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Abstract— Visual representation technology has been 

constantly evolving since the appearance of black and 

white photography. The intensive research in this area has 

led to significant advances with the aim of achieving a 

more accurate and realistic representations of the visual 

world. Some examples are the colour photography and 

video visual representation formats, as well as more recent 

formats such as point-clouds, holograms, and light-fields. 

Light-fields can be acquired by the so-called light-field 

camera (e.g. Lytro) and is a rather rich representation of 

the visual world, since it allows the capture of information 

of every angle of incidence of every light ray in the scene in 

a single photograph, thus obtaining information about the 

depth of the objects of the visual scene, and allows to 

obtain a 2D image from every focus plane. 

Due to the recent appearance of light-fields, not much 

research has been made in light-field manipulation, coding 

and transmission or even the extraction of semantic 

information. This M.Sc. thesis has the objective of 

proposing novel feature detection and extraction methods, 

specifically tailored for light-field images, features are, in a 

nutshell a reduction of the visual information contained in 

an image in order to represent it in an efficient, compact, 

and discriminative way. First, a review of the most 

relevant feature detection and extraction solutions for a 

variety of visual representations, such as 2D images, as 

well as more recent and richer visual formats such as light-

fields is made. Next, novel matching methods adapted to 

light-fields, as well as a light-field image retrieval dataset, 

which was essential for the development of this Thesis are 

presented, this database contains a series of image 

transformations used to test the robustness of image 

descriptors (techniques of feature extraction) while the 

proposed methods use 2D image descriptors in an 

alternate way in order to considerably improve the process 

of light-field matching. In the context of this Thesis, novel 

methods for feature detection and feature extraction for 

light-field images are also proposed, these methods use a 

parametrization of the light-field, called Epipolar Planar 

Image, or EPI, to exploit in an effective way the visual 

information contained in a light-field, and improve on 

already existing feature detection and extraction methods 

for 2D image formats. 

Key-words—Light-Fields, plenoptic function, feature 

extraction, detectors, descriptors 

I. INTRODUCTION 

A. Objectives and Structure 

Visual information has become incredibly relevant in modern 

society, and is extremely important for a growing number of 

applications. Initially, visual information only needed to be 

efficiently represented to be transmitted, stored, and later 

visualized, but more recently it has also become critical to 

efficiently represent it for other tasks, notably retrieval and 

recognition. In this context, visual features play a major role, 

as they are able to provide a concise representation of visual 

data efficient for retrieval, and recognition. In parallel, visual 

sensors have shown major developments, targeting richer 

acquisitions of the light in a scene. In this context, the so-

called light-field cameras which have recently emerged are 

able to go beyond the standard acquisition models, by 

enriching the representation through the measurement of the 

light at each pixel position coming for a large set of directions. 

This richer light representation allows additional user 

functionalities, notably a posteriori refocusing, and 

perspective changing. 

 This work focuses on the emerging topic which combines 

the two technologies mentioned above: feature descriptors for 

light-field images. Both issues are separately very relevant in 

the current multimedia world, and both have been the target of 

extensive research in recent years, however, their combination 

is rather new and there is not yet much literature about it. 

 A feature is a piece of information derived from an image 

which is distinctive enough to discriminate a visual scene (or 

object) from others. The ability to extract meaningful and 

compact features potentiates a plethora of functionalities and 

applications such as image retrieval, object recognition, 

among others. In the past 10 to 15 years, there has been 

extensive development in this field, with the goal of creating 

more efficient and less computationally complex feature 

extraction methods. Among the most relevant feature 

descriptors which came out of this research are the SIFT  [1], 

SURF [2], and BRISK [3] descriptors. Many companies have 

since exploited feature description technology in their 

applications and products, notably some of the Internet titans 



such as Google or Facebook. The latter has developed the 

DeepFace facial recognition system, while Google has 

developed an image retrieval software called Google Images. 

However, a multitude of other image retrieval systems exist 

(see Figure 1).  

 

Figure 1: Application examples. Left: The DeepFace system. Middle: 

Google Images. Right: Pixolution image retrieval software [4] [5] 

[6]. 

 While feature description technology has been extensively 

developed in recent years, it has mostly targeted the popular 

image and video acquisition formats, notably 2D or frame 

based imaging and video. While 2D images and video are still 

the dominant visual acquisition and display format, other 

formats have recently gained relevance as they aim to make 

visual representation data closer to real light scenes. These 

formats may be seen as parametrizations of the plenoptic 

function [7], a multi-dimensional function which is able to 

fully represent the light in the real world. The emerging 

formats and associated sensors have been developed to create 

a more accurate visual representation of the real world, by 

considering not only the total light intensity at a certain 

position but rather its distribution according to the angle of 

incidence of light rays. This is done by incorporating an array 

of micro-lenses in the camera, thus obtaining information on 

millions of light-rays in a single shot. In this context, the so-

called light-field cameras appeared in the market, notably 

developed by companies such as Lytro [8] and Raytrix [9], see 

Figure 2.  

 

Figure 2: Light-Field cameras. Left: Raytrix R42 model. Middle: 

Lytro Illum. Right: Lytro Immerge [9] [8]. 

 While these light-field images are an important leap 

forward in the world of photography, their processing is 

critical, as they cannot be directly presented in a conventional 

2D display. Since these images contain a tremendous amount 

of information, the first relevant research topic is light-field 

image coding. The analysis of these new images in terms of 

feature description targeting retrieval and recognition is 

another major research challenge. Regarding this topic, 

although some research has already been made [10] [11], there 

is still vast room for further research.  

B. Objectives and Structure 

The objective of this thesis is firstly to review current feature 

extraction solutions, and secondly to develop reliable feature 

detection and extraction methods adapted to light-field 

images, as such it can be divided into two phases, the research 

phase, and the development phase.  

 The research phase of this thesis is dedicated to the state-

of-the-art review on feature detection and extraction methods 

for both 2D images, and plenoptic based formats. 

 The development phase of this thesis is divided into three 

phases. The first phase presents a novel, multi layered, light-

field landmark dataset captured in the city of Lisbon, 

containing a multitude of distinct landmarks and of different 

image transformations, making  this dataset ideal for feature 

detection and extraction tasks, furthermore it also presents 

some novel methods of light-field matching, which take into 

account the extra information provided by this visual format, 

and are proven to be effective. The second phase introduces a 

key-point detector adapted for light-fields, this detector 

exploits a well-known alternative visual parametrization of the 

light-field, called the Epipolar Planar Image, or EPI, to 

optimize feature detection to light-fields, this detector is 

heavily based on line detection and therefore makes use of the 

famous Hough LineTransform. The developed detector is then 

validated through the use of a detailed testing framework, as 

well as well-defined precision metrics. The third phase 

introduces a novel feature descriptor, adapted to light-fields, 

which is based on the well-known SIFT descriptor, and also 

exploits the EPI to extract more distinctive features. Lastly, 

some conclusions are presented and some future work is 

proposed to further improve on feature detection and 

extraction techniques for the light-field visual representation 

formats. 

II. STATE-OF-THE-ART REVIEW 

This section presents a brief state-of-the-art review on 

currently existing feature extraction solutions. First solutions 

for 2D formats are presented. Next, solutions for more complex 

image formats are presented. 

A. Review of Feature Extraction techniques for 2D Formats 

1 ) SIFT – Scale Invariant Feature Transform - SIFT was 

designed to construct a feature descriptor whose output would 

be invariant to scale and rotation, therefore being able to 

perform reliable matching between different views of an 

object or scene, and even to identify cluttered or partially 

occluded objects. Also, SIFT can also handle moderate levels 

of geometric distortions and changes in illumination. Despite 

its age (published in 2004), SIFT still remains a reference in 

the context of feature descriptors, displaying impressive 

repeatability, distinctiveness, and matching accuracy. 

The SIFT descriptor is used in conjunction with a DoG 

blob detector [1], and creates real value features by dividing a 

patch around a key-point into 16 sub-regions. For each sub-

region, an orientation is computed and placed into an 8 bin 

histogram. Thus, SIFT descriptors contain local visual data 

and are able to describe the local shape of the region using 

these edge orientation histograms (obtained from the gradient 

of the image).  

2) SURF – Speeded Up Robust Features - SURF [2] 

provides a scale and rotation invariant descriptor which 

approximates, and at times even outperforms other descriptors 

in terms of repeatability, distinctiveness and robustness. Also, 



the descriptor computation has much lower complexity than 

SIFT, more precisely, SURF computation time is about one 

order of magnitude lower than SIFT. The SURF descriptor is 

paired up with a Fast-Hessian blob detector [2]. Similarly to 

SIFT, SURF also applies sub-region division, and relative 

orientation assignment, but instead of computing region 

orientation through gradient computations, SURF relies on 

Haar wavelet transforms to compute its output. In addition, 

SURF also has a rotation variant version, U-SURF, which can 

be computed much faster, and might be ideal for applications 

where camera or object rotation does not occur. 

3) BRIEF –Binary Robust Independent Elementary 

Features [12] - The purpose of BRIEF is to compute a reliable 

binary descriptor with comparable efficiency to real valued 

descriptors such as SIFT or SURF, but having much lower 

complexity. Now, the descriptor is a binary string, and each 

individual entry is obtained through pair-wise intensity 

comparisons on smoothed image patches; these pairs of 

locations are selected according to a pre-determined spatial 

distribution and are usually referred as sampling pattern. 

B. Review of Feature Extraction techniques for Complex 

Image Formats. 

This section focuses on feature description methods for 

plenoptic based visual representation, namely feature 

extraction for plenoptic representations such as the ones 

obtained from light-field cameras (e.g. Lytro). This a very 

interesting topic since plenoptic representations provide much 

more information than standard visual formats. The extra 

information that a plenoptic representation format provides 

can be exploited to create more efficient feature extractors. 

Basic concepts about plenoptic visual representations are 

introduced first. After that, a brief review of the few plenoptic 

based feature detection and extraction solutions is performed.  

To understand any topic related to plenoptic data it is 

necessary to understand first the plenoptic function, which is 

the starting point for any computer vision related topic. 

The plenoptic visual representation is a way to represent 

visual reality that surrounds us. This representation is based on 

the plenoptic function, which describes all visual information 

in the world. This function is arguably one of the most 

important concepts to grasp in this Chapter. 

All the visual information in the world is ultimately 

represented by a description of the electromagnetic field in the 

visible spectrum for every point in space [13]. To provide a 

function which quantifies this, a few assumptions must be 

made. The first being assuming only non-coherent light. Non-

coherent light sources emit light with frequent and random 

phase changes between photons, while in coherent light 

sources the photons are all in phase.  

By assuming this, a propagating wave can be described as 

an infinite sum of random-phase sinusoids, each with different 

energy, which is possible to represent mathematically as a 

power density for each wavelength λ. Following this 
reasoning, an electromagnetic wave at any point (x, y, z) in 

space can be represented as a sum of wave fronts coming from 

all directions, each direction described by an azimuth, 

orientation pair (Ɵ, Ф). If a wave’s energy varies in time, this 
can be quantified by adding in a temporal dimension. Putting 

all this information together it is possible to obtain the 

plenoptic function as (x, y, z, Ɵ, Ф, t, λ). In Figure 3 this 

function is conceptually visualized.  

 

Figure 3: Visual representation of the Plenoptic Function [13]. 

Naturally, being a 7 dimensional function, the plenoptic 

function is computationally very heavy to compute and to 

visually represent and thus it is necessary to reduce its 

dimensionality. Ever since the 19
th

 century that technology 

found ways to sample with a lower dimensionality the 

plenoptic representation, from black and white photography, 

to 3D cinema, and everything in between. In this sense, every 

visual representation of the real world that has ever been 

conceived is a reduction of the plenoptic function. While some 

are simpler and easier to understand, such as photography; 

where the plenoptic data is just a 2D (x, y) plane, or video; 

where the temporal dimension is introduced, creating a (x, y, t) 

representation, others are more complex and richer in 

information. One of these is the so-called light-fields. Light-

fields are a 4D parametrization of the plenoptic function, in 

current literature light-fields are divided into several 

categories, one of the most relevant of which are lenslet light-

fields. A lenslet light-field is captured using a single, wide 

aperture camera.  In this case the plenoptic function is reduced 

to a two plane parametrization, plane uv is the plane of the 

camera lens, while plane st is the plane of the sensor itself, this 

way any light ray that the camera captures is simply the two 

sets of coordinates, one pointing to where the ray intersects 

the lens, and the other to where it hits the sensor. Figure 4  

shows this two plane parameterization.  

 

Figure 4: Two plane Parametrization of light rays [14]. 

Regarding feature extraction methods for these types of 

formats: 

1) 3D Key-Point Detection by Light-field Scale-Depth 

Space Analysis - In [11] a method for key-point extraction in 

light-field images is presented. While there are many ways to 



extract key-points for 2D images, for light-fields, the work 

described here is the only method of key-point extraction 

found. This method has received the best paper award at the 

International Conference on Image Processing in 2014 and 

detects key-points by computing a scale-space for light-field 

images. After, an edge detector is applied to each layer of the 

scale space. Scale-space construction is based on the usage of 

a modified version of the Gaussian kernel (which is widely 

used for 2D scale-space construction), called by the authors 

the Ray-Gaussian kernel.  

2) Scale Invariant Representation of Light-field Images- 

This method is presented in [10], with the purpose of 

providing a scale-invariant feature descriptor for light-field 

images. In this paper light-field images refer to images taken 

by the so called light-field camera. The method works by 

exploiting the fact that the slopes of EPI lines are proportional 

to the depth of the scene they represent. Using this 

information, the authors manage to extract a reliable scale 

invariant feature descriptor. To our knowledge this is so far, 

the only feature descriptor for images taken by a light-field (or 

Lytro-like) camera. 

 

III. LIGHT-FIELD DATASET: DESCRIPTION AND RETRIEVAL 

PERFORMANCE  

To evaluate any feature detection or extraction scheme a 

suitable dataset is necessary. For this purpose, this chapter 

proposes a new light-field image retrieval dataset.  This 

chapter also evaluates the performance of standard 2D feature 

extraction methods on this dataset, and proposes a few novel 

feature matching frameworks that are adapted to the lenslet 

light-field format, i.e., light-fields captured by handheld light-

field cameras such as the Lytro Illum.  

 

A. Lisbon Landmark Light-Field Dataset 

 

This section introduces the Lisbon landmark light-field 

dataset. To be meaningful and useful for retrieval tasks, this 

dataset has been acquired under previously designed 

conditions defined in the following. The dataset proposed in 

this chapter consists in 25 landmarks from the city of Lisbon, 

Portugal. Each landmark was captured using a (hand held) 

Lytro Illum camera, which produces a raw light-field 

representation with resolution 225×623×484. After 

appropriate processing and rendering, it is possible to obtain a 

15×15 array of views or so-called sub-aperture images 

corresponding to slightly different perspective positions, each 

with 623×424 pixels. For each landmark, a series of image 

variations was captured, notably: 

 Main view: The landmark is captured from a frontal 

position, clearly visible, and at medium range.  

 Viewpoint Changes: The landmark is still clearly visible, 

but is now captured from a different viewpoint than the 

main view; the difference in viewpoints may be more or 

less intense, notably including some extreme viewpoint 

angles, where the same features are less likely to be 

detected. 

 In-plane rotations: Shots where the landmark is rotated 

with some level of in-plane rotation. 

 Varying distance: The landmark is captured at a distance 

different from the main view, notably including shots 

where the landmark is very close or very far away.  

 Details: Shots showing specific details for a given 

landmark, such as doors, windows, and sculptures in the 

façade. 

 Partial visibility: Shots where only part of the landmark is 

shown, e.g. due to either occluded foreground, or actual 

camera position. 

Figure 5 shows examples of the light-field central rendered 

view for each acquisition condition above. 

 

Figure 5: Rendered central view examples for various acquisition 

conditions. From left to right and top to bottom: Central view, 

viewpoint change, in-plane rotation, long distance shot, detail shot, 

partial visibility shot. 

The variety of shot variations included in the proposed dataset 

makes it a very challenging dataset for image retrieval, and 

thus rather difficult for image retrieval algorithms. To 

consider more common acquisition conditions, the light-field 

dataset has been organized into two layers: a first layer dataset 

corresponding to shots taken under more Controlled 

conditions and a second layer including the Full dataset; 

naturally, the Controlled dataset is smaller than the Full 

dataset. The main objective of the Controlled dataset is to 

compare the performance of different 2D descriptors for more 

constrained acquisition conditions since some of the shot 

variations are too challenging. In summary, the Full dataset 

includes all the light-field images while the Controlled dataset 

excludes the most “difficult” shot ‘transformations’, e.g. 
drastic scale changes (relatively to main view shots), detail 

shots, and partial visibility shots; also, the most extreme 

viewpoint changes as well as in-plane rotation shots where the 

rotation angle is above 30 degrees (approximately) were 

excluded. 

While the Full dataset includes around 1230 light-fields. 

This new, Controlled dataset contains around 450 images, 

hence the Full and Controlled datasets average 50 and 18 

images per category, respectively.  



B. Retrieval Performance Evaluation 

Using the proposed Lisbon light-field dataset, it is possible to 

study the performance of well-known 2D descriptors. 

However, to exploit this novel light-field representation 

format a suitable retrieval evaluation framework is necessary. 

The architecture of the light-field retrieval framework is 

shown in Figure 6. 

 

Figure 6: Light-Field processing and matching framework 

This framework includes the following steps: 

1. Raw to Lenslet Light-Field Conversion: The first 

step is to process the raw light-field representation format 

provided by the Lytro Illum camera that was used in the 

acquisition phase. In this step, a 4D light-field, i.e. a 4D 

dimensional array with two ray directions and two spatial 

indices of pixel RGB data, is obtained. In this case, 

demosaicing, devignetting, transforming and slicing, and 

finally color correction is performed. The pre-processing 

applied over the raw light-field data is done using the Light-

field Toolbox developed by D. Dansereau [15]. 

2. Sub-Aperture Image Extraction: The 4D array 

obtained in the previous step has the pixel values in RGB for 

all the perspectives captured with the lenslet camera. Thus, by 

rearranging this data it is possible to obtain a set of 225 sub-

aperture images, each one corresponding to the perspective 

view captured considering the angular resolution of the 

camera, in this case a 15×15 grid of images, thus supporting 

horizontal and vertical parallax. 

3. Feature Detection + Extraction: In this step, from 

each selected sub-aperture image, a set of key-points locations 

are identified using a feature detector; the area surrounding 

each key-point is then used as input to a feature extractor to 

obtain the final descriptor. Naturally, performing feature 

detection for all the sub-aperture images is heavy and often 

does not improve the performance, e.g. disparity is rather 

small among adjacent images in a lenslet camera. Thus, the 

amount and position of sub-aperture images in the 4D array 

for which feature detection and extraction will be performed 

can be defined a-priori. The SIFT, SURF, ORB feature 

detectors and extractors were used, as well as the BRIEF 

descriptor using CenSurE STAR [16] as detector. These 

feature detectors and extractors have different trade-offs in 

terms of complexity and performance. The OpenCV 2.4.9 [17] 

implementation was chosen for all the feature detection and 

extraction methods selected. After feature detection, all key-

points are sorted according to their reliability, in this case 

using the Hessian response as sorting criterion. Only the 250 

key-points with the highest response were selected for each 

sub-aperture image, while the remaining were simply 

discarded. This number of key-points provides a good trade-

off between a high retrieval performance and a relatively 

compact description. 

4. Light-Field Matching: The matching between the 

query light-field image and all the database light-fields is 

performed to rank them according to a meaningful similarity 

criterion. In this module, a similarity score ( ) between the 

query light-field and each database light-field is computed. 

This score is computed by matching one or more pairs of sub-

aperture images for which descriptors were computed, and 

obtaining a sub-aperture similarity score ( ) for each sub-

aperture pair. To compute the  score, it is also necessary to 

select the sub-aperture image pairs for which  is 

computed. Therefore, three proposed alternative solutions are 

defined in Section 4.3.2. To compute the  score, it is 

necessary to perform matching between descriptors from two 

sub-aperture images, obtained from a query light-field and a 

database light-field. The following procedure is used: 

a) Brute force matcher (BFM): correspondences 

between each descriptor from the sub-aperture query image 

and the descriptor of some database image are found by 

assigning each query descriptor to its nearest neighbor. The 

Hamming and the L2 distances are used for binary and real-

value descriptors, respectively. 

b) Ratio test filtering (RTF): Each correspondence 

provided by the BFM is then filtered through a simple but yet 

effective ratio test [1], to eliminate potential “wrong” matches. 
This test compares the ratio of distances between the two top 

correspondences for a given key-point and rejects the top 

correspondence if the ratio is above a threshold of 0.75.  

c) Symmetric filtering (SF): After, symmetric matching 

is performed, i.e. each pair of sub-aperture images is matched, 

but this time descriptors of the database sub-aperture image 

are matched to the descriptors of the query sub-aperture 

image. This results into a second set of correspondences, 

which are filtered with the same ratio test as before. Then, the 

two correspondence sets are compared side-by-side. 

Considering that (m,n) are the descriptor indexes for each sub-

aperture image, if a matched pair (n,m) in the first set has a 

corresponding pair (m,n) in the second set, then (n,m) is 

accepted as a match; otherwise, the match is discarded.  

The sub-aperture similarity score  is just the number of 

correspondences left (i.e. inliers) after the BFM, RTF and SF. 

In this work, different light-field similarity matching scores 

 are proposed to exploit the richer light- field image and 

the powerful local 2D descriptors, such as SIFT and SURF. 

The key difference between each score lies in how the sets of 



sub-aperture images corresponding to each light-field are 

matched. The following three solutions are proposed: 

 Central View Matching (CVM): In this solution, 

only the central sub-aperture image, i.e. the (8,8) position in 

the 15×15 grid, is extracted. This is the poorest form of light-

field image retrieval, since the light-field image is represented 

just as a 2D image. This sub-aperture image, which 

corresponds to the central perspective, can be matched to all 

other central sub-aperture images in the light-field database. In 

this case, the  score is equal to the  score, i.e. the best 

match for this method is simply the light-field image whose 

central sub-aperture image has the largest  with the query. 

This solution is very simple and takes no advantage of the 

extra light-field information with respect to standard images. 

However, it can be used as benchmark for better solutions. 

 Accumulative Perspective Matching (ACM): This 

solution selects 5 different light-field sub-aperture images for 

the matching process, in this case, the central (8,8), an upper 

(8,2), a lower (8,14), a right side (2,8), and a left side (14,8) 

perspective. These sub-aperture images were selected to cover 

the widest possible range of perspectives in the light-field 

image while maintaining a limited amount of extra 

information. The sub-aperture images in the very top, very 

bottom, left most, and right most positions were not picked 

because they are often too dark (or with optical aberrations). 

In this solution, for each query, these 5 sub-aperture images 

are matched to each corresponding sub-aperture image (i.e. in 

the same position) of each light-field in the dataset. The  

score across all 5 sub-aperture images is then added to obtain 

 and the light-field database images ranked according to 

. This solution exploits the light-field representation 

format, although not fully. The key idea is to reinforce true 

matches between sub-aperture images by not matching a 

single perspective (as in the previous method) but rather 

several perspectives. 

 Selective Perspective Matching (SPM): This 

solution is similar to the previous one since the same 5 sub-

aperture images are considered. However, instead of matching 

sub-aperture images from the query and light-field database in 

the same corresponding position, this solution follows a 

different approach. Each selected sub-aperture image from the 

query light-field is matched to all selected sub-apertures in the 

light-field database image and thus all combinations are 

possible. The matching with the largest , which is not 

necessarily for two sub-aperture images in the same position, 

is retained. This process is repeated for all 5 sub-aperture 

images from the light-field query image. The largest  

scores across all query sub-aperture images are then added to 

obtain , and the light-field database images are ranked 

according to it. This solution was designed to adjust the 

matching process for a more unstructured scenario where two 

light-field images can have any arbitrary real scene position 

and thus sub-aperture image may best match in non-

corresponding positions. 

The query light-field images were randomly selected within 

the dataset. For the Full and Controlled datasets, 3 query light-

field images were selected for each of the 25 landmarks, 

adding to a total of 75 query light-fields for each dataset. To 

evaluate the retrieval precision, two metrics were selected: the 

Mean Average Precision (MAP), and the top level precision 

(PA1). Table I show the experimental results obtained for 

these two performance metrics. The results obtained using the 

Controlled and Full datasets are in the Controlled and Full 

columns, respectively. The experimental results (in %) are 

shown for the CVM, APM, and SPM matching criteria 

presented above.  

TABLE I.  PERFORMANCE EVALUATION EXPERIMENTAL 

RESULTS 

CVM APM SPM CVM APM SPM

SIFT 31.4 37.2 38.4 56.6 63.1 64.6

SURF 26.1 33.5 34.7 51.3 60.8 62.1

ORB 18.7 26.8 28.1 39.5 50.9 53.7

BRIEF 12.4 24.2 24.4 30.6 37.7 37.8

MAP
Full Controlled

CVM APM SPM CVM APM SPM

SIFT 91.8 90.4 90.4 91.3 94.2 94.2

SURF 82.2 91.8 90.4 91.3 92.7 92.7

ORB 79.4 80.8 86.3 86.9 89.9 91.3

BRIEF 57.4 81.2 87 75.4 79.7 82.6

Full Controlled
PA1

 
 

By analysing Table I it is clear that the APM brings significant 

MAP improvements with respect to CVM regardless of which 

descriptor is used. The MAP performance using the controlled 

dataset improves up to 11%. With SPM, the MAP 

performance can be improved up to 3% with respect to ACM. 

The MAP performance gains provided by SPM would 

increase if a camera system with a wider range of sub-aperture 

images would be used, since the Lytro Illum microlens array 

provides a set of sub-aperture images with rather limited 

disparity variations between them.  

Regarding the MAP performance of each tested descriptor, 

SIFT, SURF, ORB and BRIEF, the performance differences 

between them are as expected. The real-valued descriptors 

perform considerably better, with SIFT having a slight edge 

over SURF. Despite this, SURF is the real-valued descriptor 

benefiting the most from the light-field matching solutions, 

increasing by a total of 11% using the controlled dataset, and 

9% using the full dataset (SPM with respect to CVM); SIFT 

improves only 8% using the controlled dataset, and 7% using 

the full dataset. Regarding the binary descriptors, ORB 

performed considerably better than BRIEF, as expected. 

While BRIEF was the descriptor whose performance 

increased the most using the full dataset (12%), ORB was 

ultimately the descriptor benefiting the most, since its 

performance under the Controlled dataset increased 14%.  

Regarding the top-level precision performance, real-valued 

descriptors with light-field matching (APM/SPM vs CVM) 



barely improve and sometimes minimal losses are observed, 

e.g. SIFT for the controlled dataset. However, the PA1 values 

for real-valued descriptors are already high even when using 

single view matching (CVM) and thus it is more challenging 

to significantly improve their performance. On the other hand, 

the binary descriptors tend to show more stable improvements, 

with BRIEF standing out by showing an improvement of 30% 

using the full dataset. 

Lastly, it is important to note the large performance 

discrepancies when using the Full and the Controlled datasets. 

This validates the motivation to create the two datasets and 

confirms that the inclusion and exclusion of certain image 

transformations in a retrieval dataset largely affect the overall 

retrieval performance. 

IV. LIGHT-FIELD KEY-POINT DETECTION 

This chapter proposes a novel light-field key-point detector 

that can be applied to the lenslet dataset that was acquired in 

Lisbon and described in the previous chapter. However, the 

main concepts and framework can ideally be extended to other 

light-field formats, such as a dense array of cameras. The 

developed solution exploits the so-called Epipolar Planar 

Image (or EPI) which is created using a set of perspectives 

rendered from a light-field.  

A. Light-Field Key-Point Detection Framework 

A framework is proposed for the key-point detector. To 

clearly make the distinction between key-points, which are 

detected in a single sub-aperture 2D image, and the output of 

our detector, which is the result of processing multiple sub-

aperture images, the output of our novel detector is referred as 

“key-locations”.  Figure 7 shows this framework. 

 

 
Figure 7: Light-Field Key-Point Detection Framework. 

1. Sub-Aperture Image Discarding: This module 

receives as input a 2D array of sub-aperture images 

corresponding to a full lenslet light-field. First, every sub-

aperture image is converted to grayscale before any 

processing. The mean luminance value Lc of the central sub-

aperture image is computed. Then, any sub-aperture image 

with a mean luminance value below 0.35*Lc is discarded. This 

is performed to discard images that are too dark to provide any 

useful information in terms of feature detection, which are 

often the images corresponding to the corners of the light-field 

sub-aperture array. Although the 2D sub-aperture images 

which are later selected for this light-field detector are 

typically not near the corners of the array, and therefore not 

needed to be discarded, this step can be especially useful if the 

detector is eventually extended to select other sub-aperture 

images, or when due to the camera characteristics or other 

illumination changes some of the selected sub-aperture images 

are too dark to be useful for key-point detection. 

2. EPI Creation: In this step, two EPI 3D arrays (or 

EPI cubes) are created from the arrays of sub-aperture images, 

using only the sub-aperture images from the central row and 

the central column. This means that one vertical set, and one 

horizontal set of sub-aperture images are used; these two sets 

both cross the sub-aperture image array at its center and are 

used to create the vertical and horizontal EPIs. An EPI is a 

two-dimensional slice of a light-field obtained by sampling its 

sub-aperture images at a specific coordinate. The size of each 

EPI depends on the number of sub-aperture images in the 

processed light-field, and the dimensions of each individual 

sub-aperture image. In the case of the Lytro Lenslet Light-

fields, both the horizontal and vertical directions have 15 sub-

aperture images, where each sub-aperture image has a size of 

623 by 434 pixels. Therefore, a central horizontal EPI should 

be of size 434 by 15 pixels, while a central vertical EPI should 

be of size 623 by 15 pixels. When all EPIs from an array of 

sub-aperture images are joined together, an EPI cube is 

created.  

3. SIFT Key-Point Detection: The SIFT feature 

detector is applied for all the sub-aperture images in the 

central horizontal and central vertical arrays. The 500 key-

points with highest response for each sub-aperture image are 

kept, while the remaining key-points are discarded. The SIFT 

detector was chosen as a starting point since it is one of the 

most reliable and high-performance feature detectors; 

moreover, it estimates the size and orientation of key-points, 

which is useful both for feature detection and also description, 

which is another target of this Thesis. 

4. Key-Point Projection: This step consists in the 

projection of the key-points obtained in the previous step to 

their corresponding EPI in the EPI cube. This is done by 

computing the coordinates of each key-point in the EPI cube 

from the corresponding coordinates in the array of sub-

aperture images. This step is performed for the horizontal and 

vertical EPI cubes. For example, if a key-point is detected in 

the 2nd image of the central horizontal array (counting from 

left to right), at coordinates (100, 75), then the coordinates in 

the horizontal EPI cube are (100, 2) in the 75
th

 EPI of the 

horizontal EPI cube, (which has a total of 434 EPI). By 

performing this projection for every detected key-point, it is 

possible to later compute how many times each key-point was 

detected; this is important since the number of times the same 

key-point is detected in an EPI cube is a good indicator of the 

subjective importance of that key-point for the corresponding 

light-field. However, determining whether the same key-point 

is detected or not in both the horizontal and vertical EPI cubes 

is done in a later processing step.   

5.   EPI Line Detection and Filtering: This step analyses 

each EPI to identify any straight line that might be present; 

these straight lines are important since they represent a 

sequence of detected key-points at the same location, but in 

different sub-aperture images. This step is performed  to 



determine the angle (and other parameters) of each key-

location, i.e. the placement of the key-points belonging to each 

key-location along the vertical axis of each EPI. Each line is 

defined by a pair of values ρ and Ɵ where ρ corresponds to the 

perpendicular distance from the origin of the image coordinate 

system to the line measured in pixels, and Ɵ is the angle 

formed by this perpendicular line and the horizontal. 

 

5. Key-Location Parametrization: The final step in 

this framework is to compute the characterizing parameters for 

each retained light-field key-location and store them in a 

suitable data structure. This structure contains information 

associated to the several SIFT key-points associated to each 

key-location, i.e. coordinates, size, rotation, response, and 

octave, and information associated to the key-location itself, 

i.e. its ρ and Ɵ values, as well as its score defined as the 

number of key-points it contains, and its depth d, which is 

associated  

7.  Key-Location Selection: Since each key-location was 

either detected in the horizontal or vertical EPI cube, it is 

likely that different key-locations refer to the same exact 

coordinates in the light-field. Thus, the final step is to search 

for duplicate key-locations. This is done first by averaging the 

coordinates of the key-points inside each key-location, to 

obtain a pair of coordinates which are representative of that 

specific key-location. The average size of each key-location is 

also estimated by computing the average size of every key-

point contained in the key-location. If the average coordinates 

of a key-location in the horizontal EPI cube fall within a 1 

pixel window of the average coordinates of a key-location in 

the vertical EPI cube, and if the average sizes of both key-

locations are within a 10 pixel range of each other, these are 

considered duplicates, and only one of the key-locations is 

retained, in our case the retained key-location is the one 

present in the horizontal array, although this decision is 

ultimately irrelevant.  

B. Detection Performance Evaluation 

The following table shows the performance evaluation of our 

proposed solution when compared to the SIFT key-point 

detector for a series of image transformations, the parameter 

used is the repeatability value computed with the Evaluate 

key-point function of OpenCV,  as is easy to see, our solution 

manages to outperform SIFT for most cases, and for most 

ranges of retained points/locations. 

TABLE II.  KEY-POINT DETECTION PERFORMANCE 

RESULTS 

Scaling 0.019

Rotation 0.03

Viewpoint Change 0.011

Blur 0.017

Scaling 0.019

Rotation 0.038

Viewpoint Change 0.01

Blur 0.007

Scaling 0.038

Rotation 0.032

Viewpoint Change -0.015

Blur 0.027

Scaling 0.042

Rotation 0.039

Viewpoint Change 0.007

Blur 0.017

Performance Gains

Performance Gains

Performance Gains

Performance GainsTransformations
LF KL Detector SIFT KP Detector

Transformations

LF KL Detector SIFT KP Detector
Transformations

LF KL Detector SIFT KP Detector
Transformations

0.531 0.521

0.622 0.615

300 Locations/Points

0.728 0.698

0.545 0.534

0.623 0.606

250 Locations/Points

0.536 0.517

0.729 0.691

0.502 0.495

0.588 0.571

0.529 0.491

0.713 0.681

0.506 0.521

0.702 0.663

200 Locations/Points

0.605 0.578

150 Locations/Points

0.505 0.463

0.537 0.518

LF KL Detector SIFT KP Detector

 

V.  LIGHT-FIELD KEY-POINT DESCRIPTION 

This chapter describes the proposed solution for a light-

field local descriptor which was developed to exploit the rich 

information of lenslet light-fields but can ideally be extended 

to other light-field formats. This light-field local descriptor 

follows the light-field key-point detector presented in the 

previous chapter, and therefore uses the output of that same 

detector i.e. the light-field key-locations as a starting point. 

This descriptor is scalable in the sense that can be used to 

characterize the light field image but also perform matching 

with a 2D descriptors with a base layer that is SIFT compliant. 

First the framework of the light field local descriptor is 

presented. Then, some performance results are presented and 

compared to other local 2D descriptors.  

A. Light-Field Key-Point Detection Framework.  

This section presents a walkthrough of the base layer of our 

light-field key-point descriptor, Figure 8 presents the 

framework of the descriptor. 

 

Figure 8: Light-field key-point descriptor base layer framework. 

This framework can be divided into the following distinct 

steps: 



1. Key-Location Separation: As defined in the 

previous chapter, key-locations are data structures containing 

a set of 2D key-points, as well as the parameters relative to the 

line defined by that same  set of key-points. The set of key-

points contained in each key-location is composed of key-

points which were detected at the same spatial coordinates in 

different sub-aperture images of either the horizontal or 

vertical array of images. However, since the foundation of our 

light-field key-location is the SIFT detector, it is possible to 

have two key-points at the exact same coordinates but with 

different orientations; this is a critical detail, since this means 

that the same set of spatial coordinates can contain 

information regarding several visual features  instead 

of just one, hence it is essential to adapt our descriptor to be 

able to correctly process points at the same spatial coordinates 

but with distinct orientations. This phenomenon happens in 

the following way: During the key-point orientation 

assignment phase of the SIFT detector, a 36 bin orientation 

histogram is computed to find the dominant orientation in the 

patch (detected region), i.e. the angle which displays the 

strongest magnitude of the histogram. If during this 

orientation phase, the magnitude of another bin is higher than 

80% of the magnitude of the bin that represents the dominant 

orientation, a second key-point is created with the 

corresponding orientation. Therefore, it is necessary to 

separate possible key-points which might be at the same 

coordinates, but with distinct orientations, since orientation is 

a fundamental component of any rotation-invariant descriptor. 

Any key-location which contains key-points with distinct 

orientation values is separated into several key-locations, each 

one containing only one orientation.  

2. Best Key-Point Selection: The second step is to 

select the key-point inside each key-location which is closest 

to the central image of each array. The sub-aperture images of 

the Lytro lenslet Light-fields often display stronger optical 

aberrations the further the sub-aperture image is from the 

centre of the array.  Therefore, the key-points detected closest 

to the central images of each array (horizontal or vertical) are 

more likely to be the more reliable, i.e. have the most reliable 

attributes, therefore the size, orientation, response, and octave 

of the key-point inside each key-location which is closest to 

the central sub-aperture image are stored, these attributes are 

representative of the entire key-location and every descriptor 

computation that this framework applies in the following steps 

is performed using these attributes, but centered at varying 

spatial coordinates.  

3. Computing SIFT descriptors: The third step is to 

apply the SIFT feature extraction method (as described in 

chapter 2) to each selected key-location at nearly every sub-

aperture image of the array where that key-location was 

detected, the first and last images of both the horizontal and 

vertical arrays are discarded, since they are somewhat 

distorted, and therefore would negatively affect the feature 

extraction process. If the key-location was detected in the 

horizontal EPI array, a SIFT descriptor is computed for the 

images in the horizontal sub-aperture image array using the 

attributes of the key-point selected in step 2, i.e. the key-point 

within the key-location that is closest to the central sub-

aperture image, The same applies to the vertical array. Note 

that the values of these attributes heavily affect the SIFT 

descriptor since SIFT was designed to be scale and rotation 

invariant, and this invariance relies on these attributes, rotation 

invariance is achieved by rotating the image patch for which 

the SIFT descriptor is computed according to the orientation 

value of its corresponding key-point as well as by adjusting 

the angles of the gradients inside each patch according to that 

same orientation, while scale invariance is achieved by 

resizing that same patch according to the size and octave of its 

corresponding key-point. To take into account the disparity 

between sub-aperture images, the displacement that a visual 

feature presents from sub-aperture image to sub-aperture 

image is computed through the angle of the straight line 

contained in the key-location corresponding to that visual 

feature, and its coordinates are adjusted accordingly. This 

displacement is used to shift the coordinates of the center of 

the SIFT descriptor along the array of sub-aperture images. To 

determine which spatial coordinates vary from sub-aperture 

image to sub-aperture image, one only needs to know to which 

sub-aperture image array the key-location belongs to, i.e. if the 

key-location belongs to the horizontal array, then the varying 

spatial coordinate will be x, if it belongs to the vertical array, 

then the varying coordinate will be y. After determining which 

spatial coordinate is varying, the amount of variation per sub-

aperture image can be computed using the angle of detected 

key-location according to simple geometry. 

4. Descriptor Fusion: The fourth and final step is to average 

the descriptors computed in the previous step for each key-

location across the sub-aperture image array, in order to obtain 

a single, 128 float sized descriptor, which contains 

information on every sub-aperture image in the array.  

B. Description Performance Evaluation 

To validate the proposed solution a random set of 25 queries 

was selected from the restricted landmark dataset (one query 

per landmark), and matching was performed. The matching 

method and evaluation metrics used are the ones described 

section III, using CVM (central view matching) for the 2D 

descriptors. The proposed solution was compared when the 

2D SIFT descriptor is applied to the central image of the light-

field array. Although other benchmarks could be used, most of 

the other possibilities require the concatenation of several 

different descriptors and/or a modified matching criteria. To 

guarantee a fair evaluation it is necessary to evaluate SIFT 

descriptors with the same length, i.e. the compactness of the 

descriptor should be the same for all solutions being 

evaluated. Table III shows the results obtained. 



TABLE III: PERFORMANCE RESULTS 

Descriptors MAP PA1

LF Descriptor 58.4 100

SIFT 57 100

SURF 53.5 100

ORB 45.8 92

BRIEF 39.5 88  
 

By comparing the different metrics for each descriptor, it is 

clear that the proposed LF descriptor has better performance 

when compared to SIFT and other 2D descriptors. Although 

these gains are not very large (around 1.5 percentage points), 

they provide proof that using information across different sub-

aperture images of one light-field can increase matching 

performance. Naturally, if more sub-aperture image arrays 

were used, i.e. not just the central vertical and horizontal 

arrays or if light-fields with a wider disparity between sub-

aperture images are used the matching performance would 

considerably increase. 

VI. CONCLUSIONS AND FUTURE WORK 

This Thesis studies the problem of feature detection and 

extraction for the light-field visual representation format, and 

proposes a novel light-field image retrieval dataset as well as 

new image matching methods to exploit existent 2D 

descriptors with this format. After, a local feature detector and 

extractor tailored specifically for light-fields is proposed, 

namely by exploiting horizontal and vertical arrays (cubes) of 

Epipolar Plane Images. Results obtained in the different 

sections indicate it is indeed possible to improve feature 

detection and description through the use of extra information 

present in light-field images.  

Regarding future work, it would be interesting to test and 

adapt the proposed light-field feature detector and extractor to 

other light-field formats, since the performance for image 

retrieval would likely improve, especially when larger 

disparity is available among the different perspectives (or sub-

aperture images). 

A possible improvement of the proposed light-field feature 

detector and extractor is to explore the lenslet light-field in 

other ways. Our solutions only take into account a fraction of 

the visual information available inside each lenslet light-field: 

the central horizontal and central vertical arrays of sub-

aperture images. Therefore, it is expected to obtain some gains 

in performance by also exploiting other sub-aperture images 

other than these horizontal and vertical 3D arrays. 

Finally, another possible research topic is the development of 

a binary feature descriptor for light-field images. While real-

valued feature descriptors tend to produce the best 

performance results when it comes to image retrieval, binary 

descriptors have the advantage of being more compact, and 

generally faster to compute, and faster to match. To our 

knowledge, no binary feature descriptor for light-fields has yet 

been developed. Hence this would also be an interesting line 

of work to pursue in the field of visual feature representations.  
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