focus again,
when both the dashed and the solid line converge. At this moment, the image should be
an identical representation of the object. However, according to the model represented
in Figure [5.2] the light only reaches the photo-sensor after the image is formed. The
photo-sensor is represented in the figure by a vertical thick line. This means that the
light, originally coming from a point source, is scattered through the region depicted in
red (for now, lets assume that the scatter pattern follows a Gaussian shape, like depicted
in the figure. This assumption will be explained later). In other words, the captured light
is unfocused when it reaches the photo-sensor. Nonetheless, the light intensity emitted by

the point light source, is the exact same that is received in the entirety of the red region
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Figure 5.2: Unfocused camera-like acquisition system, simplified in 2-dimensions.

of the photo-sensor.

Thus, it is possible to integrate light intensity captured by the photo-sensor and it will
always be less than the source light intensity, unless the integration interval covers light
spread by the unfocused capturing system. If all the captured light is integrated, the
attained value should be equal to the source light intensity. Although simplified in two
dimensions, but without loss of meaning for the demonstration at hand, this inequality
is shown in Equation .1, where Ig,ucc represents the light intensity emitted by the light
source, I;mage () represents the light intensity captured by the sensor at the vertical point

x and c is the length of the region considered for integration.

C
Isource 2 / ]image(x) dz (51)
—c

As stated in the previous paragraph, it is possible to conclude from Equation that,
if ¢ is big enough, strictly speaking, if ¢ = oo, the inequality becomes an equality, as
expressed in Equation [5.2] This is the case, because all the light emitted by the source in

eventually contained within the captured image, although it is more spread out.

Isource - / Iimage(x) dw (52)

oo

Now, according to |77], unfocused camera-like acquisition systems can be characterized
by a Point Spread Function, which is basically the impulse response of the optical system.
This means that the wider Point Spread Function, the more out of focus the optical system
is. Tt is also mentioned in [77,/78|, that Point Spread Functions can be approximately
modelled by a Gaussian function. Ergo, Gaussian functions with higher standard deviation
are able to model more out of focus systems. Thus, Equation[5.I]can be rewritten as shown
in Equation , where a = 0, - V27 and o, is the standard deviation that parametrize a

!Image taken form https://www.raytrix.de/wp-content/uploads/delightful-downloads/2015/
07/Raytrix_LightFieldCamera_2015_print1.pdf, as of 14*" of November 2018.


https://www.raytrix.de/wp-content/uploads/delightful-downloads/2015/07/Raytrix_LightFieldCamera_2015_print1.pdf
https://www.raytrix.de/wp-content/uploads/delightful-downloads/2015/07/Raytrix_LightFieldCamera_2015_print1.pdf
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given optical setup with the corresponding degree of focus.

“1 )2
]source > / - 67(5) dw (53)

Considering now two different optical systems, characterized by o, and o}, such that
system with o, is better focused than system with o, (the Point Spread Function is
narrower in the system with o, than in the system with o3), which is mathematically
equivalent to state that o, < o3, and thus @ < b, given that b = o, - v/2m. It is then
possible to establish the relationship between the light intensity, integrated for equivalent

and equally sized regions, acquired by the two optical systems (Equation .

/ RSP O RS / L) e (5.4)

From Equation it is clear that, for a small enough integration interval ¢, such that
not all the light acquired by the optical system with o, is considered, the left hand side
of the above equation is always bigger than the right and side. Physically, this means
that the light intensity captured by the system with o, is more concentrated then in the
system with o.. Thus, the system with o, in closer to the punctual light source and thus

is “more focused” then the system with o,.

In light of Equation [5.4] it is now possible to assess the validity of claiming that choosing
the better focused image, is always better then considering the normalized linear combina-
tion of two unfocused images, regarding to the focus quality .In order to do so, Equation
5.4 was rewritten according to equation [5.5) where «, 8 € IR are the weights of the linear

combination.

/C é () e > /_ - Jlr 5 <% () % e (3) > do (5.5)

—C

Solving Equation yields the results that can be seen in Equation [5.6] where erf(-)

denotes the Gauss error function.

erf (2) > erf (g) (5.6)

Given that a < b as previously stated and, for the purpose of analysing Equation lets
consider ¢ = a. The Equation then yields erf(1) > erf(a/b), and since a < b, a/b < 1.
Thus, considering the Gauss error function depicted in Figure the equation is true for
this particular case. In fact, given that ¢ < b, and with help from Figure|5.3] it is possible
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erfix)

Figure 5.3: Plot of the Gauss error function.

to conclude that erf(c/a) > erf(c/b) is always true, because ¢/a > ¢/b.

Thus, in light of the discussion about Equation it is possible to conclude that choosing
the “better focused” image between two unfocused images is always better, regarding focus
quality, than combining the two images, as proposed in [8]. Ergo, in the remaining of this
chapter, a method for choosing which type of lens is suitable for each region of the rendered

image (i. e., more in focus) is described.

5.2 Merging the Information from the 3 Types of Lens

In this Section, the workflow for joining the information os the three lens types into one
extended depth-of-field image is described. This process is done in two steps: first, the
three images generated from each type of lens need to be matched, since they present a
horizontal offset between them, due to the spatial location difference of the lenses in the
MLA. This type of image matching is commonly known in the literature as registration.
Second, for each region of the captured scene, it is evaluated witch of the micro-lens’ types
is better focused. Then an image composed by these more in-focus parts of the original
three rendered views is composed. This way, it is possible to avoid the linear combination

approach suggested by [§], and take better advantage of the available data.

5.2.1 Image Registration

A first approach to find the offset between the images for correct registration, is to compute
the cross-correlation between two of the images, and then find the maximum value of the

cross correlation, which corresponds to the offset. Then, a simple horizontal shift of one



CHAPTER 5. COMBINING ALL-IN-Focus IMAGES FROM
52 EXTENDED DEPTH OF FIELD CAMERAS

image would suffice to align both of them. However, this approach is limited to the

resolution of one pixel, which might not be sufficient to properly align the images.

In order to have subpixel accuracy, it is possible to retain the same approach but upsam-
ple the image first. For example, to have half-pixel accuracy, the images would need to be
upsampled to twice their original dimensions, to have quarter-pixel accuracy, the images
would need to be upsampled four times their original dimensions, and so on. There-
fore, this approach is tremendously memory consuming, in order to have relatively small

increases in accuracy [79).

A much more efficient and fast algorithm is proposed in [79|. It defines the registration
problem as a minimization of the normalized root-mean-square error (NRMSE), according
with Equation , where f(x,y) denotes the reference image, g(x, y) the image to register,
(20, yo) the offset between the two images, * the complex conjugate and E the NRMSE.

> y (9(7 — 20,y — Yo) — f(%y))z

Z,

E? = argmin

Z0,Y0 Z%y (f(.T, y))2

argmax . (f(z.y) - ¢"(x — 2o,y — ¥0))

0,Y0

S ey (Flay)® -3, (9(a,y)?

2 (5.7)

Since the denominator of Equation is constant for any two given images, only the
numerator is relevant to the problem at hand. As such, the numerator can be rewritten
according with Equation [5.8] where F'(u,v) and G(u,v) represent the DFT of f(z,y) and

g(z,y) respectively and N and M are the spatial dimensions of the image.

u-TQo

argmax Z (F(u,v) - G*(u,v) e (" +Uﬁo)>2 (5.8)

The algorithm proposed in [79] starts by computing the DFT of each image, after up-
sampling by a factor of 2. Then, Equation is used to compute the offset between the
images with an accuracy of half-pixel, in order to have a vague estimation of the final
result. At this point, equivalent windows of 1,5 by 1,5 pixels, upsampled by an arbitrary
desired factor of ¢, are compared between the two images, once again using Equation
The final step is to recover the two images, by preforming the inverse DFT on each of the
images. This way, it is possible to compute the registration of two images, with a desired

accuracy of 1/e, in a efficient manner, memory-wise.
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5.2.2 Multi-Focus Image Fusion

Image fusion methods are algorithms developed to merge several images of equivalent
quality into one of higher quality, given that the definition of quality depends upon the
characteristics of the images that are being improved [80]. More specifically, multi-focus
image fusion techniques are devised to take the more in focus parts of two images of the
same scene, and put them together, such that applying a focus metric to the final image
yields a better result, then applying it to each of the original images individually, being

the focus metric the definition of quality, in this case.

Therefore, in order to merge two images of the same scene, f(x,y) and g(z,y) with
dimensions of M by N, focused at different depth planes, the binary segmentation map
p(z,y) needs to be computed [81]. This map yield the value of 1 if the image f(x,y) is to
be chosen and the value 0 if g(z,y) is the one to choose. This way, the resulting merged
image h(z,y) can be computed according with Equation [5.9] where - denotes pixel-wise

multiplication.

h(z,y) =p(z,y) - f(z,y) + (1 —p(z,y)) - 9(x,y) (5.9)

In order to compute p(x,y), it is proposed in [82] to first filter images according with
Equation [5.10, where * denotes the convolution operator and | - | the absolute value.

ffiltered(x>y) - |H * f(xvy)‘
gfiltered<x7y) = |H *g(l’,y”

H=1]1 -8 1
1 1 1

The H kernel in Equation is design to emphasize the sharp edges present in the
images. Now, the segmentation map can be computed, using a sliding window approach
(in order to keep each maximization process feasible) of size (2w+1) by (2w+1), according
with Equation where AF = fritereda — Gfittered- AF allows to map the sharp edges
of image f(z,y) to the positive values and the edges of the image g(x,y) to the negative

values, allowing to condense the information of ffiereq and griereq in a single image.

2w 2w

W, , = argmax Z Z AF(x —w+ 1,y —w+m)W,,([,m) (5.11)

Wa,y =0 m=0
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Equation is then solved for each of the sliding windows, using the simplex method [83],
subjected to the constraints transcribed in Equation where € is the spatial coherence
threshold.

Wy (l,

)

)

€

m) — Wy, (L —1,m)|
m | <e (5.12)

’WI,y(lv ) - Wﬂﬁ,y<l7m - 1)
0<W,,(I,m) <1

)

NN

This constrains, force the variations of the segmentation map to be smooth. Hence, it
effectively spreads the information contained in the sharp edges, to the regions where the
original images are smooth. By joining all the sliding windows together, it is possible to
Retrieve the whole segmentation map, according with Equation where N, (z,y) is

the number of windows that include the point (x,y).

- ZZ?EUJ x+l7y+m(w - l> w — m)

P(z,y) = == No(ey) (5.13)

The last step is to binarize the segmentation map, according with Equation [5.14]

1, if P(z,y) > 0.5
p(z,y) = (5.14)
0, if P(z,y) <0.5

After obtaining p(z,y) from Equation it is possible to use Equation [5.9to merge the
two images. However, in this application specifically, there is the need to merge three
images. In order to do this, an intermediary image, which corresponds to the merge of
two of the three images, needs to be computed. Now, to obtain the merge of the three
images, the same algorithm is applied, but this time to merge this intermediary image

and the third image.

5.3 Results

In order to evaluate the performance of the proposed method, a comparative metric, Gp
has been defined in Equation |5.15, where f(-) denotes a general focus metric, Iy, I; and I
denote the extended depth of field images rendered form lens types 0, 1 and 2 respectively,

and I; € {lo, [1, Is, Imergea}, where ILeqeq denotes the merged image rendered form the
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other three, using the method described in this chapter.

f)

1 = (o), (1), F )

- 100 (5.15)

Analysing the application of Equation for image A, for example, it is possible to
quickly assess the better focused of the three original all focus images (Iy, 1, and I5),
since it should yield the value 100, and how worse the others are focus wise, compared
to it, since the other two shall yield values lower than 100. Analogously, if the value
of Equation computed for I; = Iergeq i lower than 100, it means that it is worse
focused than the better focused image of the set {Io, I1, 5}, according with focus metric

f. If the value is greater than 100, it means that I; = I,ergeq is better focused.

The measurements of focus, as described in the previous paragraph is shown in Table [5.1]
In this case, the focus metric used was the Energy of Laplacian, since it is one of the more
commonly used metrics. These measurements where carried out in the same way for the

six images than where used in the previous chapters.

Image ]0 ]1 ]2 ]merged
71 81 100 129
68 89 100 117
75 100 86 124
8 92 100 109
66 100 94 111
80 85 100 127

HEHOQW»

Table 5.1: Assessment of the focus improvement. Values in table computed using [5.15]
with the Energy of Laplacian focus metric.

From Table [5.1], it is possible to conclude that the proposed method improves the overall
focus for all the six images. In fact, it is possible to see that a minimum perceptual
improvement of 9% in image D and a maximum of 29 % in image A. It is also possible to
notice that, for the 6 test images, all present better focus for micro-lenses of type 1 or 2

than for type 0.

5.4 Final Remarks

In this chapter, the problem of combining the information of the three types of micro-lens
was addressed. First, it was shown that any kind of normalized linear combination of
two images is worse than picking the most focused image of the two, focus-wise. Upon

this results, a method for selecting the most focused type of micro-lens for each region of
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the scene was proposed, which raised the problem of image registration, which was also
addressed. By using the combination of methods described in this chapter, an average

improvement of 19,5 % in focus, measured by the Energy of Laplacian method.



Chapter 6

Conclusions

In this dissertation, rendering methods for focused plenoptic cameras with extended
depth-of-field have been explored. First, in Chapter |3| the application of 34 different
focus metrics on images rendered with focused plenoptic cameras was studied. It was
then shown that the majority of focus metrics are inflated by the high spatial frequencies
artificially introduced by the extended depth-of-field reconstruction algorithms. This re-
sults in a wrong indication of better focus, given that our study shows that images with
more artefacts are deemed better focused then the ones with less artefacts. The objective
results were confirmed by a subjective evaluation process, where it is shown that the ma-
jority of observers preferred the images better focused with the optimal patch sizes, over

those with higher objective focus level but lower perceptual quality.

Then, in Chapter [4] the artificial high frequencies caused by the rendering algorithm in
the region of transition between two neighbouring patches were mitigated, resorting to
anisotropic image inpainting of these regions. Furthermore, a method for automatically
calculating the maximum patch size for each micro-lens was proposed. This minimizes the
impact of the low light-intensity regions characteristic of the rims of the micro-lenses in the
rendered images. These improvements result in a significant improvement in the rendered
images, both numerically and visually. Moreover, the focus measure problem presented
in Chapter |3|is no longer an issue, since the effect of the artificial edges introduced by the

rendering algorithm are no longer meaningful.

Finally, Chapter |5| describes a methodology for merging the three images of the same
scene, that are the result of having three different types of micro-lens, in focused plenoptic
cameras with extended depth of field. First, it was shown that any kind of normalized
linear combination of two images is worse than picking the most focused image of the
two, focus-wise. Then, an algorithm for sub-pixel image registration was described. This

algorithm is based upon the search of the maximum of the correlation of the FFT of
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two images. Lastly, an algorithm for merging the most focused regions of each the three
images into one image was presented. This algorithm resulted in an average improvement

of 19,5 % in focus, measured by the Energy of Laplacian method.

In summary, this thesis present a pipeline that improves the overall quality of rendered
views from focused plenoptic cameras with extended depth of fields, both numerically
and visually. Hence, since the view rendering process is the basis for other processing
techniques, such as depth estimation, this pipeline provides a better foundation, than the

original rendered algorithm, presented by [8§].
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