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Knowing the depth of a scene is a vital part of many computer vision applica-
tions, ranging from autonomous driving to augmented reality. Monocular depth
estimation is the technique of predicting the depth of a scene given a single im-
age. This ill-posed problem is increasingly being tackled with end-to-end neural
networks thanks to advancements in machine learning. Deep learning techniques
require large datasets with accurate ground truth depth maps for training. There
are many features within an image that are used to decipher depth, these include:
texture, object size and defocused blur. The large datasets that are provided for
monocular depth estimation by nature do not include all of these features.

This project studies the state of the art in monocular depth estimation and
their ability to generalise to an unseen dataset that includes images with features
across all-in-focus images and images with a defocus blur. This dataset consists
of various four-dimensional light fields which unlike traditional two-dimensional
images, capture both the spatial intensity and angular direction of light rays. We
use these light fields to create three distinct datasets (all-in-focus, front focus and
back focus), using a shift-and-sum algorithm. These datasets are used to study and
evaluate the performance of the chosen monocular depth estimation techniques.



In this dissertation we present the findings of the study, showing that despite
the advancements made in monocular depth estimation, there is still a large gap
in performance in comparison to other depth estimation techniques and that the
performance of the state of the art cannot be predicted across the three datasets.

The code that accompanies this work is available at:
https://github.com/NiallEHunt/MonocularDepth-Using-LightFields
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Chapter 1

Introduction

Knowing the depth of a scene is an important task in computer vision. There are

many current techniques for estimating a depth map from a single image. In this

dissertation we explore the usage of four-dimensional light �elds to evaluate the

performance of existing depth estimation techniques and suggest future avenues

of research into improving these techniques with the use of light �elds.

1.1 Motivation and goals

Measuring the distance of an object relative to a camera is a vital part of many

computer vision applications. Understanding the three-dimensional world through

computer vision allows applications to interact with and understand their en-

vironment. This can be used in many exciting ways. Some of these include:

three-dimensional modelling [16], foreground-background segmentation [7], robot

navigation [8], autonomous driving [41] and augmented reality [26].

Traditional methods of depth estimation often include stereoscopic imagery or

Lidar (Light detection and ranging) technology. While these methods are accurate,

they are not suitable or practical for every application. In many instances the depth

information of a scene is needed for an application where only a single camera is

available. For example, an augmented reality phone application only has access

to the phone's camera. For these situations, we use monocular depth estimation

methods.
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Monocular depth estimation uses a single input image rather than stereoscopic

images to estimate the depth map of the captured scene. Monocular methods

are primarily split into methods that use all-in-focus images and methods that

utilize depth cues from defocused images. In this paper we refer to images with a

defocused blur outside of the focal plane as defocused images. See �gure 1.1 for

examples of an all in focus image and defocused images.

(a) All-in-focus image (b) Front focused image (c) Back focused image

Figure 1.1: The centre view of the table light �eld from [18]. (a)
shows the all-in-focus view (b) shows the defocused view with the
focus plane near the camera (c) shows the defocused view with
the focus plane far from the camera.

All-in-focus depth estimation models tend to rely on perspective, size, texture

and shading cues to estimate the depth in an image. These factors can vary greatly

depending on the scene and the camera used to take the image. Thus, all-in-focus

methods tend not to generalise well to unseen data. Geiger et al. (2013) [11]

provide the KITTI dataset which is widely used for training all-in-focus monocular

depth estimation models. The images from this dataset are captured from the roof

of a car. Models trained solely on this dataset may not perform well on images

captured by a phone camera, for example, due to the di�ering perspective and

image quality.

On the other hand, depth from defocus estimation models use defocus clues to

estimate the depth in an image, often relying on the strength of the defocus blur to

determine the depth of the scene. A study has not been done on the e�ectiveness of

these methods on all in focus input images and so we cannot say if they generalise
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well to all-in-focus images or not. Intuitively, we may think they will not perform

well on all-in-focus images as their learned features relate to the blur seen in the

image and all in focus images do not contain the same blur. Conversely, all-in-

focus models may not perform well on defocused images as their learned features

rely on geometric shapes, sizes and textures which lose detail in defocused areas

of an image.

The aim of this project is to evaluate the performance of the existing state of the

art on unseen all-in-focus images as well as unseen images with a defocused blur.

We aim to study the ability of the state of the art to generalise to unseen datasets

and to compare their results to the performance of light �eld depth estimation

methods.

1.2 Project overview

For this project we evaluated four state of the art monocular depth estimation

models on a range of input images. We used the HCI light �eld dataset provided

by Honauer et al. (2016) [18] to generate all-in-focus and defocused images to

test the chosen models. We used a shift-and-sum algorithm to generate the defo-

cused images from the light �elds. Figure 1.1 shows the generated all-in-focus and

defocused images for the table scene in the HCI dataset.

Using the benchmark set of light �elds from the HCI dataset (see �gures A.1,

A.2 and A.3 for the full benchmark dataset) we created three distinct test sets:

all-in-focus, front-focus and back-focus. These test sets consist of the generated

all-in-focus and defocused images for the benchmark light �elds. The front-focus

images have the focus plane near the camera while the back-focus images have the

focus plane far from the camera. In both cases objects outside of the focus plane

have a defocus blur, the intensity of which is dependent on its distance from the

focus plane.

The three generated test sets were used as inputs into the four monocular depth

estimation models chosen for this study. The evaluation methodology and code

accompanying the HCI dataset [22] were used to evaluate the accuracy of these

estimated depth maps. We compare the results of each model across the three test

datasets. We found that the performance of the models across all-in-focus and
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defocused images could not be predicted and that the monocular depth estimation

models performed signi�cantly worse than the light �eld depth estimation models.

1.3 Structure of dissertation

The rest of this dissertation is structured as follows. Chapter 2 provides a summary

of the background research that was carried out as a part of this project. Here a

summary of depth estimation, namely traditional and monocular depth estimation,

is provided as well as a summary of light �eld imagery. Chapter 3 covers the study

of current deep monocular depth estimation techniques and their evaluation using

a light �eld dataset. Finally, chapter 4 summarises the conclusions of this project.

Here a summary of the project's �ndings are discussed and suggestions for future

work, including possible improvements to deep monocular depth estimation using

light �elds, are provided.
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Chapter 2

Background Research

The goal of this project is to evaluate the performance of deep monocular depth

estimation using light �elds. This chapter summarises the background research

that was carried out as part of this project. Section 2.1 covers the depth estimation

techniques, while section 2.2 provides a summary of light �eld imagery.

2.1 Depth estimation

The goal of depth estimation is to generate the depth map of a scene from a certain

viewpoint. This depth map is a representation of the spatial structure of the scene

and encodes the z-axis as a depth value (see �gure 2.1b). This spatial information is

vital for many computer vision applications. There are many techniques for depth

estimation that have evolved over the years alongside technological advancements.

These techniques are split into traditional depth estimation and monocular depth

estimation.

2.1.1 Traditional depth estimation

Traditional depth estimation methods are generally broken into binocular or multi-

view methods and sensor based methods.
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(a) Original RGB scene (b) Depth map (c) Disparity map

Figure 2.1: The centre view of the table light �eld from [18]. (a)
shows the original RGB image (b) shows the ground truth depth
map, the lighter the pixel the larger its depth value (i.e. it is
further from the camera) (c) shows the ground truth disparity
map, the lighter pixels have a greater disparity between images.

Binocular depth estimation

Multi-view methods use multiple cameras to capture a scene and use triangulation

to estimate the depth. These methods primarily use two cameras, hence binocular

depth estimation. Binocular depth estimation mimics one of the processes through

which humans perceive depth [33].

This method captures two images of a scene separated by a distance, similar to

human vision in which images are captured by two eyes. These two images form

a stereo pair with a left image and right image. The displacement of an object

between the left and right image is called the disparity. You can see this disparity

by simply looking at your �nger held in front of you while alternately closing an

eye (�gure 2.2 shows an example of this). The disparity is calculated for every

pixel to form a disparity map [34] (see �gure 2.1c).

To calculate the disparity, �rst the location of matching pixels from each image

need to be found. This process is called stereo matching. Careful calibration

and image recti�cation are required before calculating the disparity. These steps

project the images onto a common plane known as an epipolar plane, thus allowing

the vertical parallax between the two images to be omitted. Stereo matching can

then be constrained to searching a single horizontal line [37]. Further processing
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Figure 2.2: An example of the disparity between the stereo pair
of images captured by human eyes.

is done to make the images equivalent to that taken from a pinhole camera.

We can use the relationship between depth and disparity, seen in �gure 2.3, to

obtain the depth value. Through similar triangles we can obtain the depth value

shown in equation 2.1. The derivation for this equation is included in the appendix

in section A.1.

(2.1)z =
fb
d

Sensor-based depth estimation

Sensor based depth estimation methods use speci�cally designed sensors to mea-

sure the distance to an object. A common example of this methodology is Lidar

(light detection and ranging). Lidar is a method of determining depth using light

in the form of a pulsed laser [31]. The time taken for the light to re
ect o� of

an object and back to the sensor is recorded using a time-of-
ight camera. The

distance traveled by the beam is calculated using the speed of light and the time

taken for the light to return to the sensor. This type of Lidar provides an accurate

depth measurement for the singular point at which it was aimed. To create a

depth map of a scene, the depth is measured point by point. The beam scans the

scene measuring the depth at each point and the output is stored as a depth map.

Lidar sensors are currently used in many applications. They provide accurate

depth information for autonomous vehicles [9] and three-dimensional mapping [25].
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Figure 2.3: This �gure shows the relationship between disparity
and depth for stereoscopic imagery. The �gure assumes the left
and right images are co-planar and are taken by pinhole cameras.
A is an object that we are capturing. B and D are the entry
points to the two pinhole cameras through which the light rays
are captured.

While these sensors provide accurate depth maps, they are prohibitively expensive

for many applications.

2.1.2 Monocular depth estimation

The goal of monocular depth estimation is to generate a depth map for a scene

from a single RGB image. While traditional methods use complicated setups with

carefully calibrated cameras or expensive Lidar, monocular depth estimation aims

to provide depth estimation for simpler and cheaper single camera setups.

Early work in this �eld used traditional computer vision techniques to identify
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key features in images. Saxena et al. (2006) [35] used a discriminatively trained

Markov Random Field model on multi-scale local and global image features. The

authors created a dataset using a laser range �nder and a camera. They were able

to reproduce fairly accurate depth maps despite some errors and inaccuracies in

their dataset.

Since [35], there have been many advancements in monocular depth estimation.

Newer computer vision and deep learning techniques and larger, higher quality

datasets have led to signi�cant improvements in the state-of-the-art. Supervised,

semi-supervised and unsupervised machine learning techniques have been utilised

in monocular depth estimation [42]. Generally supervised models perform very well

when testing on the dataset used to train them but do not generalize well to unseen

data, while semi-supervised and unsupervised models are better at generalising

but do not achieve the same accuracy. There are two main types of images used

for training deep monocular depth estimation models: all-in-focus images and

defocused images (see �gure 1.1 for examples of all-in-focus and defocused images).

This study evaluates the performance of three supervised models and one self-

supervised model (outlined below) on unseen all-in-focus and defocused images.

The chosen models for this study are:DenseDepth [3], GDN-Pytorch [36],

Defocus-Net [27] and Monodepth2 [13]. DenseDepth uses an encoder-decoder

network and transfer learning to predict depth maps for a given image. GDN-

Pytorch uses a "guided" depth-to-depth network to restore accurate boundaries

in the predicted depth maps from the color-to-depth network. Defocus-Net takes

a focal stack (a stack of images of the same scene with di�erent focus distances)

and �rst generates a defocus map, this defocus map is used as input to their depth

estimation network. Monodepth2 uses a self-supervised network that is trained

with stereo imagery or consecutive temporal frames from a monocular video. The

architectures of the chosen models are studied in detail in chapter 3.

2.2 Light �elds

The term light �eld was �rst introduced by Gershun (1936) [12]. A light �eld is a

description of the amount of light 
owing in every direction through every point

in space. The �ve-dimensional plenoptic functionL(x; y; z; �; � ) gives the space of
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all possible light rays [1]. The �ve dimensions of the function consider the point

in space (x; y; z) as well as the direction (�; � ) of the rays.

The �ve-dimensional plenoptic function can be reduced to a four-dimensional

function, given the radiance of a ray remains constant along its length. If the

space considered is free of occluders, one of the �ve dimensions becomes redundant.

This four-dimensional light �eld was referred to as thephotic �eld by Parry Moon

(1981) [28]. However, it is more commonly known as the4D light �eld or the

Lumigraph after its introduction into computer graphics by Levoy and Hanrahan

(1996) [24] (4D Light Field) and Gortler et al. (1996) [14] (Lumigraph). These

four-dimensional light �elds capture not just the spatial intensity of the light rays

like traditional photography but they also capture the angular direction of the

light rays.

2.2.1 Light �eld representation

Two-plane parameterisation

The most common way to parameterise a light �eld is known as the two-plane

parameterisation. This parameterisation was proposed by Levoy and Hanrahan

(1996) and a similar technique was used by Gortler et al. (1996). In this param-

eterisation, a light ray, L(u; v; s; t), is parameterised by its intersection with two

parallel planes (see �gure 2.4).

Using this parameterisation, we can create a representation of the 4D light �eld

composed of a 2D array of 2D images [24, 14] (see �gure 2.5). By placing a camera

on the uv plane with its focal plane on thest plane, we can take pictures that

capture a 2D slice of the light �eld at a �xed uv value. This method captures auv

array of st images, where each image is from a di�erent viewpoint. The resolution

of the uv plane is known as theangular resolution and speci�es the number of

images taken to capture the light �eld. The resolution of thest plane is known as

the spatial resolutionand corresponds with the dimensions of the captured images.

In the example shown in �gure 2.5 the angular resolution is 9 x 9 while the spatial

resolution is 512 x 512.

The light �eld can also be visualised as ast array of uv images. In this visu-

alisation each image represents the rays leaving a singular point on thest plane

10



Figure 2.4: Two-plane parameterisation for 4D light �elds. Here
the ray of light L(u; v; s; t) intersects theuv plane and then thest
plane.

and arriving at all points on the uv plane. In other words the spatial coordinates

s and t are �xed and the images show the point (s, t) from all points on the uv

plane. This can be seen in �gure 2.6, which is taken from [24].

Epipolar plane images

Light �elds can be represented using epipolar plane images (EPIs). Bolles et al.

(1987) �rst created EPIs for motion analysis and three-dimensional representation

of scenes [4]. The proposed technique captured many closely spaced images along

a linear camera path. If the camera is aimed perpendicularly to its trajectory, the

epipolar lines correspond with the horizontal scan lines. All points in an epipolar

plane are projected onto an epipolar line in one image and the corresponding

epipolar line in the second image. With the given constraints, any point along

a horizontal scan line will appear along that same scan line in the next image

in the sequence. Using this knowledge, an EPI can be created by combining

corresponding epipolar lines from every image in the sequence (i.e. stack the

corresponding horizontal scan lines from each image in the sequence).

This technique can be extended to light �elds. Each row and column of a 4D
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Figure 2.5: A uv array of st images. Each image is captured from
a di�erent viewpoint (i.e. a di�erent u and v value of the uv
plane). The image on the right shows thest image at u = 5 and
v = 5.

light �eld can be seen as a sequence of closely spaced images along a linear camera

path. This allows an EPI to be computed by �xing an angular dimension and a

spatial dimension [15]. This gives a series of epipolar lines which can be combined

into an EPI for those angular and spatial dimensions. This can be seen in �gure

2.7.

The resultant epipolar plane image (see �gure 2.7 for an example) shows a series

of lines. Each line corresponds to a feature point in the scene. The slope of the line

is related to the disparity of the feature point between images. This relation can

be exploited to robustly predict the depth of scene features (disparity is related to

depth as discussed in section 2.1.1). For this reason, EPI representations of light

�elds are often used in light �eld depth estimation techniques.

2.2.2 Light �eld depth estimation

To predict the depth of a scene using light �elds traditional stereoscopic techniques

can be used. With this technique the disparity between two images within a 4D

light �eld would be estimated and subsequently converted to a depth estimate,
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Figure 2.6: This image shows two visualisations of a light �eld.
(a) shows theuv array of st images, where each image captures
all light rays arriving to a point on the uv plane from thest plane.
(b) shows thest array of uv images, where each image captures
all rays leaving a point on thest plane from all points on theuv
plane. Figure is from [24]

however, such a technique would fail to take advantage of the full structure of the

light �eld. This technique can be extended to multi-view depth estimation where

each image within the light �eld is used [21], thus utilizing the full data captured

within a light �eld.

As mentioned previously in section 2.2.1, there is a relationship between the

slopes in an epipolar plane image and the depth of the corresponding feature point.

Wanner and Goldluecke (2012) [40] use the slopes of the lines in an EPI to predict

the depth of the scene captured by the light �eld. Deep learning techniques have

subsequently been used to improve upon these methods, many using EPIs as input

13



to their models.

Chen et al. (2021) [5] propose an attention-based four-branch LF depth esti-

mation network. The four branch inputs are EPIs at various angles. Weights are

shared between the feature extractors for each branch. The features are passed

through two steps called the intra-branch feature fusion step and the inter-branch

feature fusion step, where skip connections are used. The full architecture for this

model is shown in �gure 2.8. The proposed model (AttMLFNett) at the time of

writing is ranked �rst in the HCI benchmark [22]. We use this model later in the

study for comparison with the monocular depth estimation models.

2.2.3 Light �eld image refocusing

Using the information captured in a light �eld, it is possible to create a digitally

refocused image of a scene [30]. Ng et al. (2005) derive the equation (equation

2.2) for this technique. This technique can be conceptualised as a linear combina-

tion of shifted light �eld views. Hence, this technique is known as shift-and-sum

algorithm. An example of this can be seen in �gure 1.1, the refocused images in

this �gure were created using the shift-and-sum algorithm.

(2.2)�E(s0; t0) = L(s0+
uo � s0

�
; t0+

vo � t0

�
; s0; t0)

The shift-and-sum algorithm is used to create a single refocus image where the

refocus plane is parallel to the light �eld planes (also known as frontoparallel).

Other techniques allow for non-frontoparallel refocus planes [20, 2]. The creation

of a refocused image of a scene is a useful application in and of itself, however, it

can also be used in conjunction with other image processing techniques to enable

many new applications.
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Figure 2.7: Shows a light �eld and two generated epipolar plane
images. The vertical and horizontal EPIs are generated from the
corresponding lines through the light �eld.
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