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Abstract 

Nowadays, companies are exploring a new set of video based applications, such as free 

viewpoint video, to provide the consumers with more engaging, immersive and tailored experiences.  

Free viewpoint video is a video experience where the viewer selects any viewpoint to observe the visual 

scene, and it is even possible to provide a smooth transitioning between viewpoints. However, it is not 

realistic to produce and transmit views for every possible viewpoint that the user may choose. Therefore, 

only a limited number of views is transmitted and, based on depth image based rendering (DIBR) 

methods, new views are synthesized at user side. However, this synthesis process may result in some 

artifacts in the synthesized view, reducing the overall quality of experience (QoE). Accordingly, the 

quality of the synthesized views should be evaluated, using an objective quality assessment metric. 

Some solutions have been already proposed in the literature for synthesized image quality 

assessment, most of them being full-reference methods (i.e., the original view is required).  In this work, 

a novel no-reference quality metric to evaluate synthesized images is proposed, i.e., a metric that 

evaluates the quality of a synthesized image without its original version being available. This metric 

relies on extracting image features at different phases of the synthesis process, which are fused through 

support vector regression (SVR), a machine learning tool.  

A dataset which contains synthesized images with compression and rendering artifacts was built 

and used to develop and assess the proposed metric. The metric performance is compared with 

conventional full-reference 2D image quality assessment metrics and with two state-of-the-art image 

quality assessment metrics developed specifically for synthesized images. The experimental results 

showed that the proposed solution outperforms the state-of-the-art metrics, being able to predict the 

images subjective scores with a Pearson correlation coefficient close to 0.9. 

 

 

Keywords: image quality assessment, multiview video-plus-depth, depth image based rendering, view 

synthesis, image features, synthesized image dataset. 
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Resumo 

 Hoje em dia, as empresas exploram novas aplicações de vídeo, como o free viewpoint video, 

com o intuito de disponibilizar aos utilizadores experiências mais envolventes, imersivas e adaptadas 

às suas preferências. O free viewpoint video é uma aplicação vídeo onde o utilizador pode selecionar 

a perspetiva de observação de uma determinada cena, e que possibilita uma transição suave entre as 

diferentes perspectivas. No entanto, não é realista produzir e transmitir as vistas de todas as 

perspetivas que o utilizador possa escolher. Desta forma, apenas algumas vistas são transmitidas e, 

com base em métodos de síntese de imagens (e.g., depth image based rendering, DIBR), outras vistas, 

correspondentes a perspectivas de observação que não foram transmitidas, são sintetizadas do lado 

do utilizador. No entanto, este processo de síntese pode gerar artefactos nas imagens sintetizadas, que 

podem comprometer a qualidade de experiência do utilizador (QoE), tornando imperativa a avaliação 

da qualidade dessas imagens com recurso a métricas objectivas e automáticas. 

 Nos últimos anos, foram propostas algumas soluções para a avaliação de imagens sintetizadas, 

que na sua maioria requerem o conhecimento da imagem original correspondente (sendo pois 

classificadas como métricas full-reference). Neste trabalho, propõe-se uma nova métrica de avaliação 

de qualidade de imagens sintetizadas, que não necessita da imagem original (pertencendo pois à 

classe de métricas no-reference). Esta métrica baseia a prediccção da qualidade num conjunto de 

características da imagem a avaliar, que são obtidas em diferentes fases do processo de síntese, sendo 

posteriormente combinadas através de uma técnica de aprendizagem automática (support vector 

regression, SVR). 

 No decorrer do trabalho de tese, e para o desenvolvimento e avaliação da métrica proposta, foi 

criada uma base de dados de imagens sintetizadas que apresentam não apenas artefactos resultantes 

do processo de síntese, mas também artefactos resultantes de compressão, herdados das imagens 

fonte. O desempenho da nova métrica foi comparado com o de várias métricas convencionais de 

avaliação de qualidade de imagem, e com duas métricas recentemente propostas para a avaliação 

específica de imagens sintetizadas. Os resultados experimentais mostram que a solução proposta tem 

melhor desempenho que as métricas consideradas como representativas do estado-da-arte, 

conseguindo prever os resultados da avaliação subjectiva  com um coeficiente de correlação de 

Pearson próximo de 0.9. 

 

 

Palavras-chave: avaliação de qualidade de imagem, multiview video-plus-depth, depth image based 
rendering, síntese de vistas, características de imagens, base de dados de imagens sintetizadas 
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Chapter 1. Introduction 

The objective of this chapter is to present the scope and motivation as well as the objectives of 

this thesis. The main contributions and organization of the thesis are also outlined.  

Motivation 

In recent years, 3D video has become increasingly popular, since it provides a more immersive 

and natural representation of the real world. Three dimensional visual representation formats are 

currently being explored by the industry to offer the consumers more engaging and tailored experiences. 

To fulfill the expectation of a better quality of experience (QoE), multiview video (MVV) has become a 

subject of increasing interest, leading to a new set of applications since it provides a richer and more 

immersive experience to the user. The multiview video representation consists in two or more views that 

are simultaneously acquired from different viewpoints. However, due to production and transmission 

constraints, some applications that required a high number of views were not feasible until multiview 

plus depth (MVD) format has been developed. In this format, not only a high number of views is acquired, 

with an array of cameras, but also the associated depth. At the receiver side, additional views can be 

synthesized using the texture and depth maps of the views already received.  

Figure 1.1 shows some examples of current 3D image and video applications. Free viewpoint 

video is an application that allows the user to select from which viewpoint a recorded scene is 

reproduced, which means that each viewer can observe the visual scene from a unique viewpoint. 

Nowadays, several companies, such as Intel and Canon, are working on free viewpoint video 

technology. In January 2017, FOX Sports announced that it is collaborating with Intel, to bring a new 

Player’s-Eye View to Super Bowl LI [1]. This technology allows the viewers to look at sport games 

through the eyes of players. The interesting point, is that this new view is not captured by small cameras 

worn by players. Instead, using images captured by a large number of cameras around a stadium, a 

virtual view associated from the perspective of any player on the field can be generated, using depth 

image based rendering (DIBR) techniques. With this application, the audience have access to more 

immersive content and to a higher degree of interactivity. Also, in September 2017, Canon has 

announced the development of a Free Viewpoint Video System [2], a solution that aims to provide an 

imaging solution for several applications, including sporting events. This technology relies on several 

cameras set up around the stadium (Figure 1.1 b)) and, still based on DIBR techniques, is able to render 

videos where users can freely move a virtual camera around the 3D space, from different viewpoints 

and with different orientations. 
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(a) (b) (c) 

Figure 1.1 – 3D applications: a) 3D home television [3]; b) Canon's Free Viewpoint Video System [4]; 
c) Medical lectures using 3D holographic projection [5];  

Such applications rely on the synthesis of novel views from the views acquired and transmitted. 

In fact, due to the acquisition setup and transmission costs, the number of different viewpoints that can 

be transmitted is quite limited. However, such applications only provide a realistic and immersive 

experience if the images synthesized and delivered to the end users have high quality. To automatically 

evaluate the quality of the synthesized views, which has a vital importance in the overall QoE, objective 

quality assessment metrics are required. The quality evaluation of synthesized views is essential to 

guarantee an adequate QoE, allowing: i) the encoder, to decide which views should be transmitted; ii) 

the decoder, to request additional views to obtain better overall quality, if necessary; iii) to track the 

media quality that is being delivered to the end-user. 

Recently, several solutions to evaluate the quality of synthesized views have been proposed in 

the literature. Most of the available quality metrics for synthesized views are full-reference metrics, i.e., 

they evaluate a synthesized image using the corresponding original version. However, in several 

applications, it is important to assess the quality of the media at the end user, which is only possible 

using no-reference quality metrics, i.e., metrics that do not require the original view; furthermore, the 

original views may even not exist. Therefore, the development of no-reference metrics for 3D 

synthetized views is an important research topic and will be addressed in the context of this thesis. 

Objectives 

In free-viewpoint video and autostereoscopic video, novel intermediate views are generated to 

allow the user to freely change the viewpoint of the visual scene. This corresponds to a rendering 

process where views are synthesized at the decoder from the views captured, coded and transmitted 

and, therefore, the corresponding original views are not available. In this context, the main objective of 

this thesis is to implement, design and assess a no-reference quality metric to evaluate the quality of 

the synthesized images, especially considering the perceptual impact of some distortion artifacts that 

are present in this type of content. 

Main Contributions 

The main contribution of this thesis is to propose a hierarchical approach to the problem of no-

reference quality evaluation of 3D synthesized images and, therefore, to develop a quality assessment 
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metric suitable for several application scenarios. Most of the existing quality assessment metrics for 

synthesized images compare the synthesized image with a reference, which can be the original view or 

one of the lateral (decoded) views. However, in this thesis a different approach was followed: a set of 

features that can be obtained before (e.g., from the bitstream), during (from intermediate data produced 

by the synthesis process) or after (e.g., from the synthesized view) the synthesis procedure, are 

combined to obtain a quality score. Based on the extracted features, a machine learning algorithm is 

trained offline, and a suitable model is built, that is capable to predict the quality of new synthesized 

images with an accuracy that outperforms the available state-of-the-art in this field. Furthermore, a new 

dataset was developed with synthesized images containing artifacts due to the texture and depth 

compression of the source views, as well as artifacts due to errors (or imperfections) in the synthesis 

process. The dataset provides both Mean Opinion Score (MOS) and Differential Mean Opinion Score 

(DMOS) scores. It will be made available to the scientific community and ,therefore, will be useful in 

future work. 

Thesis Outline 

This thesis is organized in seven chapters, where Chapter 1 introduces the work in terms of 

context, motivation and main objectives.  

Chapter 2 presents a review of the most relevant concepts in the context of this thesis. First, 

human depth perception basics are explained. Next, the 3D video representation formats are described 

as well as some multiview video plus depth coding solutions. Finally, three well-known DIBR techniques, 

for images and video synthesis, are described.  

Chapter 3 reviews the state-of-the-art on no-reference quality assessment for synthesized 

images and video, and describes the typical artifacts of images synthesized by DIBR techniques. 

Chapter 4 presents an overall description of the images contained in the proposed database as 

well as the subjective assessment framework and the subjective scores processing. The subjective 

assessment results are presented, together with a brief statistical analysis.   

In Chapter 5, a novel no-reference objective quality metric for synthesized images is proposed, 

namely the features extracted, and the machine learning technique used.  

In Chapter 6, the proposed quality metric is evaluated and compared with some image quality 

assessment metrics available in the literature, using the database developed in Chapter 4.  

Finally, Chapter 7 presents some final remarks and some suggestions for future work. 
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Chapter 2. Multiview Video plus Depth: 

Concepts, Coding and Rendering 

This chapter describes the basic principles and relevant components of a multiview video plus 

depth distribution chain, from capture to display. Although there are several 3D video formats, the 

multiview video plus depth representation is the most suitable for applications such as free viewpoint 

video and autostereoscopic video, and allows to synthesize new views in the decoder side. 

Initially, human depth perception basics are described to understand the objective of the main 

building blocks of a multiview video plus depth transmission chain. Next, an overview of some of the 

multiview video representation formats is provided. Then, some techniques and coding solutions to 

acquire and compress multiview video plus depth are presented. Finally, the rendering process, which 

is a fundamental tool for applications such as free viewpoint video and autostereoscopic video, is 

addressed, as well as different ways to display 3D video. 

Basic Concepts 

Depth perception is the visual ability to perceive the world in three dimensions (3D), coupled with 

the ability to estimate how far an object is. Binocular disparity, Vergence and Accommodation are some 

important cues, allowing humans to perceive the world in three dimensions and are explained in the 

following: 

• Parallax or Binocular disparity: refers to the difference in the images reaching the left and 

right eyes, which is a necessary depth cue to perceive the distance to objects. The closer an 

object is, the greater the binocular disparity, i.e. more different is what one eye see compared 

to the other. The concept is shown in Figure 2.1.   

 

Figure 2.1 - Illustration of parallax [6]. 

• Accommodation: process of obtaining depth information by contracting and relaxing the ciliary 

muscles. To focus on nearby objects, the ciliary muscle in the eye contracts, allowing the eye 

lens to assume a more spherical shape, as represented in Figure 2.2 (a). This will allow for a 
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human to change the convergence or divergence of light entering the eye and thus to maintain 

a clear image or to focus on an object as its distance changes. 

 

• Vergence: process that makes our eyes converge, to fixate on nearby objects, or diverge, to 

fixate on a distant object. The angle between the eyes provides the depth cue. Smaller angles 

correspond to farther objects, while for the closer objects the convergence angle will be larger 

(Figure 2.2 (b)). The eye muscles that initiate the movements provide information about object’s 

distance. Vergence movements are closely connected to the accommodation of the eye. 

Naturally, changing the focus of the eyes to look at an object at a different distance will lead to 

vergence and accommodation changes. 

 

Figure 2.2 - a) Illustration of accommodation [7];b) Illustration of convergence [7]. 

• Vergence-accommodation conflict: In stereo displays, each eye sees a different image and 

an object may seem to be in front of or behind the actual 2D display, depending on the disparities 

for each object. That is how the viewer perceives depth. However, the eyes must focus on the 

display surface to see a well-defined image. This means that the eyes must accommodate on 

the display surface, while they converge on objects that are not at the display, as it is shown in 

Figure 2.3. Since human eyes are familiarized with converging and accommodating at the same 

distance and this is not the case for stereo displays, this creates a conflict, referred as vergence-

accommodation conflict. 

 

Figure 2.3 - Illustration of vergence-accommodation conflict [8]. 
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3D Representations Formats 

Nowadays, there are many 3D representation formats available, from stereoscopic to light-field 

visual representations. Considering the context of this thesis, the main focus is the multiview visual 

representation where many views (or perspectives) of the visual scene are transmitted with or without 

additional depth information. Multiview video has recently attracted a lot of attention since it leads to a 

new set of applications and provides a richer and more immersive experience to the user. New displays 

have been developed to offer realistic impressions of a visual scene (with depth cures), and therefore a 

pleasant and immersive experience for multiview video content. Autostereoscopic displays and free 

viewpoint video applications have emerged, requiring the transmission of many viewpoints or the usage 

of rendering techniques to synthesize novel views. Due to bandwidth limitations, it is crucial to select a 

visual representation that allows efficient compression, accurate rendering and display. The following 

representations formats are relevant for the multiview video scenario addressed in this thesis:  

• Stereoscopic 3D Video (S3D): this is the oldest and simplest 3D video representation and 

consists in the simultaneous acquisition of two views (left and right views) with some disparity 

between them. Ideally, these views will be received by the left and right eyes of an observer and 

therefore a perception of depth is created, thus providing a more immersive experience. 

Typically, the left and right views are acquired with two side-by-side cameras. S3D requires the 

user to wear glasses but does not provide a full and immersive 3D experience since it does not 

provide horizontal or vertical parallax.  

 

• Multiview Video (MVV): this format can be understood as an extension of stereoscopic video. 

This solution requires the acquisition of more than two views, with an array of cameras; these 

arrays can be circular or planar (horizontally and/or vertically). During the acquisition, since N 

views are captured, the bit rate is proportional to N, so much higher than in conventional 2D 

video, but a more immersive experience can be provided. Since a huge amount of data is 

generated, efficient compression techniques that exploit redundancies between the multiple 

views are needed. This solution is suited for autostereoscopic displays which do not require the 

use of glasses and can provide horizontal parallax (at least).  

 

• Multiview Video plus Depth (MVD): in this format, not only the N views are acquired, but also 

the associated depth (Figure 2.4), which allows to create novel views more easily. For each 

view, a greyscale image called depth map, where the pixel values represent the distance 

between the sensor and the surfaces of the scene objects is available. Usually, the real depth 

values are translated into luminance pixel values with 8 bit-precision. Points near to the sensor 

are represented with brighter values and points far away correspond to darker points. At the 

receiver side, rendering of additional views, usually between views already received and 

decoded, can be performed using the texture and depth maps. Video texture and depth can be 

either encoded and transmitted independently, or jointly to exploit the redundancies between 

these two data types, thus achieving better coding performance. This representation allows 
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intermediate views to be synthesized at the receiver without being necessary to be transmitted, 

e.g. for free viewpoint video, and may increase the quality of experience offered by 

autostereoscopic displays by requiring less bitrate when compared to the multiview video 

format. 

 

Figure 2.4 - Multiview video plus depth representation: views and corresponding depth [9]. 

The multiview video plus depth representation is an especially relevant representation format 

for applications such as autostereoscopic video and free viewpoint video, which allows the creation of 

novel views with a minimum bitrate cost. In the following chapters, the multiview video plus depth system 

and applications are described.  

Multiview plus Depth Applications 

Due to production and transmission constraints, some applications that required a high number 

of views were not feasible until MVD has been proposed. The MVD representation format allows to 

synthesize novel intermediate views at the decoder, meaning that it is not necessary to acquire, encode 

and transmit as many views as in multiview video. This format has enabled several emerging 

applications, which are described next.  

2.3.1 Autostereoscopic Video 

Autostereoscopic video appeared with the need to provide immersive 3D video, without 

requiring the use of glasses and allows to create a depth impression to the viewers in a rather natural 

and pleasing way. Nowadays, there are several autostereoscopic 3D displays which have been 

developed to provide richer 3D experiences. The autostereoscopic displays may use lenticular lenses 

to direct the left and right views to the corresponding eye. These displays require video content with 

many views to allow the viewers to see different perspectives when their position changes with respect 

to the display, i.e. motion parallax. Since a large amount of views is required, the MVD format is highly 

suitable, i.e., only some views are transmitted, and others are synthesized by the display. 

Autostereoscopic displays are often referred as glass-free 3D displays, and are described in section 2.8 

. 
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2.3.2 Free Viewpoint Video 

Free viewpoint video (FVV) provides a new video experience, where the user can freely choose 

the viewing position of a 3D reconstructed scene. However, to have such navigation capability, it is not 

realistic to produce and transmit views for every possible viewpoint that the user may choose. MVD 

allows the generation of many high-quality views from a limited number of transmitted views. The MVD 

representation format does not just enable the user to switch between the transmitted viewpoints but 

also allows the user to switch to views which were not transmitted (or even acquired); this is performed 

by exploiting depth data in a view synthesis algorithm for which there is no reference available. In FVV, 

the viewer selects any viewpoint for observing the visual scene, and it is even possible to provide a 

smooth transitioning between viewpoints. To produce high quality free viewpoint video, synchronized 

cameras and complex recording setups are typically used. 

Multiview Video plus Depth Transmission Chain 

The MVD format allows to recreate the perception of depth as well as free navigation in the 

visual scene. The visual scene that is transmitted includes one or more texture views and the associated 

depth map. Figure 2.5 shows the typical transmission chain of multiview video plus depth, where some 

views and correspondent depth are encoded and transmitted.  

 

Figure 2.5 - Multiview video plus depth transmission chain. 

The main blocks in the video framework are: 

• Acquisition: Process of capturing multiple views of the 3D world scene, each one consisting of 

a texture and corresponding depth map of a scene. Texture and depth acquisition are explained 

in section 2.5 . 

• MVD video encoding and decoding: Compression of MVD video data using a coding standard 

suitable to the representation format; MVD compression is usually lossy, and typically exploits 
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spatial and temporal correlations inside each view, as well as interview correlation. After the 

transmission of the data over a channel, the inverse operation (decoding) is performed.   

• View synthesis: Generation of novel intermediate views based on the set of views captured 

and transmitted (left and right views), known as reference, lateral or source cameras. 

• Display: The transmitted and synthesized views are shown to the user on a display. For the 

FVV application, besides the display, an interactive input from the user to select the viewpoint 

is necessary.  

Multiview Video plus Depth Capture   

The MVD representation format consists in the acquisition of a texture and a depth map, for 

each view. The texture image represents the luminance and chrominance information of a visual scene 

and the depth map represents the distance between every object and background of the scene to the 

camera. The following sections explain how texture and depth are acquired.   

2.5.1 Texture Acquisition 

The acquisition of texture implies the use of traditional RGB based cameras, i.e., cameras which 

capture color information as RGB data. To produce high quality MVD video, a multi-camera setup is 

typically used. These arrays of cameras can be spatially arranged in different ways: 

• 1D array: The cameras are set up in a linear (Figure 2.6 (a)) or arc (Figure 2.6 (b)) horizontal 

arrangement; therefore, the user can only see horizontally different perspectives of the same 

scene. 

• 2D array: This arrangement adds another dimension to the previous arrays, providing a more 

realistic experience than 1D arrays of cameras; in this case, the user can see a recorded scene 

from both horizontally and vertically different perspectives (Figure 2.6 (c)). 

   

(a) (b) (c) 

Figure 2.6 - Multiview camera arrangements: (a) Linear array [10]; (b) Arch array [11]; (c) 2D array 
[12]. 

2.5.2 Depth Acquisition 

There are different solutions to acquire the distance of some object in a visual scene to the 

camera plane; these solutions can be divided into passive and active methods. In contrast to active 

methods, passive methods do not emit any light or electromagnetic waves into the scene. Passive 
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methods usually exploit the geometrical relationship between the target objects and the cameras and 

only use information acquired with typical 2D cameras. A geometrical technique, such as triangulation 

[13], can be used to measure the shortest distance between a point on the object and the baseline, 

defined by a line connecting two cameras. Given the baseline length and the angles between the 

cameras (line of sight of the cameras to the target) and the baseline, it is possible to calculate the 

distance between the point on the target and the baseline, and the distance to the camera as well. 

The active methods interfere with the scene to be captured with some source of light or other type 

of radiation. The most used active methods to acquire depth are: 

• Structured light: With this approach, the scene is illuminated with one or more projectors that 

emit light patterns, in the visible or infrared spectrum. Other sensing devices capture the light 

reflected by the objects, and infer the objects depth based on the deformation of the light pattern. 

A well-known example of this technology is the Kinect camera, developed by Microsoft. Figure 

2.7 shows a Kinect camera and an example of the acquired color and depth map. 

  

(a) (b) 

Figure 2.7 - a) KinectTM camera [14]; b) color and depth map acquired by the KinectTM [14]. 

• Time of flight: This technology uses a light source, such as a Light Emitting Diode (LED), to 

emit a light signal in infrared or visible spectrum to the target. Using a specialized light sensing 

device, it is possible do detect the signal reflected by the object and, based on its properties 

(e.g., phase-shift), to determine the time between the emission and reception. Since the speed 

of light is known, the distance of each point on the real world scene to the light emitter can be 

calculated. CamCube2.0 is an example of a time of flight camera and it is shown in Figure 2.8 

a). 

• LIDAR: This technology uses a spatial narrow laser to transmit a light pulse, and a receiver to 

measure the backscattered light point by point (and not scattered light as in time of flight). The 

distance to the object is determined by recording the time between transmitted and 

backscattered pulses. Then, using the speed of light, the distance can be calculated. LIDAR 

uses ultraviolet, visible, or near infrared light to illuminate the scene and has a wide range of 

mapping applications in different fields, such as agriculture, meteorology, autonomous vehicles, 

etc. Figure 2.8 b) shows a LIDAR camera, used in autonomous vehicles. 
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(a) (b) 

Figure 2.8 - a) Time of flight CamCube2.0 camera [15]; b) Velodyne Lidar [16]. 

Multiview Video plus Depth Coding Solutions 

Several video coding standards have been developed in the last years for 2D video. The H.261 

coding solution, developed in 1988-90, was the first international video coding solution with relevant 

market adoption and was designed for videotelephony and videoconference applications. The next 

coding standard, H.262/MPEG-2 Part 2, was designed for the digital compression of TV broadcast 

material. H.264/AVC (MPEG-4 Part 10) is the successor of MPEG-2 Part 2 and allows bit-rate savings 

of 50% compared to MPEG-2 Part 2. Recently, High Efficiency Video Coding (HEVC) appeared as an 

evolution of the concepts in H.264/MPEG-4 AVC; it supports resolutions up to 8192×4320, including 8K 

UHD. Adding new compression tools, this solution offers 50% bit rate reduction for the same perceptual 

video quality, with respect to its predecessor, the MPEG H.264/AVC standard. Therefore, 2D video 

coding is a mature and widely popular field with many advances in the previous decades. However, 

these coding solutions are not suitable for the compression of several 3D representation formats. In 

particular, the multiview video and multiview video plus depth representation formats are rather 

demanding in terms of bit-rate and, therefore, new coding solutions that exploit the intrinsic 

characteristics of these formats have been developed and are able to achieve higher compression rates 

compared to the corresponding 2D video codecs. Some multiview and multiview plus depth coding 

solutions are described next. 

2.6.1 Texture Based Multiview Video Coding Solutions  

3D video applications using multiview video (MVV) have become very popular and several MVV 

coding solutions have been developed. Some multiview video coding solutions are described next: 

• Multiview Simulcasting: The views are independently coded by 2D video codecs. Therefore, 

the redundancies between views is not exploited and, consequently, this approach is not a very 

efficient compression solution. However, it facilitates the switching between views and allows 

easy display of any view with any standard decoder. 

• Multiview Video Coding: Multiview Video Coding (MVC) is a multiview coding extension of the 

H.264/AVC coding standard. To increase the compression efficiency, besides temporal and 

spatial prediction, interview prediction is also performed; the prediction scheme is shown in 

Figure 2.9. Since the cameras capture the same scene, although from different perspectives, 

there are interview compression tools (much similar to motion estimation tools) that can be used 

and, thus, bit rate can be saved. MVC has the capacity to choose the best prediction among 
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spatial, temporal and interview predictions. Usually, the base view is independent and can be 

extracted to provide a compatible 2D representation of the 3D representation.   

• Multiview High Efficiency Video Coding: Multiview High Efficiency Video Coding (MV-HEVC) 

is the multiview extension of the High Efficiency Video Coding standard, designed to efficiently 

encode several views of the same scene, exploiting the interview redundancy. To achieve 

higher compression rates compared to the HEVC, MV-HEVC uses the same interview prediction 

design as for MVC, presented in Figure 2.9. 

 

Figure 2.9 - Prediction scheme of multiview video coding [17]. 

2.6.2 Texture-plus-depth Based Video Coding Solutions 

Autostereoscopic displays, which display several views simultaneously, may employ depth-based 

image rendering techniques to generate novel views of the scene.  In this case, multiview video plus 

depth is a very promising format. Two texture-plus-depth based video coding solutions are described 

next: 

• MPEG-C Part3: ISO/IEC 23002-3 Auxiliary Video Data Representations was developed to 

support additional data that needs to be efficiently embedded in a video bit stream [18] and 

allows the encoding of depth maps with 2D video compression standards. This standard allows 

the decoder to distinguish these two types of data (texture and depth) and thus, correctly 

synthesize novel views; this is performed through signaling at systems level. In this coding 

solution, a depth map is compressed in the same way that a texture image is compressed. 

• 3D-HEVC: is a 3D video extension of HEVC and was developed to encode multiple views and 

associated depth maps; new coding tools were introduced to exploit depth characteristics that 

are not present in the texture component. 3D-HEVC exploits not only redundancies between 

multiple views, but also inter-component dependencies, i.e., between video texture and depth, 

thus achieving a higher compression factor when compared with MV-HEVC. HEVC provides 

backward compatibility by coding the first view with the HEVC coding standard, where no 

dependencies between views are exploited. Figure 2.10 shows the coding structure of 3D-

HEVC, where red arrows represent the prediction scheme. 
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Figure 2.10 - 3D-HEVC encoder prediction scheme [19]. 

Depth-Based Video Rendering 

Depth image base rendering (DIBR) methods generate intermediate views from existing 

adjacent views, and can be employed with the multiview video plus depth format. The 3D warping of 

views is the core of many DIBR methods and consists in projecting an image to another image plane. 

All the pixels in the reference image are first projected to their corresponding 3D space positions, using 

the corresponding depth map; afterwards, the resulting 3D space positions are projected to the target 

image plane. 3D warping requires explicit geometry information, such as depth or disparity maps, and 

camera intrinsic and extrinsic parameters. Intrinsic parameters are specific camera parameters, such 

as the optical center of the camera and the focal length. Extrinsic parameters define the position and 

orientation of the camera in the 3D space.  

In the following, two view synthesis algorithms adopted by MPEG are described: View Synthesis 

Reference software (VSRS) and Fast 1D View Synthesis (VSRS-1-D-Fast). Next, the View Synthesis 

with Inverse Mapping (VSIM) algorithm is also explained. 

2.7.1 View Synthesis Reference Software 

The key modules of VSRS, which requires both texture and depth components of the source 

videos, are presented in Figure 2.11 and described next [20]: 

• Depth projection in intermediate viewpoint: The depth maps of two adjacent views are 

projected into the new target view (virtual image) using 3D warping, resulting in two new depth 

maps of the virtual viewpoint; this may also lead to areas for which no depth information is 

available, called holes. Holes can result from:  rounding the position of the projected pixels to 

integer coordinates, depth acquisition errors, incorrect camera calibration and occlusions. 

• Depth map filtering: Holes generated during the depth maps projection to the intermediate 

viewpoint lead to unnatural artifacts in the rendered image; this effect is attenuated using a 

median filter to fill these holes.  

• Texture projection in intermediate viewpoint: This step performs the inverse 3D warping of 

each pixel position of the post-filtered depth maps, to find the corresponding pixel positions in 
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the lateral images. The pixel values of the texture components (of the lateral images) are then 

assigned to the projected positions on the virtual texture image.   

• Holes filling: As the projected texture may still contain holes generated by occlusions (as an 

example, Figure 2.11 shows that the left side of the depth map projected from the right lateral 

view to the virtual view is not filled by the median filter), the holes present in the texture projected 

from the right view, are filled by the texture projected from the left view, and vice-versa. 

• Blending: The two texture views projected into the virtual viewpoint are fused into one single 

image, depending on a factor related to the distances of the lateral cameras to the target view 

position. This factor is equal to 0.5 if the target viewpoint is equidistant to the lateral views. 

• Inpainting: The objects in the rendered view may be poorly defined at its borders [21]. To 

attenuate this problem, boundary matting is used, which consists on expanding the border of 

the occlusion so that the shadow is erased. After matting, the remaining holes are filled with an 

inpainting technique [21]. 

 

Figure 2.11 - Depth-based view synthesis architecture. 

 

2.7.2 VSRS 1D-Fast Mode  

The Fast 1D view synthesis algorithm, also referred as “VSRS 1D fast mode”, is part of HEVC-

based 3DV software. VSRS-1D-Fast assumes that the camera setup consists in parallel cameras 



 

 

16 

 

arranged on a horizontal line. The processing steps of this view synthesis approach are shown in Figure 

2.12. 

 

Figure 2.12 - Processing steps of VSRS-1D-Fast [22]. 

The algorithm supports two configurations: interpolative rendering and non-interpolative rendering. 

In the first, an intermediate view is rendered using both left and right lateral views. In the second, an 

intermediate view is synthesized mainly from one lateral view; the other is only used to fill the holes in 

the synthesized view. The main modules of VSRS-1D-Fast in interpolative rendering are described next: 

• Upsampling of input video pictures: Upsampling is the process of increasing the resolution 

of an image, where new pixels are interpolated from adjacent ones.  The luminance component 

of textures �� and �� of the left and right views, respectively, is upsampled by a factor of 4 in the 

horizontal direction; the chrominance component is upsampled by a factor of 8 in the horizontal 

direction and by a factor of 4 in the vertical direction. 

• Warping, interpolation and hole filling: The upsampled version of the lateral texture views, ���   and ��� , and the depth maps �� and ��  , are warped to the virtual view position and the holes 

are filled. This gives two representations of the synthesized frame: �� �, and ��� and two warped 

depth maps ���, and ���. ��� and ���, also called filling maps, classify each pixel position as 

disocclusion or no-disocclusion. Disocclusion is assumed to happen if the distance between two 

neighboring samples from the lateral view, when projected to the virtual view, is greater than 

two times the width of the sampling distance (distance between samples in the reference view); 

if disocclusion occurs, hole filling is carried out. If the distance of the projected samples is lower 

than or equal to two times the sampling distance, then texture interpolation is applied. 

• Reliability map creation: The filling maps, ��� and ���, are converted to reliability maps,  ���and ���, by assigning to each sample a reliability value between 0 and 255, depending on its 
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distance to a disocclusion position. Disocclusion positions are assigned with a reliability equal 

to 0. 

• Similarity enhancement: The similarity between left warped view, �� �, and right warped view,  ���, is enhanced by adapting the histogram of �� � to the one of ���. 
• Fusion: �� � and ���

 are combined to obtain the synthesized view. If interpolation is performed, 

the blending depends on the projected texture views, ��� and ���, on the warped depth maps 

and on the two reliability maps; if not, the synthesized view is mainly rendered from one view 

and the other view is only used for holes filling. 

• Chroma decimation: The resulting combination is downsampled to the original size of the 

texture views. 

2.7.3 View Synthesis with Inverse Mapping (VSIM) 

This section explains briefly the VSIM; a more detailed description can be found in [23]. VSIM 

creates a novel view from two lateral images with corresponding depth maps, assuming that the two 

cameras are positioned side by side, parallel to each other, which is the usual case for multiview video. 

Figure 2.13 shows the  algorithm diagram. 

 

Figure 2.13 - Architecture of the VSIM view synthesis process. 

The main modules of the diagram presented in Figure 2.13 are explained next: 

• Depth Map Computation: Compute the depth maps from normalized disparity format to z-

distance format [24]. Disparity is the distance between the horizontal positions of the same point 

in a camera plane and other second identical camera shifted by � units (baseline). Normalized 

disparity is another way of storing depth, but in a scaled manner. The z-distance is computed 

using equation (2.1): 

� = 	 1
 
255 !

1
�"#$� %

1
�&$�' (

1
�&$�

		  (2.1) 
 

where � is the z-distance, i.e. the depth (distance to the camera),   is the normalized disparity 

value, �"#$� and �&$� are the nearest and farthest depths in the scene, respectively. 
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• Left/Right Virtual View Computation: Project left and right texture lateral views to the 

intermediate virtual view position. Since cameras are parallel to each other, using equations 

(2.2) and (2.3), the positions of each projected pixel can be computed as: 

where (*+ , ,+) and (*. , ,.) represent the coordinates of a given pixel in the left and right lateral 

view, respectively, */+  and *0. are the horizontal positions in the virtual view of pixels projected 

from the coordinates (*+ , ,+)  and (*. , ,.) of left and right lateral views, respectively, 1+ and 1. 

are the focal lengths and � is the baseline (distance between cameras). Since the cameras are 

side by side and parallel to each other, the vertical positions of the pixels do not change during 

the projection. The output of this step are: the lateral views projected in the virtual view, the 

binary maps of holes, ℎ+ and ℎ., which identify the holes in left and right projected views, 

respectively, and tables shiftL and shiftR, which are described next. Holes are found during the 

projection of the lateral views. For each pixel of the lateral view, the position of that pixel 

projected on the virtual view is found using (2.2) and (2.3). If the horizontal position on the virtual 

view of the projected pixel is between 0 and the image width, then that position (in the projected 

view) is not a hole. Positions of the projected view without projected pixel from the lateral view 

are considered holes. Tables shiftL and shiftR save the horizontal shift (or column shift) of each 

pixel projected from the lateral view to the virtual view. If a pixel of the left lateral view in the 

position (*+ , ,+)  is projected to the position (*/+ , ,/+) in the virtual view, and */+ is a value between 

0 and the width of the image, than shiftL(*/+ , ,/+) =*+. These means that the column shift of a hole 

position in the projected view is not available in its corresponding table (missing values).   

• Left and Right Virtual Views Merging: After projecting the left and right lateral views to the 

virtual view, the projected views are merged using equation (2.4): 

3(*/ , ,/) =
456
573+(*/+ , ,/+) +  3.(*/. , ,/.)2  , 81 ℎ+(*/+ , ,/+) = ℎ.(*/. , ,/.) = 03+(*/+ , ,/+) , 81 ℎ+(*/+ , ,/+) = 0 9:; ℎ.(*/., ,/.) = 13+(*/. , ,/.) , 81 ℎ+(*/+ , ,/+) = 1 9:; ℎ.(*/. , ,/.) = 00,                                                                 <=ℎ>?@8A>

 (2.4) 

where 3 is the merged virtual intermediate view, (*/ , ,/) are the coordinates of each pixel of the 

virtual view, 3+ and 3. are the left and right lateral views projected on the virtual view. The output 

of this step is the virtual view 3 and a map of holes ℎ/: a position is considered a hole if the 

pixels in both projected lateral views are missing (ℎ+(*/+ , ,/+) = ℎ.(*/. , ,/.) = 1). 

• Inverse Mapping: In this step, the holes of the merged virtual view 3 are filled with the 

corresponding pixels of the lateral views, using an inverse mapping function. This function is 

defined by tables shiftL and shiftR that save the column shift of each pixel with respect to the 

virtual view. For hole positions in the merged virtual view, 3, neither table shiftL or shiftR have 

available the original positions in the lateral views (missing values). To find the original locations 

 *0+ =  *+ + 1+ �(*+ , ,+) �2 
(2.2) 

*0. =  *. + 1. �(*. , ,.) �2 
 (2.3) 
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on the lateral views of the hole positions of the merged virtual view, the missing values in the 

tables shiftL and shiftR are interpolated using a median filter. 

3D Video Displays 

There are several types of 3D video displays available, but the most relevant 3D displays available 

on market today can be classified into stereoscopic and autostereoscopic displays. Stereoscopic 

displays provide each eye with a different view of the same visual scene (according to some parallax), 

thus resulting in depth perception to the viewer, and typically require the use of glasses. The main 

stereoscopic display technologies are described next: 

• Color anaglyph systems: Anaglyph stereo images contain two filtered colored images, one for 

each eye. Using glasses with red and cyan color filters, each color image reaches the 

corresponding eye, thus creating some depth perception. 

• Polarizations systems: Polarization glasses are used to restrict the light that reaches each 

eye. The display emits the left frame in a different polarization than the right frame [25]. The 

glasses also contain a pair of different polarizing filters where only the light which is similarly 

polarized passes and the light polarized in the opposite direction is blocked. This way, each eye 

sees the corresponding image of the stereo pair allowing the user to perceive depth. 

• Active shutter systems: The image intended for the left eye is displayed while blocking all light 

in the right eye, then the right-eye image is displayed while blocking all light in the left eye. By 

repeating this process with a high rate and using synchronized glasses with the refresh rate of 

the screen that alternately blocks one eye, the user can perceive depth. 

Autostereoscopic displays are also referred as glass-free 3D displays and enable the user to view 

stereoscopic images without the use of any glasses. The main autostereoscopic displays technologies 

are described next: 

• Parallax barrier: A device, which consists of an opaque layer with a series of precisely spaced 

slits allowing each eye to see a different set of pixels, is placed in front of a traditional display. 

The depth perception is provided only when the viewer is located at some distance and angle 

from the screen. The parallax barrier display operation principle is represented in Figure 2.14 

a). 

• Lenticular imaging: Arrays of small cylindrical (or spherical) lenses are used to project light 

into different regions. The 3D visual representation is projected in a way that only one view is 

shown to each eye, which of course depends on the position of the viewer with respect to the 

screen. The resolution of the display is split among the multiple views. Figure 2.14 b) shows a 

display with 5 views using a lenticular lens sheet.  The lenses are aligned with the vertical pixel 

columns on the screen. A pixel column is assigned to a single view for every five columns [26]. 

If a viewer is positioned in a pre-defined view zone, he can see a corresponding stereo pair of 

images. This technology allows depth perception at various viewing angles, which means, if a 

viewer changes horizontally his position, he can see different set of views and therefore different 
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perspectives of the visual scene. The lenticular imaging display operation principle is 

represented in Figure 2.14 b). 

 

Figure 2.14 - a) Parallax barrier display operation principle; b) Lenticular imaging display operation 
principle. 

There are also other technologies that promise to deliver more powerful 3D impressions of a visual 

scene, although they are not yet very popular on the market. These promising displays are described 

next: 

• Holographic displays: These displays use light diffraction to create a virtual 3D object that 

appears to float in space. The user can move freely and see different parts of the object since 

the original light field is recreated both in orientation as well as frequency/phase. 3D scenes are 

shown by a surface composed of voxels (volumetric pixels) which emits light beams of different 

intensity and color to the various directions. These displays do not require any additional 

equipment for a viewer to see the image but require expensive and large optics and laser 

components. Figure 2.15 a) shows an holographic display. 

• Volumetric displays: A 3D object is displayed by projecting light inside a well-defined physical 

volume, using the principles of light diffusion, i.e. emission, scattering or relaying of illumination 

to well-defined regions [27]. As viewer position changes, different perspectives are observed 

and therefore full parallax (horizontal and vertical) are possible. A volumetric display is shown 

in Figure 2.15 b). 

  

(a) (b) 

Figure 2.15 - a) Holographic display [28]; b) Volumetric display: Volume developed by Looking Glass 
[29]. 
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Chapter 3. Multiview plus Depth Video 

Objective Quality Assessment 

Multiview video plus depth provides a rich experience to the user, by empowering 

autostereoscopic display and free viewpoint applications which require many views to be transmitted. 

To lower the number of transmitted views and, therefore, the bandwidth necessary to transmit multiple 

views of the same visual scene, intermediate views should be rendered at the display from the decoded 

views already transmitted. The synthesis of novel views is performed with a depth image-based 

rendering technique that exploits the depth maps and texture images to synthesize a view that was not 

captured and transmitted.  However, this process can lead to some artifacts in the synthesized view, 

reducing the overall quality of experience. To guarantee an adequate QoE to the end-user, the quality 

of the synthesized views should be evaluated, using an objective video quality assessment metric, 

providing quality scores that should be well correlated with the scores resulting from subjective 

assessment (i.e., using human evaluators).  

The main objective of this chapter is to present an overview of no-reference objective image 

quality metrics that have been proposed in the literature for the quality assessment of synthesized views. 

In section 3.1 , the most common artifacts in synthesized images are described. Section 3.2 presents 

some basic concepts related with the quality assessment of images and videos. Finally, section 3.3 

overviews some of the recently proposed no-reference quality assessment techniques developed for 

DIBR scenarios.  

Artifacts Characterization in 3D Synthesized Videos 

The synthesis of novel intermediate views typically results in artifacts on the rendered views which 

degrades the 3D video quality. These artifacts are presented in the following: 

• Ghosting artifact: presence of a shadow-like artifact around contours due to the misalignment 

of depth and texture [30] and due to the inefficient inpainting methods. Ghosting areas are 

defined by thin lines around the disocclusions, as shown in Figure 3.1 a) [31]. 

• Incorrect rendering of textured areas: failures in filling complex textured areas, due to 

inefficient inpainting methods [32] (Figure 3.1 b)). 

• Incorrect positioning of objects: an object may have wrong dimensions or may be slightly 

translated/shifted due to depth map acquisition or quantization errors [32]. 

• Blurry regions: caused by the inpainting method used to fill occluded areas in some part of the 

view synthesis process. This type of artifact is typically present around the 

background/foreground transitions [31] (Figure 3.1 c)). 

• Geometric distortions: distortion around object boundaries due to depth estimation errors, 

depth quantization errors and inaccurate camera calibration parameters [31].  

• Block effect: unnatural discontinuities with a squared shape caused by texture compression. 

Block effect is inherited from the compressed lateral views used to synthesize the novel view.  
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• Temporal flickering: some pixels suffer changes of depth along time, which can appear as a 

flicker effect in the synthesized video. This can be caused by inconsistent errors in depth map 

acquisition or depth map compression errors over time [31]. 

 

Figure 3.1 - a) Ghosting artifact [31]; b) Incorrect rendering of textured areas [32]; c) Blurring artifacts  
[32]. 

Quality Assessment Basic Concepts 

The quality evaluation of synthesized views is essential to guarantee an adequate QoE, in many 

scenarios, such as: i) the encoder has to decide which views should be transmitted; ii) the decoder may 

request additional views to obtain better overall quality, if necessary; iii) to monitor the media quality that 

is being delivered to each end-user along time. Next, the two main types of video quality assessment 

are briefly described. 

3.2.1 Subjective Quality Assessment 

Subjective quality assessment targets the evaluation of video quality by humans, and the 

resulting quality scores are regarded as the ground truth for most objective video quality metrics. Since 

humans are the target consumers they are also, and naturally, the most reliable source to obtain a 

quality score for an image or video. The perceived quality can be influenced by many conditions, such 

as personal interests, expectations, visualization conditions, the availability of sound, etc. Therefore, 

subjective quality tests follow a procedure in which several viewers rate the quality for a fixed set of 

stimuli and are carefully designed to be reproducible. Also, these tests are rather time expensive due to 

the long preparation and execution, and require human resources. Subjective assessment is performed 

by conducting some tests, obtaining a numerical value of the perceived quality of the media – usually, 

MOS (mean opinion score) or DMOS (differential MOS) values – typically in the range 1-5.  

3.2.2 Objective Quality Assessment 

Since subjective tests are expensive and time consuming, an alternative is to do an automatic 

evaluation of the images and videos, using objective metrics. The objective quality assessment metrics 

performance is obtained by comparing the estimated MOS values, resulting from the metric, with the 

MOS values obtained from subjective evaluation. Objective image and video quality metrics can be 

classified as: 
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• Full-Reference quality metrics (FR): these metrics evaluate the quality of the degraded 

image/video sequence using the original data and have (typically) the highest correlation with 

the subjective scores. 

• Reduced-Reference quality metrics (RR): these metrics use partial information from the 

original image/video for quality assessment. Some features are extracted from the original data 

and transmitted to the receiver to evaluate the quality of the synthesized views by an automated 

quality assessment system. 

• No-Reference quality metrics (NR): in these metrics, also referred as blind quality metrics, 

the original image/video is not available at the receiver side, neither any information about it.  

To validate an objective quality metric, i.e., to determine how close the scores predicted by the 

objective metric are to the subjective judgments, the following set of statistical measurements are 

proposed by VQEG: 

• Pearson correlation coefficient (PCC): prediction accuracy measurement, widely used for 

measuring the correlation between two variables. The Pearson Coefficient is a scalar that 

represents the linear relation between these two variables and it ranges between -1 and 1, 

where higher absolute values represent higher correlation. 

• Spearman Coefficient: This coefficient evaluates how well a monotonic function could 

represent the relation between the two variables. Spearman coefficient ranges between -1 and 

1. A perfect Spearman correlation of +1 or −1 occurs when each of the variables is a perfect 

monotonic function of the other. 

• Root Mean Square error: represents the average distance of a set of data points from the 

regression line, measured along a vertical line. Thus, it measures the amount by which the MOS 

estimated scores differ from the corresponding subjective MOS scores [33]. However, a small 

value of the RMS error does not necessarily mean that the objective metric is an adequate one. 

 

Most of the research conducted so far on objective quality assessment of 3D synthesized video has 

been focused on the development of full-reference metrics, i.e. metrics that require the availability of the 

original views. However, to track the quality of the views synthesized in the decoder side and delivered 

to the end-user, the quality assessment has to be performed without having access to the corresponding 

original views. In addition, evaluating the quality of the synthesized views in the decoder side with a no-

reference metric may also allow the decoder to ask for additional views to obtain better overall quality.  

Overview of NR-Quality Assessment Metrics for DIBR Scenarios 

The work of this thesis focuses on the development of a no-reference quality metric and, therefore, 

some relevant no-reference quality metrics are summarized next. 
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3.3.1 No-Reference Depth Assessment Based on Edge Misalignment Errors for 

T+D Images  

In contrast to texture images, which are directly captured, depth maps are usually estimated 

from a set of textured views and therefore some errors are present in depth maps. Depth estimation 

errors occur rather often on boundaries and may cause artifacts in virtual views. The objective of this 

work [34] is the evaluation of depth map quality for the texture plus depth format and its impact on the 

quality of a synthesized view, in a DIBR scenario.  A novel scheme to detect depth map edge errors in 

texture-plus-depth images is proposed. Misalignments are detected by matching texture and depth 

edges from the lateral views which were used to synthesize the novel intermediate view. Pixels located 

between corresponding texture and depth edges have incorrect depth values, and therefore, they are 

considered wrong pixels. These bad pixels are then used to assess the quality of the depth map. 

A - Technical solution 

The basic idea of the proposed scheme is that texture and depth edges are properties of the 

same objects, and therefore they have similar properties.  A matching process between these two types 

of edges is performed to detect misalignment errors. Based on these errors, a map of bad pixels is 

obtained, and a metric which quantifies the quality of depth maps is computed. Figure 3.2 presents the 

block diagram of the no-reference quality metric proposed in [34]. 

Edge 

Detection

Edge 

Detection

Edge 

Segmentation

Edge-Segmented-

Based Matching
Depth Quality 

Assessment

Texture Map

Depth Map

Edge 

Segmentation

Overall depth 

map quality

 

Figure 3.2 - Block diagram of the no-reference quality metric. 

The quality score is obtained by the following steps: 

• Edge Detection: Computes edges from both depth and texture maps, using the Canny edge 

detector, which provides reliable edges with only one-pixel width.  

• Edge Segmentation: Since texture views and depth maps have noise and outliers, pixel-based 

matching between their edges would be inaccurate. Therefore, instead of matching individual 

pixels, an edge-matching scheme between the depth and texture edge segments (groups of 

edge pixels) is proposed. Empirically, it was found that for straight edges, longer edge segments 

provide better matching accuracy and for highly curved edges, shorter segments provide better 

matching accuracy. Therefore, an adaptive edge segmentation approach is proposed, shown 

in Figure 3.3, and described next: 
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a. Adaptive Edge Segmentation: Determines the length of each segment, according to 

the flowchart in Figure 3.3. Given an edge segment s (in the first iteration it is an edge 

pixel) and its neighboring edge pixel p, the length of the edge segment with the new 

pixel p is calculated. Two length limits Lmin and Lmax are defined to prevent the edge 

segments from becoming too long or too short, because both cases may damage the 

robustness of the matching. When s+p is shorter than Lmin, p is immediately added to 

s. When s+p is longer than Lmax, a new segment is created. If the length of the segment 

with the new pixel is between Lmin and Lmax, its average curvature is calculated. A 

threshold TESDV is set to ensure that for a straight edge (small Edge segment direction 

variation (ESDV) values), edge segments can grow (pixels are added) and in case of a 

highly curved edge (high ESDV values), the edge segment should be short, and a new 

segment is created. Finally, segment s and pixel p are updated, and in the next iteration, 

the new segment s and the next edge pixel p are used for another iteration. 

 

 

Figure 3.3 - Flowchart of the adaptive edge segmentation [34]. 

b. Edge Curvature Quantification: Edge segment direction variation (ESDV) indicates 

the average curvature of edge segment s. The direction of each edge unit (imaginary 

line that connects two neighbor edge pixels) between two edge pixels is defined 

according to Figure 3.4, and then, the average curvature of the whole segment is 

calculated. ESDV is used to determine if the edge segment grows, or if a new edge 

segment is created. 
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Figure 3.4 - Sketch of ESDV: a) Direction of connectivity between two edge pixels; b) Example of an 
edge segment and its direction [34]. 

• Edge-Segment-Based Matching: The objective of this module is to match depth edge 

segments with corresponding texture edge segments. Depth edges are a subset of texture 

edges, because depth edges usually indicate object boundaries while texture edges can be 

caused by several factors besides object boundaries, such as textured regions, shadows and 

illumination variations. Since texture edges outnumber the depth edges, depth edges are used 

as source edges to match texture edges (or target edges); this process allows to eliminate 

irrelevant texture edges, because irrelevant texture edges do not have corresponding depth 

edge, and therefore will not be matched. To find all target edge segments st for a given source 

edge segment ss, a search window W is used. All target edge segments st within W, are target 

matching candidates. Three features are used to evaluate the similarity between two edge 

segment ss and st : 

a. Spatial Similarity: The corresponding depth and texture edge segments should have 

similar locations. The spatial similarity indicates that closer edges have higher 

similarities. 

b. Edge Orientation Similarity: The corresponding depth and texture edge segments 

should have similar directions. This feature measures similarities in the edges 

directions. 

c. Segment Length Similarity: The corresponding depth and texture edge segments 

should have similar number of pixels. This feature measures the similarity between two 

segments in terms of length. 

The similarities described above are then used to compute the overall similarity score for each 

source segment ss and target edge st. With the overall similarity scores, the optimal match st is 

determined. The output of this step is a set of matched edge pairs.  

 

• Depth Quality Assessment: Based on the edge matched pairs, the depth map quality is 

evaluated. A depth map estimation error occurs when a misalignment between texture and 

depth edges is detected. Pixels located between these two types of edges have incorrect depth 

values and, therefore, they are considered wrong pixels. Figure 3.5 presents the detected edge 
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pairs, where the detected depth and texture edge pairs are marked in blue and red, respectively, 

and wrong pixels are marked in green. 

Based on these wrong pixels, a bad point rate (BPR) is used to quantify the overall quality of 

depth maps. BPR ranges between 0 and 1 and is obtained by: 

BC� = #ECF(9GG)H
#ECI#JI(9GG)H 

(3.1) 

where #ECI#JI(9GG)H  is the number of pixels in the depth map and #ECF(9GG)H is the number of 

detected wrong pixels. 

 

Figure 3.5 - Example of detected bad pixels in the Teddy [34] depth map. The depth map was 
generated with the depth estimation Infection algorithm [35]. 

 

B - Performance assessment 

To evaluate the metric performance, four stereo images from Middlebury [36] database were 

used: Tsukuba, Venus, Teddy and Cones. The results are provided with three metrics: the percentage 

of bad matching pixels (PBMP), which is a full-reference metric proposed in [37], the error rate (Err) 

proposed in [38] which is a no-reference depth quality assessment for texture-plus-depth-images, and 

the proposed no-reference metric bad point rate (BPR). For Err and BPR, wrong pixels are detected 

through edge matching between the texture and depth maps. For PBMP, the estimated depth map is 

compared with the ground truth to calculate the disparity errors. 

Table 3.1 shows the Pearson coefficient between BPR/Err and PBMP. Since the ground truth 

depth map is used, PBMP is a reliable and accurate full-reference metric that can be used to assess the 

performance of the no-reference quality metrics. Therefore, getting closer to PBMP indicates higher 

accuracy in detecting the wrong pixels.  The correlation for the BPR metric is always higher than 0.77 

and reaches 0.96, meaning that the proposed scheme can detect depth distortions accurately. 
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Table 3.1 - Pearson coefficient between BPR/Err and PBMP. 

 Tsukuba Venus Teddy Cones 

Err [38] 0.84 0.55 0.79 0.75 

BPR 0.96 0.93 0.77 0.88 

 

Figure 3.6 shows a linear regression performed between PBMP and BPR/Err, and the 

goodness-of-fit coefficient R2 which indicates the fitting accuracy. R2 exceeds 0.8691 and reaches 

0.9204, which shows that BPR is highly consistent with the full-reference metric PBMP. 

 

Figure 3.6 - Scatter plot of BPR, Err vs PBMP. a) Results of Tsukuba �FK.L = 0.9204, �M#��L = 0.7049. 
b) Results of Venus, �FK.L = 0.8691, �M��L = 0.3058. 

Finally, the relation between the quality of depth maps and the synthesized views is investigated. 

Using depth maps estimated by  9 algorithms and the undistorted texture maps, nine virtual views were 

rendered for each dataset. The quality of these virtual views is evaluated computing the MSE between 

the synthesized view and the original view, denoted as MSEsyn. Figure 3.7 shows the relationship 

between the depth quality and the virtual view quality, i.e. the BPR values of the tested depth maps and 

the corresponding MSEsyn values. 

 

Figure 3.7 - Scatter plot of MSEsyn-BPR. (a) Scatter plot of Tsukuba, R2 = 0.8302. (b) Scatter plot of 
Venus, R2 = 0.6572. 

As shown, there are nine markers that correspond to the nine views. Since view synthesis is 

performed based on depth maps, lower depth quality results in more errors in the synthesized view, 

which indicates that MSEsyn should increase with growing BPR. In the presented scatter plots, despite 

some outliers, the points typically follow this rule. The fitting accuracy between MSEsyn and BPR exceeds 
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0.8 and 0.65 for Tsukuba and Venus, respectively, which means that BPR can predict well the virtual 

view quality. 

3.3.2 No-Reference Quality Metric for Depth Maps  

The main motivation of this work is that depth acquisition systems such as time of flight (ToF) 

cameras, stereoscopic and multi-camera systems are affected by noise, due to illumination conditions 

or characteristics of the device. This leads to an inaccurate depth acquisition in a Depth Image Based 

Rendering scenario and consequently, to the presence of artifacts in the novel synthesized view.  

To access the quality of depth information, which greatly influences the performance of DIBR 

solutions, a no-reference quality metric for depth maps is proposed in [39]. The no-reference quality 

evaluation of depth maps proposed takes into account the irregularities along the depth edges of objects 

by comparing these edges with references with low distortion. These references are the texture views 

used to synthesize a novel view, where edges are considered to have lower distortion.  

 

A - Technical solution 

The approach followed in this paper is to segment the depth map into clusters and compute a 

set of features which are compared with the corresponding texture view. The consistency of the texture 

map and the computed clusters of depth maps is evaluated. The amount of consistency is then used as 

a measurement of noise present in the depth map which is a good “proxy” metric to the synthesized 

view quality. Figure 3.8 presents the block diagram of the no-reference quality metric proposed in [39]. 
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Figure 3.8 - Architecture of the no-reference quality metric for depth maps.  

This method evaluates the depth map quality and the main steps are described next: 

•••• Depth map segmentation: depth map is clustered into N clusters using a k-means algorithm 

that operates on the depth values. The segmentation depth map (SD) maps each pixel of the 

depth map to the index of the cluster it belongs.  

 

•••• Segmentation Optimization: The number of regions N is chosen by an iterative optimization 

of the segmentation SD. This is done by using a variation of the no-reference segmentation 

quality metric FRC(I,S)  [40]. FRC(I,S)  was firstly designed to check the consistency of a texture 
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view with respect to the computed texture clusters. FRC (I,S) receives as input the texture view 

(I) and the segmentation texture map (S) and exploits two sets of disparity features:  

a) Intra-region disparity, ;N"I�$(3, O): measures the uniformity and homogeneity of the 

clusters. For each cluster, the difference between each pixel value and the average of 

pixel values in the cluster is computed. The final value is the mean of the inter-region 

disparities of all clusters. 

b) Inter-region disparity, ;N"I#�(3, O): for each cluster, quantifies how different the adjacent 

clusters are with respect to the cluster being processed. The final value is the mean of 

the inter-region disparities of all clusters. 

A more formal explanation of these features is available in [39] . The FRC (I,S)  quality metric can 

be represented as: 

�.P(3, O) = ;N"I#�(3, O) % ;N"I�$(3, O)2  
(3.2) 

Based on FRC, this work has proposed a metric based on �.P(3, O), but  for depth maps, which 

receives as input the depth map and the segmentation depth map, FRC (D, SD). The 

segmentation of the depth map is repeated over different N values (number of clusters), and for 

each N, the metric FRC (D, SD) is computed. The segmentation map that maximizes FRC(D,SD) 

is the optimized segmentation depth map. 

•••• Segmentation quality evaluation: The accuracy of segmentation is evaluated using a 

variation of the no-reference quality segmentation metric �.P(3, O) [40], that checks the 

consistencies of the input view and the computed segments. To check the consistencies of the 

segmentation depth map with respect to the texture view, considered as a good reference, FRC 

is computed for the depth map segmentation using the texture view, i.e., FRC(I,SD).  

•••• Depth quality assessment: The proposed metric that quantifies the quality of the depth maps 

is: 

QR = ST�.P(3, OU) +  SL�.P(3, OU) +  SV 
 

(3.3) 

 where:  

• ST, SL and SV are values obtained empirically. 

• 3 is the texture view and OU  is the segmented depth map. 

 

B - Performance assessment 

To validate the proposed metric, the correlation between the proposed solution and a full 

reference quality metric MSE is measured. The full reference quality metric is the MSE between one 

lateral view (the left one) and its warped version obtained from the texture and depth map of the central 

camera. The MSE error quantifies the quality of the warped view compared to the original view.  

The depth maps for datasets breakdancers and ballet were coded at several quality factors 

(compression ratios). As compression ratio increases (higher distortion), the quality of the warped view 
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decreases, and therefore, it is expected that MSE increases. Figure 3.9 reports the MSE and the QR 

value for different compression ratios.  The proposed metric evaluates the quality of depth maps without 

any reference and has a good prediction of the quality of the synthesized view since it is well correlated 

with the MSE full-reference metric as shown in Figure 3.9. 

 

Figure 3.9 - MSE vs. FRC(I; SD) values for quantization noise in multiview systems. (a) breakdancers 
(b) ballet. 

3.3.3 A no-reference quality measure for DIBR-based 3D videos  

In DIBR, virtual views are synthesized by projecting pixels from the reference view to the world 

coordinates, and then, re-projecting them to the 2D virtual camera view. This process is referred as 3D 

warping. During the 3D warping process, errors in the depth map lead to errors in the relative position 

of objects (or small regions) in the virtual view. In addition, the warping process leads to disocclusion, 

where some occluded areas in the reference view become visible in the virtual image. Hole filling 

solutions are used to remove the holes, although some artifacts are introduced. To capture these 

different types of errors, three distortion measures are computed and then combined into a no-reference 

quality measure for stereoscopic DIBR-based video, i.e., stereo video where one of the views was 

captured and the other synthesized. 

 A - Technical solution 

To evaluate the perceived quality of the DIBR generated video, an ideal depth map of the 

reference view is computed to compare with the received inaccurate depth map. The ideal depth map 

estimate represents a depth map that generates a DIBR-based 3D video without any distortions and is 

computed at the pixel depth level. The ideal depth estimate is used to compute three distortions 

measures. These distortion metrics are combined to obtain a final score. Figure 3.10 presents the 

architecture of the no-reference quality metric proposed in [41]. The inputs of the proposed metric are 

the reference texture view and reference depth map of a stereo view used to synthesize the other 

stereoscopic view, the synthesized virtual view (in the position of the other stereo view), and some DIBR 

parameters as the focal length (F), baseline (distance between cameras, B) and the parameter s, which 

is equal to -1 or +1 when the estimated view is to the left or right with respect to the reference view, 

respectively. 
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Figure 3.10 - Architecture of the no-reference quality metric for DIBR-based stereoscopic video. 

Each module of the block diagram is explained in the following: 

•••• Ideal depth estimation: Computes a depth map of the reference view (the view used to 

synthesize the other view in the stereoscopic DIBR-based video) that would generate a 

distortion-free image. The ideal depth representation is shown in Figure 3.11. 

Although this work aims to propose a no-reference quality metric, it starts by computing the ideal 

depth for a full-reference scenario. The ideal depth can be expressed as: 

�NW#$�,&X��Y�#& � A ∗ � ∗ B
[)3\	 % 30- ( A � ∗ B�

 (3.4) 

where [ is a constant, 30 	is the rendered virtual view intensity, 3\	is the distortion free view 

intensity (which corresponds to the view to be rendered and that is available at the encoder) 

and � is the received depth. However, in a no-reference scenario, 3\	 is not available. Therefore, 

the difference )3\	 % 30	- is estimated as a function of intensity of the synthesized virtual image 30 

and the intensity 3�	 of the received reference texture image. The ideal depth for the no-reference 

scenario is calculated according to:  

 �NW#$�,"]Y�#& � A ∗ � ∗ B
[ ∗ 1)30 , 3�- ( A � ∗ B�

 (3.5) 

The function f is defined as the difference in intensity between each block in the reference view 

3�	from which the synthesized view was rendered and the corresponding block in the rendered 

view	30	. Since the rendered view and the reference view show the same scene, but from 

different perspectives, the difference in intensity is calculated after applying a horizontal shift to 

the blocks of the reference view (block matching). The block size, d, affects the noise level in 

the estimated ideal depth. The ideal depth estimate is calculated for each block, where Z is the 

depth of the pixels contained in the block. 
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Figure 3.11 - Ideal depth: the depth map of one of the views of the stereoscopic video that would 
generate a new virtual view (in the position of the other view of the stereoscopic video) without 

distortions for stereoscopic video. 

The ideal depth estimate is used to calculate three distortion measures: spatial outliers (SO), temporal 

outliers (TO) and temporal inconsistencies (TI). To calculate these measures, for each block, a variable 

∆� is defined as ∆� � |�NW#$� % �|, which represents the error of the estimated depth with respect to the 

ideal depth. 

 

•••• Spatial Outliers Measurement: Measure spatial inconsistencies/distortions quantifying spatial 

outliers (SO). Spatial outliers are pixels projected to wrong positions in the virtual view, due to 

depth map errors. A SO map determined for Figure 3.12 a) is shown in Figure 3.12 b). SO is 

the standard deviation of ∆�. 

•••• Temporal Outliers Measurement: Measure how inconsistent is the error introduced in the 

synthesized view for two consecutive frames due to wrong estimation of depth maps. Note that 

the error introduced due to depth map estimation noise and hole filling is typically random and 

temporally inconsistent. A temporally inconsistent ∆� indicates that the projected pixel position 

during the warping process have noise or the hole filling procedure is not stable along time. 

Temporal outliers (TO) are defined as the standard deviation of the change in ∆� for two 

consecutive frames, i.e. standard deviation of ∆�I`T % ∆�I . The TO map determined for Figure 

3.12 a) is presented in Figure 3.12 c). 

•••• Temporal Inconsistencies Measurement: Measure fast changing disparities, caused by 

inaccurate depth estimation, hole filling algorithms and depth compression, which typically leads 

to lower quality after synthesis. Temporal inconsistency (TI) is determined as the standard 

deviation of �I`T % �I. The TI map determined for Figure 3.12 a) is shown in Figure 3.12 d). 

•••• Overall quality measurement: The three distortion measures are combined resulting in a no-

reference 3D Vision-based Quality Measure (NR_3VQM) for stereoscopic DIBR-based videos: 

a�_3cQd � ef1 % Og)Og ∩ �g-i$)1 % �3-j)1 % �g- k 
(3.6) 

where a, b and c are constants determined experimentally with a few training sequences, K is 

a constant for scaling and NR_3VQM ranges from 0 for lowest quality to K for highest 

quality. (lm ∩ nm) is the logical intersection of SO and TO, to avoid accounting the outlier 

distortion more than once. SO, TO and TI are distortion measures for each block, and, therefore, 
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NR-3VQM is a matrix where the number of elements is equal to the number of blocks. The 

overall quality measure is calculated as the mean of the NR_3VQM values associated to each. 

 

Figure 3.12 - a) Single frame chosen from a right view video generated through DIBR; Distortion 
measures: b) Spatial Outliers; c) Temporal Outliers; d) Temporal Inconsistency. 

 

B - Performance Assessment 

A subjective test was performed to validate the proposed metrics, and the results were 

processed to obtain Mean Opinion Scores (MOS) and Difference Mean Opinion Scores (DMOS). Twenty 

volunteers, mostly engineers with little or no experience in 3D video processing field participated in the 

subjective tests, to evaluate the quality of 31 video sequences each of 30 seconds. 

Table 3.2 show the results for the proposed no-reference metric (NR_3VQM) with different block 

sizes (d) and full reference metric (3VQM) [42], which evaluates stereoscopic DIBR-based video. The 

correlation between the predictions of the proposed metric NR_3VQM and the full reference metric 

3VQM with the subjective scores is established using the following metrics: root mean squared error 

(RMSE), Pearson linear correlation coefficient (PLCC), spearman rank order correlation coefficient 

(SROCC). 

Table 3.2 - Validation scores for the full-reference [42] and no-reference [41] metrics. 

 PLCC SROCC RMSE 

No Reference (d=2) 0.8529 0.1180 0.5870 

No Reference (d=5) 0.8662 0.4445 0.6384 

Full reference 0.8942 0.7890 0.6158 

 

Table 3.2 shows that, for a block size of d=2, the no-reference metric has lower RMSE compared 

to the full-reference metric, which indicates high accuracy but has low correlation with subjective scores 

compared to the full reference metric (due to the lower values of CC and SROCC). For d=5, RMSE 

values are higher for the full-reference metric and the Pearson linear correlation coefficient (PLCC) and 

Spearman rank order correlation coefficient (SROCC) values improved with respect to d=2, which 

means, that with d=5 the no-reference metric is closer in performance to the full-reference metric. 
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3.3.4 No-reference Stereoscopic Image Quality Assessment Using Binocular 

Self-similarity and Deep Neural Network  

Three-dimensional image quality assessment (3D-IQA) is more complex than 2D-IQA. In 

addition to blurriness, blocking artifacts, ringing artifacts, 3D images may involve binocular confusion 

(when the two images cannot be fused), depth perception errors and lead to a visual discomfort, etc. A 

no-reference quality assessment metric proposed in [43] evaluates texture stereoscopic images, where 

depth maps are not available, based on Binocular Self-Similarity and Deep Neural Networks (DNN). The 

quality score results from a combination of two indexes: Binocular Self-Similarity (BS) and Binocular 

integration (BI). BS index is designed to evaluate quality of stereopsis, i.e., the perception of depth 

obtained from fusing the two slightly different images received by the left and right eyes. A DNN is 

trained to predict local quality, i.e., the quality of an image patch (block of an image) and used to compute 

an Binocular integration index. The BI index accounts for binocular integration. Binocular integration is 

the process in which the brain tries to fuse two similar images, acquiring a sense of depth. 

A - Technical solution 

A DNN is constructed to predict stereoscopic images quality. First, the DNN model training 

architecture is shown in Figure 3.13. 

 

Image 

Distortion

Patch 

Extraction

Feature 

Extraction

Patch 

Extraction

Random images 

for training

(FR) Quality 

Assessment 

DNN Training

quality scores

features

DNN 

model

 

Figure 3.13 - DNN model training architecture. 

The training procedure is described in the following: 

•••• Image Distortion: After selecting a set of random images for training, those are distorted using 

the four most common types of distortion: Gaussian blur, Gaussian white noise, JPEG 

compression and JPEG2000 compression. 

•••• Patch Extraction: To predict local quality, i.e., the quality of an image block, both distorted and 

reference images are divided into patches/blocks. 

•••• Feature Extraction: For each distorted patch, four features based on natural scene statistics 

(NSS), which are sensitive to visual quality, are extracted to describe the degree of quality 

degradation of the distorted patches. Natural un-distorted images possess certain statistical 

properties, the NSS, that hold across different image contents. The presence of distortions in 

natural images alters the natural statistical properties of images. The following features try to 

capture these distortions: 
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a) Distribution of mean subtracted and contrast normalized (MSCN) coefficients: MSCN 

coefficients have statistical properties that are changed in the presence of distortion. 

By quantifying these changes, it is possible to predict the type of distortion affecting an 

image as well as its perceptual quality. To visualize how the MSCN coefficient 

distributions vary as a function of distortion, the MSCN coefficients histogram can be 

constructed and analyzed, because each type of distortion modifies the histogram in 

its own characteristic way [44]. 

b) Products of pairs of adjacent MSCN coefficients: Used to quantify the naturalness of 

the image and its quality in the presence of distortion. Paired products vary in the 

presence of different types of distortions, which can be accounted by analyzing the 

shape of the histogram of paired products coefficient for each type of distortion [44].  

c) Difference-of-Gaussian (DOG) coefficients: This type of coefficients allow to simulate 

the neural process of the eye that extracts details from images and conveys them to 

the brain [43] and therefore are a useful feature to measure the synthesized view 

quality.  

d) Gradient component (GC) coefficients: these types of coefficients can effectively 

capture artifacts to which the human visual system is highly sensitive. The presence of 

image distortions, such as compression artifacts and image blur, changes the gradient 

magnitudes.  

•••• (FR) Quality Assessment: The similarity between each distorted patch and reference image 

patch is calculated using a full-reference image quality metric called FSIM [45], to obtain the 

training label: the quality score. Therefore, the dependency on human opinion is removed and 

many training samples can be performed. The subjective mean opinion scores are not used for 

training. 

•••• DNN Training: For each distorted image patch, there is a set of features and corresponding 

quality score. After training the DNN for many samples, a DNN model is obtained and it is 

possible to predict the quality of a distorted image patch, based on a set of received features. 

The final quality measure depends on BS and BI index. The architecture to compute the BS index is 

shown in Figure 3.14.  
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Figure 3.14 - BS index computation architecture. 
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Each module is described next: 

•••• Disparity estimation:  Disparity is obtained using the optical flow algorithm presented in [46] 

to render a left texture view from the right view of stereoscopic image afterwards. 

•••• DIBR (Left image synthesis):  The disparity map is used to synthesize a texture left view from 

the right view of a stereoscopic image. The synthesized image is then compared with the 

received left view. 

•••• BS index computation: BS index is computed to assess the degree of similarity of the left and 

warped left view. The BS index considers both binocular rivalry and binocular suppression 

effects. Binocular rivalry happens when the observer can’t fuse two displayed images due to 

severe mismatches and causes two images to be seen alternately. Binocular suppression is a 

phenomenon of visual perception where the brain ignores all or part of the image received by 

one of the eyes, which means that only one of the images can be seen while the other is hidden. 

BS is defined as the similarity of warped left view and received left view and it is computed using 

the FR-IQA Color-SSIM (C-SSIM) [43] metric. 

The architecture to compute the BI index is shown in Figure 3.15.  

Patch 

Extraction

Feature 

Extraction

DNN Quality 

Prediction

BI Index 

Computation

Left texture image

Right texture image

Final Quality 

Assessment

 

Figure 3.15 - BI index computation using DNN. 

Each module is explained in the following: 

•••• Patch extraction: Given a stereoscopic image, the left and right views are partitioned into 

patches/blocks as in the training process. 

•••• Feature extraction: For the left and right view, and for each patch, the features described 

before are extracted and fed into the trained DNN regression model. 

•••• DNN quality prediction: The quality of each image patch is predicted by the DNN based on 

the extracted features computed in the previous step.  

•••• BI index computation: BI index models binocular integration behavior. Binocular integration is 

the process in which the brain tries to fuse two similar images, acquiring a sense of depth. To 

calculate BI, the left and right view quality scores of stereoscopic image are combined using a 

variance energy based Gain-Control model [43]. 

•••• Final quality assessment: The final index of the stereoscopic image to be assessed is 

calculated by combining both BS and BI indexes: 
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Q �  o QFR +  (1 − o)(1 − QFp) 

 
(3.7) 

 

where  o is a parameter to adjust the relative importance of the BS quality (QBS) and BI quality 

(QBI). The parameter λ was found empirically, on the NBU-ASY [47] database, by optimizing the 

Spearman rank-order correlation coefficient (SROCC) of the metric. 

B - Performance assessment 

The Pearson linear correlation (PLCC) and Spearman rank-order correlation coefficient 

(SROCC) are used to measure the correlation between the objective scores obtained by the proposed 

metric and the subjective mean opinion scores already available in the dataset, which contain 

stereoscopic images with JPEG2000 compression (JP2K), JPEG compression (JPEG), white noise 

(WN) and Gaussian blur (GB). The proposed metric is evaluated with several state-of-the-art 2D and 

3D IQA metrics. The proposed NR-IQA method is compared to the full-reference 2D IQA metrics MS-

SSIM [48] and GMSD [49].  The proposed metric is also compared with some modified full-reference 

2D objective metrics, to consider the specific scenario of stereoscopic image quality assessment and 

are denoted as the Frequency-Integrated metrics (FI-metrics). FI-metrics result from incorporating 

Binocular Integration (BI) behaviors using Difference-of-Gaussian (DOG) models and a DOG energy-

based Gain-Control model into the existing 2D models, according to [50]. Finally, the results are also 

compared with the no-reference metric S3D-BLIND [51]. The correlation results are given in Table 3.3 

for two databases: NBU-ASY [47] and LIVE II [52].  

Table 3.3 - Comparison of the proposed metric with several state-of-the-art IQA metrics. 

 

Methods 

NBU-ASY Dataset LIVE II Dataset 

PLCC SROCC PLCC SROCC 

MS-SSIM [48] 0.8041 0.8586 0.6807 0.7719 

GMSD [49] 0.7858 0.8366 0.7849 0.7827 

FI-PSNR [52] 0.7922 0.8286 0.7787 0.7604 

FI-SSIM [52] 0.4936 0.8403 0.7168 0.7584 

CM-SSIM [52] 0.7284 0.8631 0.7820 0.9045 

S3D-BLIND [51] 0.9137 0.8853 0.9125 0.9061 

Proposed 0.8699 0.8909 0.8700 0.8624 

 

The proposed NR-IQA method achieves higher PLCC and SROCC compared to the full-

reference 2D IQA metric, MS-SSIM and GMSD. The proposed metric has higher correlation with MOS 

scores when compared with other four full-reference 3D-IQA metrics (FI-PSNR, FI-SSIM, C.MS-SSIM). 

However, the no-reference S3D-BLIND metric outperforms the proposed metric, because, in contrast to 

the proposed metric, the subjective mean opinion scores provided by the dataset sare used for training. 

In addition, in the S3D-BLIND train-test procedure, 80% of the database are used for training and the 

remaining 20% are used for test, which means that the testing set has image contents and distortion 

types identical with the training set. 
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Chapter 4. Subjective Quality Evaluation of 

Synthesized Images 

In this chapter, the available synthesized images and video databases and associated quality 

scores are firstly described, and the motivation for the development of a new dataset is presented. Next, 

the methodology for the subjective tests procedure is described, as well as the new view synthesis 

quality database that is obtained. This new database will be used to validate the performance of the 

objective quality metrics, by comparing the objective quality scores with the scores produced by human 

judgment (subjective tests). Finally, some statistical analysis about the quality scores is presented. 

Subjective image quality assessment is a method to measure image quality where a statistical 

relevant number of users participate in an evaluation to provide their personal opinion. Subjective tests 

are regarded as the most reliable method for assessing image quality, given that the humans are the 

ultimate receivers of visual stimulus. The observers assess the quality of each presented image during 

the subjective session. A subjective image quality assessment is conducted by processing the subjective 

scores across the human observers and producing a subjective quality measurement, the Mean Opinion 

Score (MOS), that expresses the perceptual quality of the image. 

Available Databases 

For the subjective quality assessment of synthesized views, two public available databases 

were considered: IRCCyN IVC DIBR Images database and the SIAT Synthesized Video Quality 

database. Both are briefly described next. 

4.1.1 IRCCyN IVC DIBR Images Database 

The IRCCyN IVC DIBR Images database [53] is an image based dataset resultant from the 

IRCCyN IVC DIBR Videos quality database. IRCCyN IVC DIBR Videos quality database used three 

MVD sequences (Book Arrival, Lovebird1 and Newspaper), with a 1024x768 spatial resolution, and 

seven DIBR algorithms to generate four new viewpoints. From the left view, 2 videos are generated: 1) 

the center point of view and 2) the right point of view (collocated with the available right view). From the 

right view, 2 more videos were generated: 1) center point of view and 2) left point of view. Thus, for each 

MVD sequence, there are 8 x 4 videos: one original version and seven synthesized videos (with methods 

A1 to A7), for each of the 4 views, which leads to a total of 32 videos. So, the IRCCyN IVC DIBR 

Videos quality database contains 96 video sequences (32 x 3 videos of each MVD sequence). 

To develop the IRCCyN IVC DIBR Images database, from the total of 96 video sequences, 96 

still images were extracted randomly. Only one frame was selected out of each synthesized view and 

the frame number is fixed for a given viewpoint. 

Since just one view is used in the synthesis, the synthesized images contain distortions that are 

mainly related to the hole filling strategies of the synthesis algorithms. When two lateral views are used 
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to generate a novel view, the distortions from the hole filling steps can be significantly reduced, which is 

not the case for this database. The subjective test was done by 43 observers, and the quality scores 

were obtained following an Absolute Category Rating with Hidden Reference (ACR-HR) methodology. 

In ACR-HR subjects evaluate one image at a time, and besides the distorted images, its original versions 

are also evaluated in the subjective tests, without informing the subjects about its presence. 

4.1.2 SIAT Synthesized Video Quality Database 

The Synthesized Video Quality Database (SIAT) [54] is a MVD dataset, which contains 10 

sequences: Book Arrival, Ballons, Kendo, Lovebird1, Newspaper, Dancer, PoznanHall2, PoznanStreet, 

GT Fly and Shark, in 1024x768 or 1920x1080 pixels resolution. For each sequence,  the texture/depth 

view pairs of the lateral views were compressed with the 3DV-ATM v10.0 [55], which is the 3D-AVC [56] 

based reference software for MVD coding. The view synthesis was accomplished with the VSRS-1D-

Fast software [57], available in the 3D-HEVC. 

The texture and corresponding depth maps of the lateral views were compressed using different 

quantization parameters (QPs) spanned from QP=20 to QP=50, obtaining 14 combinations of 

texture/depth pairs. Then, these lateral views were used to synthesize 14 videos at the target viewpoint 

(intermediate viewpoint). Table 4.1 summarizes the information about the video sequences used in SIAT 

database. 

Table 4.1 – Characterization of the video test sequences and other test conditions used in the SIAT 
database [54]. 

 

The 14 synthesized videos can be divided into 4 distortion categories: 

• Uncompressed Texture and Uncompressed Depth (UTUD): the synthesized video is generated 

using the original texture/depth view pair; only artifacts due to the synthesis process are present. 

• Uncompressed Texture and Compressed Depth (UTCD): the depth map views are compressed 

with four different QPs, and four synthesized videos are generated using the original texture 

and the compressed depth maps. In this case, the synthesized view presents artifacts due to 

the quantization noise present in the depth component of the lateral views, as well as artifacts 

due to the view synthesis process. 
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• Compressed Texture and Uncompressed Depth (CTUD): the texture of the views is compressed 

with four different QPs, and four synthesized videos are generated using the compressed 

texture and the original depth maps. In this case, the synthesized view presents quantization 

noise artifacts (inherit from the source views), as well as artifacts due to the view synthesis 

process. 

• Compressed Texture and Compressed Depth (CTCD): texture/depth view pairs are compressed 

with five different texture/depth QP pairs, and five synthesized videos are generated using the 

compressed texture/depth view pairs. This is the more general case, where different types of 

artifacts can appear in the synthesized views.  

 

The database provides the compressed texture and depth maps of the lateral views, but the original 

videos of the lateral views are not available.  The database also provides the original and synthesized 

videos of the virtual view. 

The subjective methodology that was followed consisted in two sessions: 84 videos were evaluated 

in the first session and 56 in the second session. Each test video was evaluated by 40 subjects and 24 

subjects participated in both first and second sessions. The ACR-HR standardized evaluation procedure 

was followed. Each synthesized video sequence was rated using single stimulus, where both MOS and 

DMOS scores were obtained. 

IST View Synthesis Image Quality Dataset 

A new synthesized image database is proposed, because the datasets available in the literature 

(already described) do not fully fulfill our needs. On one hand, the assessed images contained in the 

IRCCyN IVC DIBR were synthesized using only one lateral view and, therefore, the distortions in this 

database are mainly related to the hole filling strategies of the considered DIBR algorithms. However, 

the usual case is to exploit both lateral views (left and right) to generate the synthesized image, which 

allows to obtain virtual views with higher quality. In addition, IRCCyN database does not include 

texture/depth compression distortions, which is a major drawback since compression artifacts (in both 

texture and depth maps) have a great impact on the quality of synthesized views. On the other hand, 

the objective of this thesis is to evaluate synthesized images, where temporal distortions are not present. 

In the SIAT database, the viewers evaluated videos and therefore some spatial distortions are masked 

by temporal aspects. Therefore, to evaluate spatial distortions, a database with synthesized images is 

necessary for a realistic scenario, i.e. with compression artifacts in both texture and depth and for view 

interpolation (using two reference images).  

  Some of the test images used in this evaluation study were extracted from the synthesized video 

sequences available in SIAT. Other test images were synthesized using the View Synthesis with Inverse 

Mapping (VSIM) algorithm [23], described in section 2.7.3 , using the lateral viewpoints of the same 

sequences selected for the SIAT database. Naturally, for each synthesized image, the corresponding 

original frame is also extracted from the original videos (also available in the SIAT database). 
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As will be shown, an objective quality metric will be developed with image features extracted 

during the synthesis process and therefore it is essential to generate new images to obtain relevant 

information during the view synthesis process, in this case by the VSIM algorithm. These features will 

be used to develop the proposed no-reference synthesized image quality metric. 

4.2.1 Subjective Assessment Framework  

A subjective test assessment was conducted to obtain quality scores of synthesized images 

which will be used to develop a new quality metric and assess its performance. Figure 4.12 shows how 

the images contained in the IST dataset were obtained. 

 

Figure 4.1 –Steps to obtain the images contained in the dataset: in blue, the module that is new in 
comparison to the SIAT dataset. 

The IST View Synthesis Image Quality Dataset introduces a novel view synthesis technique to 

obtain features that can be used in the design of a no-reference quality assessment metric. The lateral 

views contained in the SIAT database were used to synthesize novel intermediate views using View 

Synthesis with Inverse Mapping (VSIM) algorithm described in section 2.7.3 . These synthesized views, 

as well as some views synthesized by the VSRS-1D-Fast software [22] and extracted from the SIAT 

database, were included in the subjective assessment.  

The synthesized images obtained by the two methods, VSRS-1D-Fast and VSIM, were 

evaluated by human observers during the test sessions. The images may contain compression artifacts, 

as well as rendering artifacts resulting from the synthesis process; each observer should give his opinion 

about the overall image quality. These tests are quite expensive in terms of time (preparation and 

running) and human resources, and should be carefully designed. The assessment method used in the 

subjective test is the same as in the SIAT database: absolute category rating with hidden reference 

(ACR-HR). ACR-HR is a single-stimulus method, where only a single image is presented at a time. 

Without informing the subjects, the test procedure also includes an original version of each synthesized 

image, shown as any other test stimulus.  A five-grade scale was used, indicating five quality levels: 

Excellent, Good, Fair, Poor and Bad. A graphical interface was developed for the subjective assessment 

and is shown in Figure 4.2. 

Before the start of the subjective test, subjects filled their name and gender in a form, and   were 

carefully introduced to the method of assessment, to the types of distortions and to the grading scale, 
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in a training session. During the training session, several images (different from the test session), with 

different levels of distortion, were shown with the corresponding quality score.   During the subjective 

test, the images were presented in a random order. The subjective test interface is the same as in the 

training session, presented in Figure 4.2, but without the image label. 

 

 

Figure 4.2 - Graphical interface: a) image label that shows the image quality (only for training);  
b) stimulus; c) five-grade scale; d) button to rate the current image and advance to the next one. 

The experiment was conducted in two sessions. In the first session, the subjects assessed 197 

images and in the second session, 182 images. The test session duration was approximately 25 

minutes, for each session. In the first session, 25 subjects (24 males and 1 female) participated in the 

test, and in the second session, 18 subjects (15 males and 3 females). The subjects selected to 

participate in each session were essentially non-experts; more precisely, there were 17 subjects in the 

first session and 8 in the second session with no previous experience in image processing. 

4.2.2 Test Material 

The IST View Synthesis Image Quality Dataset contains 180 synthesized images, where 

rendering and compression artifacts are present. For each video sequence present in the SIAT 

database, synthesis algorithm and (Texture,Depth) QP pair, two synthesized images, corresponding to 

different time instants, were included in the IST dataset - one image with few rendering artifacts and 

other image with more severe ones. The only exception is for Balloons and Kendo sequences for QP 

pair (0,0), where 20 synthesized images corresponding to different time instants were synthesized and 

included in the IST dataset.  This gives a total of 10x3x2+10x4x2+20x2=180 synthesized images, 60 

using the VSRS 1D-Fast algorithm and 120 using the VSIM algorithm.  

The SIAT database was used to extract the images synthesized with the VSRS-1D-Fast 

algorithm, and also the lateral images necessary for the synthesis of novel virtual views, using the VSIM 

algorithm. Since the SIAT database does not provide original texture and depth videos of the lateral 

sequences, the required ones for the synthesis with QP pair (0,0) were obtained from [58]. 

Table 4.2 summarizes the information about the synthesized views available in IST View 

Synthesis Image Quality Dataset. 
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In the first session of subjective assessments, 60 images synthesized by VSRS-1D-Fast 

algorithm,  80 images synthesized by the VSIM algorithm, and 57 original versions of the synthesized 

images, were evaluated by the observers. From the second session, the observers evaluated 40 images 

synthesized by the VSIM algorithm and its corresponding 38 original versions (2 original frames had 

been already included in the first session).  

Table 4.2 – IST test sequences and test conditions characterization for each sequence. 

Sequence Resolution 

Input 

View 

Pair 

Output 

View 

VSRS 1D-Fast 

(Texture,Depth) QP 
Pair 

VSIM 

(Texture,Depth) QP Pair 

Book Arrival 1024x768 6-10 8 (22,26),(34,36),(42,44) (22,26),(22,40)(34,36),(42,44) 

Balloons 1024x768 1-5 3 (24,32),(32,40),(42,46) (0,0),(24,32),(24,46),(32,40),(42,46) 

Kendo 1024x768 1-5 3 (24,32),(36,38),(44,46) (0,0),(24,32),(24,44),(36,38),(44,46) 

Lovebird1 1024x768 4-6 5 (28,36),(34,44),(42,40) (28,36),(28,50),(34,44),(42,40) 

Newspaper 1024x768 2-4 3 (28,32),(38,44),(42,48) (28,32),(28,50),(38,44),(42,48) 

Dancer 1920x1088 1-9 5 (24,20),(32,28),(44,35) (24,20),(24,40),(32,28),(44,35) 

PoznanHall2 1920x1088 5-7 6 (24,28),(34,36),(40,42) (24,28),(24,46),(34,36),(40,42) 

PoznanStreet 1920x1088 3-5 4 (22,28),(30,44),(42,35) (22,28),(22,44),(30,44),(42,35) 

GT Fly 1920x1088 1-9 5 (24,28),(34,38),(44,48) (24,28),(24,44),(34,38),(44,48) 

Shark 1920x1088 1-9 5 (24,28),(36,40),(42,48) (24,28),(24,44),(36,40),(42,48) 

Number of 
synthesized 

images 

- - - 2x3x10=60 2x4x10+2x20=120 

 

The synthesized images from lateral views with low texture QP and high depth QP were 

introduced in the dataset to evaluate the impact of depth map compression in the synthesized views, 

while maintaining the texture QP at a minimum. The QP combinations were selected to obtain a varied 

set of artifacts but also subjective scores across all the MOS scale (images from bad to excellent quality). 

4.2.3 Statistical Analysis of the Subjective Scores 

After performing the subjective quality evaluation, a set of quality scores were obtained and were 

processed with the following methodology: 

• Calculation of mean scores: First, the mean opinion score (MOS) for each image presented 

to the observers is calculated using: 

qrsss � 1
atqN,r

u

NvT
 

 
(4.1) 
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where qN,r is the score given by observer i to the image S, and a is the number of observers 

that took part in the test session. 

• Observer validation: Any outliers within the observers are eliminated. The procedure, detailed 

in [59], is the following: in a first step it is evaluated whether the distribution of the scores, for 

each assessed image, is normal or not. This is performed by calculating the kurtosis coefficient, 

i.e., the ratio of the fourth order moment to the square of the second order moment. If, for a 

given image, the kurtosis coefficient, wL, is between 2 and 4, the distribution of the opinion 

scores for that image is considered normal. For each tested image k, the standard deviation of 

its subjective quality scores, xr, is computed using (4.3). For each observer, i, find Pi and Qi 

(initially set to 0) given by: 

if  2 ≤ wL,r ≤4  (scores with normal distribution)  

         if qN,r ≥ qrsss + 2xr       then Pi=Pi+1 

              if qN,r ≤ qrsss - 2xr       then Qi=Qi+1 

else 

          if qN,r ≥ qrsss + √20xr     then Pi=Pi+1 

          if qN,r ≤ qrsss - √20xr     then Qi=Qi+1 

Finally, if  K|`}|~ ≥ 0.05 and �K|Y}|K|`}|� ≤ 0.3 then observer i should be rejected. 

In the first session, from the 25 subjects that have performed the subjective test, three subjects 

were eliminated, while in the second session, none was eliminated. 

• Re-calculation of mean scores: After removing the outliers, the MOS must be re-calculated 

again using (4.1), where a is the number of non-rejected observers. 

• Calculation of confidence interval: The reliability of the subjective assessments was 

determined by calculating the confidence interval associated to the mean scores of each 

assessed image; a confidence interval of 95,5% was used, which is given by  [ qrsss −  �r , qrsss +  �r ] where, 

�r = 1.96 xr√a (4.2) 

and xr is the standard deviation of the quality scores of image k, given by 

xr =  �t (qrsss − qN,r)La − 1u
NvT  (4.3) 

• Calculation of differential mean opinion scores: Since the used subjective methodology is 

ACR-HR, the user evaluated not only the distorted (synthesized) images but also its original 

versions. Therefore, the Differential Mean Opinion Score (DMOS) scores are obtained using 

(4.4):  
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;rsss �  1a t qN,r��� −  qN,r
u

NvT  (4.4) 

where qN,r is the score given by observer i to the image S, qN,r���  is the score given by observer 

i to the reference image of image S and a is the number of non-rejected observers that took 

part in the test session. 

4.2.4 Analysis of the Subjective Quality Assessment Scores 

This section presents an analysis of the subjective quality scores obtained for the IST View 

Synthesis Image Quality Dataset. Figure 4.3 shows the MOS values for each of the 180 synthesized 

images evaluated, with the corresponding 95.5% confidence interval. As shown in Figure 4.3, all the 

values of MOS scale were used, meaning that the IST View Synthesis Image Quality Dataset contains 

images from low to high quality. 

 

Figure 4.3 - MOS with confidence interval of 95.5%. 

Based on the confidence intervals, it is shown that images with low and high quality (low and 

high MOS) are easier to classify comparing with images whose MOS is between 2 and 4. For images 

whose MOS is between 2 and 4, the scores given by the observers are more inconsistent, as expected. 

In fact, classifying images with this type of geometric distortion is not an easy task and some personal 

preferences can account for this difference. Figure 4.4 shows the computed DMOS scores, for each of 

the 180 synthesized images contained in the developed dataset. The DMOS was obtained by 

subtracting the score of the distorted image from the score of the corresponding original version.   
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Figure 4.4 - Computed DMOS scores for each synthesized image of the dataset. 

There are two synthesized images with negative difference scores, i.e., the score of the original image 

is less than the score of the distorted image. These negative DMOS values are a common occurrence 

in this type of subjective assessment methodology. As done in SIAT database, these negative scores 

are kept to ensure the original diversity of the subjective data. The developed database was designed 

to sample a range of visual quality in an approximately uniform fashion. Figure 4.4 shows that the 

database also exhibits reasonably uniform distribution of scores along the DMOS axis and, therefore, 

the quality of the synthesized sequences spans a wide range, from excellent to bad.  
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Chapter 5. No-reference Quality Metric 

for Synthesized Images using Feature 

Fusion 

As stated in the previous chapter, subjective tests play a fundamental role in image quality 

assessment, since they allow to measure quality as it is perceived by viewers, and provide subjective 

mean opinion scores that can be used to develop and evaluate objective quality metrics. In 3D 

applications, such as FVV and autostereoscopic video, the experienced QoE depends not only on the 

quality of the views transmitted to the decoder but also on the quality of the views that are synthesized. 

Subjective tests are time consuming and require human resources; therefore, it is important to develop 

a metric to evaluate the video quality delivered to the viewers in an automatic way.  

This chapter describes the proposed solution to evaluate the quality of synthesized images; its 

global architecture as well as the functional and algorithmic descriptions of its main building blocks are 

presented, and the rationale behind them is highlighted. The new metric relies on the extraction of 

several image features well correlated with the subjective scores, using the dataset designed and 

presented in Chapter 4. The followed approach, which has been already exploited in some conventional 

2D image and video quality assessment metrics, uses a support vector machine (SVM) to map the 

features into a quality score.  

No-Reference Image Quality Metric Architecture 

In this section, the architecture of the proposed no-reference quality metric for synthesized 

images is presented.  Most of the existing objective quality metrics are typically composed by two main 

steps: extraction of appropriate image features and pooling of the features. On one hand, extracting 

features well correlated with the perceived artifacts is not easy, because the human visual system is 

highly complex; on the other hand, combining the extracted features (i.e., features pooling) is not easy 

as well, because the importance of each feature on the subjective quality score is rather difficult to be 

assessed. 

In recent years, machine learning tools have brought much attention, since they are capable of 

learning models of complex problems from a set of real world samples. Support vector machine (SVM) 

is a machine learning technique which has gained popularity in many areas, such as image classification 

and video quality assessment; it can be used for both classification and regression. A classification 

problem consists in predicting the category of a new unseen sample, while a regression problem 

consists in finding a mapping function between features and labels. For feature pooling, the Support 

Vector Regression (SVR) was selected, since it was already applied in similar image quality assessment 

problems; SVR is the application of SVM for solving regression problems. In image/video quality 

assessment, images are represented as a vector of visual features, and the label is the quality score of 
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that image. The SVM implementation selected was the SVMlight package [60], which is implemented in 

C and is able to solve the regression problem. Figure 5.1 represents the training step of the SVR.  

 

Figure 5.1 - Learning stage of the SVR. 

The modules of the learning phase of the quality metric are described in the following: 

• Feature extraction: Several features are extracted from a subset of images selected for training 

the algorithm and are fed into the SVR. Those features should be independent, i.e., not 

correlated between them, but well correlated with the perceptual quality score of the images 

(DMOS values). Selecting the “best” features can improve the efficiency of the metric and 

improve the speed of the training and prediction steps.   

• SVR Training:  In this step, a model based on the input data (the features and quality scores 

as DMOS values) is built. DMOS values are considered the target ground truth quality values, 

obtained from the subjective assessment. The goal of the SVR is to find a regression function 

that accurately predicts the outputs corresponding to a set of input features. The SVR model is 

the output of this training step, and contains the regression function found during the training 

step. 

 

After training the SVR, the next step is to test it with new data samples. Figure 5.2 represents the testing 

phase of the quality metric. 

 

Figure 5.2 - Testing stage of the SVR. 

The modules of this step are briefly described in the following: 

• Feature Extraction: The same features considered in the learning step are now extracted for 

the images to be evaluated (testing images) and fed to the SVR prediction module. 

• SVR Prediction:  The prediction module starts by reading the SVR model built during the 

training phase. Using the regression function contained in the SVR model, the features 

extracted from the test images can be mapped to a quality score. The output of the SVR 

prediction module is the DMOS predictions of the test images. 
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The next section describes the features considered for the quality assessment of synthesized images. 

No-Reference Features Extraction 

In synthesized images, there are several sources of degradation which contribute to decrease the 

image quality, such as the quantization errors in the texture views of the lateral images, acquisition and 

quantization errors on the depth maps, inefficiencies of the view synthesis algorithm (which may result 

in image regions with poor quality), and even the scene geometry can have an impact on the final quality. 

As mentioned previously, a no-reference metric has to predict the perceived image quality without 

having access to the corresponding original version. Thus, the features to be extracted must be obtained 

from information available at the decoder, and should characterize well the possible sources of 

degradation. The considered features can be divided into three categories: 

• Class A - Independent of the synthesized view and of the synthesis method: these features 

measure the quality of the lateral texture views and of the corresponding depth maps, from 

which the virtual view was synthesized; they do not use any information about the synthesized 

view and can be extracted from the bitstream or from side information available in a separate 

logical channel. 

• Class B – Extracted during the synthesis process: these features are extracted during the 

synthesis of a view and are based on intermediate data produced by the synthesis process.   

• Class C – Extracted from the synthesized view: these features are extracted from the final 

synthesized view, which is shown to the viewer, and are independent of the synthesis algorithm 

and thus, in some way, they are more general than Class B features.  

 

Some feature classes are more appropriated for specific application scenarios than others - e.g., in 

some scenarios it is not possible to have access to the synthesis algorithm, so class B features cannot 

be used; also, different classes present different strengths and weaknesses - e.g., it is possible to 

accurately identify the occluded areas with class B features, but not with class A or class C features.  All 

the features are detailed in the next sections.   

5.2.1 Features independent of synthesized view and of synthesis method 

As stated before, some features aim to measure the quality of the lateral views which were used 

to synthesize the novel intermediate view as a hint for the quality of the synthesized view. In the 

multiview plus depth format, each view consists in a texture view and a depth map. By measuring the 

quality of the lateral texture views and depth maps, an indirect measure of the synthesized view quality 

is obtained. The considered features are the following: 

 

A -Texture QP (A1) 

Texture compression leads to compression artifacts which may have a great impact on the 

image quality evaluation, and the quantization parameter (QP) may be used as a coarse indication of 

the picture quality resulting from compression. If the lateral texture views contain compression artifacts, 
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the synthesized intermediate novel view will inherit these artifacts. As such, the QP of the lateral texture 

views can be used for a coarse, but simple, quality prediction of the synthesized view quality.  

 

B - Depth QP (A2) 

During the view synthesis process, the lateral views are projected on the virtual view according 

to the projection matrices and using the lateral depth maps; in consequence, the depth maps accuracy 

significantly influences the quality of the synthesized view. Therefore, lossy depth map compression 

may lead to artifacts such as incorrect positioning of objects, or objects with wrong dimensions. Also in 

this case, the QP of the lateral depth maps can be used for the quality prediction of the synthesized view 

quality.  

 

C - SSIM of the lateral views (A3) 

The full-reference structural similarity metric (SSIM) can accurately measure the similarity 

between the original image and its distorted version; additionally, SSIM was standardized as one of the 

quality metrics that can be computed at the encoder side and be transmitted as metadata, on the 

bitstream [61]. Accordingly, SSIM can be used as a measure of the quality of the lateral texture views. 

Naturally, SSIM is also a more reliable feature than QP to assess the texture view quality since it 

considers image degradation as a perceived change in structural information. In the proposed metric, 

the mean of the SSIM values of the lateral views is used as feature. 

5.2.2 Features extracted during the synthesis process 

During the synthesis of a novel intermediate view, several features can be extracted from the 

result of intermediate computations and other data necessary to synthesize the virtual view. Typically, 

the synthesized view quality generated by view interpolation techniques depends mainly on: a) the 

accuracy of estimated disparity map that relates the lateral views to the synthesized view, and b) 

accuracy of the interpolation of the view interpolation algorithm in occluded areas or areas that have 

multiple correspondences. The features extracted during the virtual view synthesis are explained next: 

 

A - Multiple Correspondences (B1)  

Due to depth map estimation errors, multiple pixels of the same lateral view can be projected to 

the same position on the virtual view. Accordingly, the percentage of pixels of the virtual view with more 

than one pixel projected from the same lateral view (feature B1) may reflect the quality of the lateral 

depth maps; Figure 5.3 presents the architecture to compute this feature. 

 

Figure 5.3 - Architecture of the Multiple Correspondences (B1). 
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The procedure to compute this feature is the following: 

• Multiple Pixel Projected Counting: During the projection of the lateral views to the virtual view, 

using the VSIM algorithm explained in section 2.7.3 , for each pixel position of the virtual view, 

the number of pixels projected from the lateral views to that position is stored. The output of this 

step is the number of pixels, in the virtual, with more than one projected pixel from the left or 

from the right views.  

• Metric Calculation: In this step, the percentage of the pixels of the virtual view that have more 

than one projected pixel from a single lateral view is computed. Note that pixel positions of the 

virtual view with two pixels projected from the left and right view are not considered.  

 

As an example, Figure 5.4 shows, in white, the pixels position of the virtual view with more than one 

projected pixel from a single lateral view. This result was obtained during the synthesis, with the 

VSIM algorithm, of an intermediate virtual view using the lateral views 1 and 5 of the frame 176, of 

the "Balloons" sequence with (texture,depth) QP equal to (24,32). 

 
Figure 5.4 – Pixels of the virtual view with more than one projected pixel from a single lateral view.  

B - Projected Views MSE (B2) 

Since there are two lateral views that are projected on the same virtual view, the difference 

between them may give an insight of the quality of the synthesized view - in fact, it is expected that the 

more accurate the projections are, the lower will be the difference between both. As difference metric, 

the mean squared error (MSE) computed between the two projected views, on high gradient magnitude 

regions (which are the most perceptually relevant regions), was selected. Figure 5.5 shows the 

architecture to compute the Projected Views MSE feature. 
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Figure 5.5 - Architecture of the Projected Views MSE (B2). 
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The following steps describe how to compute the B2 feature value: 

• MSE Calculation: For each pixel of the virtual view, the MSE between the left and right 

projected pixels is computed. The MSE of pixels of the virtual view without projected pixels from 

one or both lateral views are set to 0 but excluded from the MSE pooling and accumulation step. 

• Gradient Calculation: The gradient magnitude (Prewitt operator [62]) of the view obtained from 

the fusion of the projected lateral views, is computed, resulting in the gradient image G1. To 

keep only the higher gradient magnitudes, where the distortions are more common and visible, 

the gradient magnitudes lower than 40 are set to 0, resulting in the gradient image, G2. The 

gradient image G2 is then binarized, converting magnitudes higher than 40 to 1, and the rest to 

0, resulting in a binary image, B1. To also take into account the neighboring regions of the high 

gradient regions, the edges of B1 are dilated using the morphological operator dilate [63], with 

a 7×7 structuring element, resulting in the binary image B2. 

• MSE Pooling and Accumulation: By intersecting the outputs of the two previous steps, only 

the MSE values for the high magnitude gradient regions are kept; these values are then 

averaged. 

 

Figure 5.6 a) and b) shows, respectively, the resulting MSE map and B2 image for the case considered 

in Figure 5.5; Figure 5.6 c) shows the filtered MSE map, used in the MSE accumulation step. 

   

(a) (b) (c) 

Figure 5.6 – a) MSE map between lateral views projected in the virtual image; b) Binary image B2;  
c) Filtered MSE map. 

C - Holes Percentage (B3) 

Holes are pixels of the virtual view without corresponding pixels positions on the lateral views. 

The final synthesized view is obtained after inpainting these holes. Naturally, the amount of hole pixels 

influences the performance of the inpainting method and, consequently, the quality of the final 

synthesized view.   

This feature is the percentage of hole pixels, i.e. pixels that need to be interpolated (inpainted) 

after merging the projected lateral views. Figure 5.7 shows the architecture to compute the Holes 

Percentage feature. 
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Figure 5.7 - Architecture of the Holes Percentage (B3). 

The steps to compute this feature are the following: 

• Merged View Calculation: The merged view is the view obtained from merging the projections 

of the lateral views, using (2.4) of section 2.7.3 . After merging the projected left and right views, 

there are still some remaining holes. 

• Hole Pixels Percentage Calculation: This step calculates the number of hole pixels in the 

merged view and the respective percentage relatively to the total number of pixels in the image.  

 

Figure 5.8 a) and b) shows the hole positions (in white) for the case considered in Figure 5.5. Figure 5.8 

c) shows the remaining hole positions after merging the projected views. The pixels in white on Figure 

5.8 c) are the ones used in the hole pixels percentage calculation step. 

   

(a) (b) (c) 

Figure 5.8 – a) Holes after projecting the left view on the virtual view; b) Holes after projecting the right 
view on the virtual view; c) Remaining holes after merging the left and right projected views. 

 

D - Projected Views Hausdorff Distance (B4)  

Edge areas are regions of the synthesized view where artifacts are more likely to occur (due to 

occlusions). In addition, artifacts located on edges have a higher impact in the human perception than 

in smooth regions. As already mentioned, the projection accuracy depends on the depth map quality, 

on the accuracy of the method used for projection, and on the camera calibration accuracy. In order to 

measure all these potential sources of distortion, the left lateral texture view is projected on, and 

compared with, the right lateral view. The comparison metric used is the Hausdorff distance [64] that 

measures the distance between corresponding edges of both views. Figure 5.9 presents the architecture 

to compute the Projected Views Hausdorff Distance feature.  
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Figure 5.9 - Architecture of the Projected Views Hausdorff Distance (B4). 

The modules to compute the feature are explained in the following: 

• View Projection: The left lateral view is projected to the right lateral view position using: 

*. � 	*+ %	 1	�
�+)*+ , ,+- (5.1) 

where *. is the horizontal position in the right view of the pixels projected from the left view, 

)*+ , ,+- represents the coordinates of a given pixel in the left lateral view, 1 is the focal length, 

� is the baseline (distance between cameras) and �+ is the depth in z-distance format [24] of 

the left view. Since the cameras are parallel, the vertical position of the pixels does not change. 

• Hole Filling: The projected view contains holes due to disocclusions and depth 

estimation/quantization errors; these holes are filled with the pixels of the right view. 

• Object Contour Detection:  Edges pixels are first detected on both views (projected and right). 

Edges on textured areas are then filtered out, since the human visual system (HVS) is much 

more sensitive to edges corresponding to objects contours.  The steps to detect the contour 

edges are the following: 

a) Calculation of the gradient magnitude of the image using the Prewitt operator [62], 

resulting in gradient image G1. 

b) Selection of the higher gradient magnitude pixels from G1, by setting to 0 gradient 

magnitudes lower than 40, resulting in the gradient image G2 (Figure 5.10 c)).  

c) Textured regions are usually composed by groups with small number of edge pixels. 

In order to filter it out, G2 is first binarized by setting to 1 gradient magnitudes different 

from 0, resulting in a binary image B1. Connected edge pixels regions with less than 

128 pixels are then removed from B1, using the morphological operator area opening 

[65]. This operator finds the connected components of the binary image (groups of 

pixels), compute its area and remove the group if its area is lower than an input 

threshold. The output of this step is a binary image, B2 (Figure 5.10 d)). 

d) Textured areas are also characterized by edges close to each other. These edges can 

be eliminated using an operator to fill the small gaps between them, such as the 

morphological closing operator [65]. The output of this step is a binary image, B3, 

(Figure 5.10 e)). 



 

 

57 

 

e) Compute the gradient magnitude of the closed image B3 and binarize it, obtaining a 

binary image B4. B4 basically contains the outer contours of the closed textured 

regions of B3 (Figure 5.10 f)). 

f) Multiply pixel by pixel the binary image B1 by the binary image B4, resulting in the 

binary image B5. B1 contains all the edges from textured regions, where edge pixels 

are barely connected (Figure 5.10 d)). B4 contains the exterior edges of small textured 

regions, with groups of pixels well connected (Figure 5.10 f)), that should be eliminated 

as well. Multiplying these images, results in an image where the exterior edges of 

textured regions are defined by small groups of pixels (barely connected, Figure 5.10 

g)), which can be filtered out afterwards. 

g) Filter out the group of pixels with less than 16 pixels from binary image B5 (Figure 5.10 

h)). 

 

• Hausdorff Distance Computation: Compute the distance between the edges (object contours) 

of the right view and the edges of the projected left view, using an Hausdorff based distance 

[64]. The steps are the following: 

a) For each edge pixel 9 of the projected left view in the right view (after the holes have 

been filled), the distance from that pixel to the set of edge pixels of the right view, B,  
is computed using ;(9, B) = �8:j∈F‖9 − �‖, where � is an edge pixel belonging to B. 

This is performed symmetrically, i.e. the distance from each edge pixel of the right 

view to the set of edge pixels of projected left view is also computed. The output are 

two matrices of distances with the same size as the views.   

b) Computing the Hausdorff distance for the whole image would make regions with more 

errors to be faded by regions with fewer errors. Therefore, both distance matrices are 

divided into blocks of ax a, where a=32, and for each distance matrix, the directed 

block distance is calculated with: 

;W(�", B") = d(;(9, B)$∈��) (5.2) 

where ;W is denoted as directed block distance, : is the block index, �" and B" is the 

set of edge pixels on block : and the operation d represents the median. 

c) Since ;W(�", B") may be different from ;W(B", �"), these distances are combined 

using, for each block: 

;Xf;W(�", B"), ;W(B" , �")i = min (;W(�" , B"), ;W(B" , �")) (5.3) 

  where ;X is denoted as undirected distance. The output is a matrix of size 
�u × �u , 

where ℎ and @ is the height and width of the views being compared. Each element of 

the matrix contains an undirected distance measure between the edges of both views.  

d) Exclude blocks whose undirected distance is equal to 0 (no edges), to avoid non-edge 

regions to dominate and thus, attenuate the importance of the distorted edge regions. 
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e) The final feature is the mean of the remaining undirected distances associated to each 

block. 

Figure 5.10 shows a left view projected to the right view, the hole filled view and the images 

obtained during the object contour detection step. As shown, a significant part of the edges from the 

texture of the floor and pillars were removed, while the most part of the contours of objects were kept. 

 

Figure 5.10 – Object contour detection: a) Left view projected to right view with holes; b) Projected 
view after hole filling; c) Gradient image with threshold equal to 40; d) Binary image B2 ignoring group 
of connected pixels with less than 128 pixels; e)Binary image B3 where holes of textured regions were 

filled; f) Gradient of B3; g) Image obtained from the product of binary image B1 by B4; h) Final edge 
image obtained from removing groups of pixels with less than 16 pixels from Figure 5.10g). 

 E - Inter Lateral Views SSIM (B5)  

The SSIM between the right view and the left view projected in the right view position is 

computed, since this may reflect depth map inaccuracies, errors from the synthesis process and 

quantization errors due to the compression of lateral views. Figure 5.11 shows the architecture to 

compute the Inter Lateral Views SSIM feature. 
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Figure 5.11 – Architecture of the Inter Lateral Views SSIM (B5). 

The steps to compute the feature are described next: 

• View Projection: The left lateral view is projected on, and compared with, the right lateral view. 

Projecting a lateral view causes the same type of artifacts that are present in the final 

synthesized view; however, the other lateral view is free of rendering artifacts and, therefore, 

can play the role of the "original" frame.  

• Hole Filling: Small holes of the projected view are filled using a median filter with 3x3 size. The 

remaining holes are filled with the pixels of the right view. 

• SSIM Map Calculation: The SSIM map between the projected left view and the right view is 

computed. The output is a matrix where each element represents the local SSIM value. 

• Object Contour Detection: Since the HVS is much more sensitive to errors on edges, the 

objects contours of the right lateral view are detected using the same procedure described in 

feature B4.  

• Object Contour Enlargement: The objects contours are enlarged (dilated) using the 

morphological operator dilate [63], with a 7×7 structuring element, in order to keep not only the 

SSIM values coincident (spatially) with regions of high gradient magnitude but also in their 

neighboring regions. 

• SSIM Map Filtering: In the SSIM map, the values that coincide (spatially) with the enlarged 

edges from the previous step are kept, while the others are removed. The SSIM values of the 

map that coincide (spatially) with hole positions of the projected left view (before hole filling) are 

removed. 

• Similarity Measure Computing: The similarity measure is the mean of the filtered SSIM 

values. 

 

F – Inter Lateral Views Phase Congruency Similarity (B6) 
 

Phase Congruency (PC) is a frequency based measure that assumes that locations where the   

phase of the Fourier components is maximal, represent important perceptual features in the image (such 

as edges, lines and corners) [66]. Feature B6 computes the PC similarity between the right lateral view 

and the left projected view.  The phase congruency similarity metric used by this feature is the same as 
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in the FSIM metric [45]. FSIM is a widely known metric to assess the similarity between two images [45]. 

Figure 5.12 shows the architecture that is used to extract the Inter Lateral Views Phase Congruency 

Similarity feature. 

 

Figure 5.12 - Architecture of the Inter Lateral Views Phase Congruency Similarity (B6). 

The modules View Projection, Hole Filling and Object Contour Detection and Enlargement are computed 

as in feature B5. Therefore, to avoid repetition, only the novel modules (represented in blue) for this 

feature are explained in the following: 

• Phase Congruency Calculation: The phase congruency maps, C�T and C�L, are computed 

for the right view and for the projected left view after holes filling.    

• Phase Congruency Similarity Map Calculation: The similarity for the phase congruency 

maps is computed by:  

OKP)*- � 2C�T)*-	C�L)*- 	( �T
C�TL)*- (	C�LL)*- ( �T (5.4) 

where	 �T	is a positive constant to increase the stability of OKP)*-. The output is the phase 

congruency similarity map, OKP, which may take values in the interval [0,1]. 

• Phase Congruency Filtering: In the phase congruency similarity map, only the values that are 

spatially coincident with the dilated edges obtained in the previous step are kept. OKP values 

spatially coincident with holes positions of the projected left view (before hole filling) are 

removed. 

• Similarity Measure Computing: The feature Inter Lateral Views Phase Congruency Similarity 

corresponds to the average of the remaining OKP values. 

 

G – Inter Lateral Views Gradient Similarity (B7) 

The image gradient conveys important visual information, because it can capture both contrast 

and structure information. Since the local contrast has a perceptual impact on the image quality, the 

image gradient magnitude is used in this feature. The similarity between the gradient maps of the right 

lateral view and the left view projected in the right view position is computed. To compare the two 

gradient maps, the FSIM metric [45] gradient map similarity expression is used.  The architecture of the 

Inter Lateral Views Gradient Similarity feature is presented in Figure 5.13.  
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Figure 5.13 - Architecture of the Inter Lateral Views Gradient Similarity (B7). 

The modules View Projection, Hole Filling and Object Contour Detection and Enlargement are computed 

as in feature B5. Therefore, to avoid repetition, only the novel modules (represented in blue) for this 

feature are described: 

• Gradient Calculation: The gradient maps are calculated for the projected left view and right 

view, resulting in �T and �L. 
• Gradient Similarity Map Calculation: The similarity for the gradient maps is computed with: 

O�)*- � 2�T)*-	�L)*- 	( �L
�TL)*- (	�LL)*- ( �L (5.5) 

where	 �L	is a positive constant. The output is a gradient similarity map, O� , which may take 

values in the interval [0,1]. 

• Gradient Filtering: In the gradient similarity map, the values that are spatially coincident with 

the dilated edges obtained in the Object Contour Detection and Enlargement step are kept. 

Gradient similarity values spatially coincident with holes positions of the projected left view 

(before hole filling) are removed. 

• Similarity Measure Calculation: The Inter Lateral Views Gradient Similarity feature is given 

by the mean of the filtered O�  values for the entire frame. 

 

5.2.3 Features which use the synthesized view 

At the receiver side, the quality of the novel synthesized views must be evaluated without the 

corresponding original data. Thus, to estimate the quality of the synthesized views, a viable and 

promising option is to directly extract features of the synthesized view but also exploiting the availability 

of the lateral views used for rendering. These features are described next.  

 

A - DSQM Metric (C1) 

DIBR-Synthesized Image Quality Metric (DSQM) is a recently proposed metric [66] to assess the 

quality of synthesized images and can be used directly as a feature. The algorithm uses the lateral views 

from which the virtual image is synthesized to estimate the distortion induced by the DIBR process. In 
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particular, block-based perceptual feature matching based on signal phase congruency is used to 

estimate the synthesis distortion. As stated in feature B6, phase congruency is a frequency based 

measure which detects where the Fourier components are maximal in phase [66]. The architecture of 

the DSQM metric is presented in Figure 5.14. 
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Figure 5.14 – Architecture of the DSQM Metric (C1). 

A more detailed description can be found in [66]. The main blocks of the architecture are explained next: 

• Block Partition: This feature is computed at the block level and thus, the left lateral view is 

partitioned into blocks, which are of size 64x64 in this case.  

• Block Matching: For each block of the left view, the best match in the synthesized view is found 

using a typical block-matching approach; this can be understood as disparity estimation 

between views. Figure 5.15 shows a lateral view and its synthesized view. The figure also shows 

a block p and its corresponding matching block, q, in red color. The green color rectangle shows 

the search window for block p in the synthesized image. There is no vertical displacement 

because the cameras are in a 1D parallel setup. The output of the module are the matching 

block pairs. 

 

Figure 5.15 - Block p of the lateral view (left) and corresponding matching block, q, in the synthesized 
view, within the search area, in green. 

• Perceptual Feature Extraction: The phase congruency is computed for each block of the 

matching block pairs, resulting in C�� and C��. The phase congruency is a pixel based measure, 

and, therefore, the pooling is given by the mean of the phase congruency values of C�� and 

C�� block maps, q)C��- and q)C��-. 
• Block Similarity Measuring: The absolute difference, Q, between the mean of the phase 

congruency maps of the two corresponding blocks is computed to estimate the synthesis 

distortion due to DIBR. The Q value is obtained with: 
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Q � �qfC��i % 	qfC��i	� (5.6) 

• Overall Synthesized Image Quality Computation: The overall quality of the synthesized 

image is computed by averaging the quality scores, Q, computed in the previous step. The final 

DSQM metric is calculated by: 

�OQd � 1
etQN

~

NvT
 (5.7) 

where e is the number of the total matching block pairs and QN 	is the quality of the i-th matching 

pair. DSQM is a complete metric and smaller DSQM values represent better image quality, 

because a lower QN means a higher similarity. 

 

B - Synthesized View Phase Congruency (C2)  

Instead of computing the entire FSIM metric [45], whose final similarity value results from 

combining the phase congruency and gradient similarities, the similarities can be evaluated separately. 

The phase congruency similarity, implemented in FSIM, has shown to be an adequate feature by itself, 

and therefore is computed between the left lateral view after disparity compensation and the synthesized 

view. Since the original version of the synthesized view is not available, the left lateral view (after 

disparity compensation) can be used as a reference since it does not contain rendering artifacts. The 

architecture of the Synthesized View Phase Congruency is presented in Figure 5.16. 

  

Figure 5.16 - Architecture of the Synthesized View Phase Congruency (C2). 

The block partition and the image block matching modules are implemented as described in feature 

C1. Therefore, only the remaining modules of the architecture in Figure 5.16, represented in blue, are 

explained next: 

• Phase Congruency Block Similarity: For each block of a matched block pair, the phase 

congruency map is computed. The phase congruency is given by the ratio between the energy 

and the sum of the Fourier amplitudes [45]. Then, the phase congruency similarity map is 

computed using (5.4). The PC block similarity value is given by the mean of the phase 

congruency similarity map of each block. The phase congruency similarity is computed at block 

level, because computing it at image level would include block discontinuities resulting from the 

disparity compensation. 

• Phase Congruency Block Pooling: The final feature corresponds to the average of the PC 

block similarity measures. 
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C - Synthesized View Hausdorff Distance (C3) 

The Hausdorff distance between the edges of the synthesized view (after disparity 

compensation) and the edges of the left lateral view is computed and used as quality metric of the 

synthesized view. The architecture of the Synthesized View Hausdorff Distance feature is shown in 

Figure 5.17. 

 

Figure 5.17 - Architecture of the Synthesized View Hausdorff Distance (C3). 

The synthesized view and the left lateral view represent the same visual scene, although, from different 

perspectives. Therefore, to measure the distance between its edges, it is necessary to estimate and 

compensate the disparity between these two views. The modules to compute the feature are described 

in the following: 

• Object Contour Detection: The contours of the objects of the left and synthesized views are 

computed using the procedure described in feature B4.  

• Block Partition: The left lateral view is partitioned into blocks of size 64x64. 

• Disparity Estimation and Compensation: The block matching between the left lateral view 

and the synthesized view is computed, as in feature C1. The computed displacements are used 

to compensate the shifts of the synthesized image contours.  

• Hausdorff Distance Calculation:  Computes the distance between the edges (object contours) 

of the compensated synthesized view and the edges (object contours) of the left lateral view. 

The steps followed are the same as described in feature B4, although the directed distance for 

each block is computed according to [64] using (5.8), because it was the directed distance which 

provided higher correlation between the feature value and the subjective scores. 

;W)�, B- � �8:$∈�;)9, B- (5.8) 

 

 

Table 5.1 summarizes the features described before.  
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Table 5.1 - Features considered for the synthesized image quality assessment. 

Category Feature  Name Objective Description 

 

Independent 
of the 

synthesized 
view and 
synthesis 
method 

A1 Texture QP 
Measures the compression 
artifacts on the synthesized 
view 

Texture QP of lateral views 

A2 Depth QP 

Measures the incorrect 
positioning or wrong 
dimension of objects, in the 
synthesized view 

Depth map QP of lateral views 

A3 
SSIM of the 
lateral views 

Measures the quality of the 
decoded texture lateral 
views, used to synthesize 
the intermediate view 

SSIM between the lateral 
views and their original 
versions (texture only) 

 

 

 

Extracted 
during the 
synthesis 
process 

B1 
Multiple 

Correspondences 

Measures the quality of 
lateral depth maps, in terms 
of compression and 
acquisition 

Percentage of pixels of the 
virtual view with more than 1 
pixel projected from a single 
lateral view 

B2 
Projected Views 

MSE 

Measures the error between 
the lateral views projected in 
the virtual view, which is an 
insight of the quality of the 
synthesized view 

Mean of the MSE values 
between the left and right 
lateral views projected on 
virtual view, on high gradient 
magnitude regions 

B3 Holes Percentage 
Measures the performance 
of the inpainting method  

Percentage of hole pixels 

B4 
Projected Views 

Hausdorff 
Distance 

Measures the quality of 
lateral depth maps and 
distortions on the edges of 
the synthesized view 

Hausdorff based distance 
between edges of right view 
and the edges of left view, 
when projected in the right 
view 

B5 
Inter Lateral 
Views SSIM 

Measures depth map 
inaccuracies, errors from 
the synthesis process and 
quantization errors due to 
the compression of the 
lateral view 

SSIM between right view and 
the projection of the left view, 
on the right view 

B6 

 Inter Lateral 
Views Phase 
Congruency 

Similarity 

Measures the quality of 
lateral depth maps and the 
edge distortion in the 
synthesized view 

Phase congruency similarity 
between right view and the 
projection of the left view, on 
the right view 

B7 
Inter Lateral 

Views Gradient 
Similarity 

Measures structural and 
contrast errors in the 
synthesized view 

Gradient similarity between 
right view and the projection of 
the left view, on the right view 
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Use the final 
synthesized 

view 

C1 DSQM Metric 
Measures the artifacts 
introduced by the DIBR 
process 

DSQM between compensated 
synthesized view and left 
lateral view 

C2 
Synthesized View 

Phase 
Congruency 

Measures the distortion in 
the synthesized view  

Phase congruency similarity 
between compensated 
synthesized view and left 
lateral view  

C3 
Synthesized View 

Hausdorff 
Distance 

Measures distortions on the 
edges of the synthesized 
view 

Hausdorff based distance 
between compensated 
synthesized view and left 
lateral view 

SVR Training 

In this section, some basic concepts about the machine learning method selected to aggregate 

the features values, and to obtain a single prediction of the image quality score, are explained. Support 

Vector Machine (SVM) is a machine learning method that can solve classification problems and 

regression problems. When the SVM algorithm is used for classification problems, it is called Support 

Vector Classification (SVC) and when it is used for regression problems, it is known as Support Vector 

Regression (SVR). Thus, SVR is a method that attempts to find a function to model the relationship 

between two variables. SVR consists in a training (or learning) phase and on a testing phase. In the 

learning phase, the training data is used to build a mathematical model that defines a regression function 

which fits the training data, such that it accurately predicts the outputs corresponding to a new set of 

input examples. In the testing phase, the model is used to predict the outcome of some testing samples.  

 To understand how the regression function is computed, assume that the SVR receives a 

training data set � � E)*N , ,N-H , 8 = 1, 2, ..., I, where 8 is the index of a synthesized image, *N is a vector 

of input variables (features) and ,N the corresponding scalar output target (DMOS score). The goal is to 

find a function 1)*- that deviates from ,N by a value no greater than ε for each training point *N, and, 

simultaneously, find a smooth function, to avoid overfitting. A model that tries to fit all the training data 

points (a high complexity model, with a non-smooth function) will be fitting the noise as well, losing the 

generalization performance which is rather important when testing the model for new input data.  

The SVR algorithm attempts to place a tube with radius ε around the regression function, known 

as the SVR regression tube or ε-insensitive zone, as shown in Figure 5.18 a). To measure the 

approximation error (i.e., the distance between the regression function and the training data), the SVR 

uses the so-called Vapnik's ε-insensitivity error function, shown in Figure 5.18 b). Any errors that fall 

within the ε-tube are ignored and, therefore, all the data points inside the tube do not contribute to the 

regression model. Data points outside this tube or lying on this tube are used to determine the regression 

function and they are called support vectors (black crosses in Figure 5.18 a)). SVR penalizes those data 

points, whose , values lie more than ε distance away from the regression function 1)*- [67]. To measure 
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the error of the training data outside the tube, new variables ξǸ , ξNY are introduced and referred as slack 

variables. The variables ξǸ , ξNY correspond to the size of this excess deviation for upper and lower 

deviations, respectively, represented graphically in Figure 5.18 a). SVR tries to keep ξǸ , ξNY at a minimum 

value. 

 
Figure 5.18 - Tube of ε accuracy. The black crosses located on or outside the tube are support 

vectors; b) the ε - insensitive loss function [68]. 
 

 

In case the regression problem cannot be adequately described using a linear model, SVM uses 

Kernel functions to map the input data into a high dimensional feature space, where data is more linearly 

correlated with the outputs. SVR uses input-output pairs to develop a function which not only fits the 

training data, but which also maintains the highest possible degree of generality and therefore efficient 

for test (or validation) data. Thus, SVR tries to find a linear function in the high dimensional feature space 

which corresponds to a non-linear one in the input feature space. The function in the input feature space 

should be a smooth function to avoid overfitting.  

The SVR training procedure is formalized in the following. SVR tries to solve the optimization 

problem given by: 

minimize 12 @�@ + � t(ξǸ + ξNY)�
NvT  

s.t. �,N − @�∅(*N) − � ≤ � + ξǸ@�∅(*N) + � − ,N ≤ � + ξNYξǸ , ξNY ≥ 0  

 

(5.9) 

where @ is the weight vector learned by the SVR algorithm, � (> 0) is a pre-specified regularization 

constant, � is the bias [69], ∅(*N) is the high dimensional feature space. SVM regression performs linear 

regression in the high-dimension feature space using an �-insensitive loss function and, at the same 

time, tries to reduce model complexity by minimizing @�@.  The first term in the objective function (@�@) 

is the regularized term and makes the function as smooth as possible whereas the second term 

(� ∑ (ξǸ + ξNY)�NvT  ) is meant to minimize the error on observations that lie outside the � margin and is 

called the empirical term [68]. 

After doing some manipulations to solve the optimization problem described before, the SVR-

based regression function is given by [69]: 
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1)*- �  t [N,N
u 
NvT e(AN , *) + � (5.10) 

where [N  are coefficients (Lagrange multipliers), AN are the support vectors, e(AN , *) denotes the kernel 

function, ap  is the number of support vectors and � is calculated by the SVR algorithm.  SVMlight contains 

the implementation of the SVR technique and can be used to find the mapping function between the 

features and quality score. The output of the SVMlight training, in regression mode, is a model file, which 

defines the regression function to be used in the testing phase (as in (5.10)). The model file contains 

the support vectors AN followed by the [N,N values in the kernel expansion (equation (5.10)), the kernel 

function and the threshold �. 
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Chapter 6. Experimental Results 

Subjective quality assessment is regarded as the ground truth for most objective quality metrics. 

Since humans are the target consumers, they are also the most reliable source to obtain a quality score 

of an image/video. Therefore, the DMOS scores available in the dataset developed on Chapter 4 are 

used to assess the proposed solution, together with the following statistical measures: Pearson Linear 

Correlation Coefficient (PLCC), Spearman rank-order correlation coefficient (SROCC), root-mean-

square error (RMSE) and the mean absolute error (MAE). 

In this chapter, the performance of the solution proposed in Chapter 5 for the quality assessment 

of synthesized views is evaluated under suitable test conditions. A comparison between the proposed 

solution and other state-of-the-art image quality assessment metrics is also performed.  

Test Conditions 

As stated in Chapter 5, the features considered to evaluate the synthesized views can be divided 

into three classes:  

• Independent of the synthesized view and of the synthesis method (Class A): These 

features measure the quality of the lateral views, and of the corresponding depth maps, from 

which the synthesized view was rendered. 

• Extracted during the synthesis process (Class B): These features are extracted during the 

synthesis of the intermediate view.  

• Extracted from the synthesized view (Class C): These features are extracted from the final 

synthesized view, providing a direct estimate of its quality.  

Depending on the available features, the proposed metric can be used in several scenarios, 

namely:  

• Scenario A: The quality of the synthesized view is evaluated using only features from class (A). 

For instance, in some streaming applications (e.g. to decide which views must be transmitted) 

it is important to assess the quality of the synthesized view using only information about the 

quality of the lateral views, such as the QP of these views. 

• Scenario C: The synthesized view is evaluated using only features from class (C), e.g., in a 

scenario where there is not information about the quality of the lateral views neither from the 

synthesis process. In this scenario, only the synthesized view is available to evaluate its quality. 

Also, the metric does not depend on the synthesis process or the visual information received 

and can be used whenever there is no access to decoding data or the data being processed in 

the synthesis algorithm. 
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• Scenario AC: The synthesized view is evaluated using features of classes (A) and (C), e.g., in 

a scenario where only the lateral and synthesized views are available, and it is not possible to 

have access to the synthesis process. This may occur often, since usually the quality metrics 

does not have access to information besides visual data shown or used for rendering.  

• Scenario ABC: Besides features from groups A and C, features from group B, which are 

extracted during the synthesis process, can be used. Features of all classes can be computed 

when there is access to all data used and produced by the synthesis method as well as the 

synthesized image. 

Naturally, the complexity associated to the metric grows with the incorporation of more features and 

thus, there is an accuracy-complexity tradeoff that needs to be studied, if complexity constraints are in 

place. The developed IST View Synthesis Image Quality Dataset, described in Chapter 4, was used to 

assess the performance of the proposed no-reference quality metric; this database comprises two 

datasets – full dataset and partial dataset – according to Table 6.1. 

Table 6.1 - Database division according to the synthesis algorithm. 

 Synthesis algorithm Number of images  

F
u

ll
 d

a
ta

s
e
t VSRS-1D-Fast 60 

 

VSIM 120 
P

a
rt

ia
l 

d
a
ta

s
e
t 

 

The reasons behind the database division were: 

• Full dataset: Contains all the images synthesized with VSRS-1D-Fast and VSIM. Since the 

images resulting from the VSRS-1D-Fast were not synthesized in this work, but extracted from 

the SIAT database, the corresponding Class B features cannot be computed.  Therefore, to 

evaluate the quality metric on the full dataset, scenarios A, C and AC are used. 

• Partial dataset: Contains only the images synthesized by the VSIM algorithm. Since all these 

images were synthesized in this work, in this partial dataset all features can be computed. 

 This means that all scenarios can be used for the evaluation. 

Support Vector Regression 

In this section, some steps to fine-tune the SVR performance are described as well as some 

required pre-processing steps. The strategy to select the training and the testing sets is also presented. 

After the extraction of the appropriate features, a step that helps to improve the SVR performance is the 

normalization of all the features, to avoid that features with a large numeric range dominate those with 

a small numeric range, and also to avoid numerical imprecisions during the calculations. The 
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normalization of each feature was done by subtracting its mean value, q¡, and by dividing by its standard 

deviation, x¡ : 

*¡,"]�¢$�N£#WN = *¡N % q¡
x¡  

 

(6.1) 

 
where 8 stands for the image number,  ¤ stands for the feature number, and * is the feature vector. The 

mean and standard deviation are computed for the feature vector of the training set. Another step to 

improve the SVR performance is the appropriate tuning of three training parameters: 

• ¥ : is the penalty factor or cost. Also known as the regularization constant, it controls the penalty 

imposed on observations that lie outside the epsilon margin (ε) and helps to prevent overfitting. 

Parameter � determines the trade-off between the smoothness of the regression function and 

the amount up to which deviations larger than ε are tolerated. 

• � : is the SVR algorithm’s tolerance for errors. It is the width of the �-tube and affects the number 

of support vectors (SV) used for predictions and, therefore, the complexity of the final model. 

Intuitively, a larger value of ε results in a smaller number of support vectors, which leads to less 

complex regression estimates. 

• Kernel: Kernels are the first step of the SVR machine and are used to map the input data into 

a high dimensional feature space wherein they are correlated linearly with the outputs. There 

are several types of kernel functions that may be used in SVR; the type of SVR constructed is 

a function of the selected kernel function and affects the computation time of implementing the 

SVR. Four popular kernel functions used in SVR are [70]: 

o Linear: ef*N , *¡i =  *N�*¡  , where *N  and *¡ are vectors of features from training or test 

synthesized images.  

o Polynomial: ef*N , *¡i =  (A *N�*¡ + ¦)W. Parameters A , ¦  and the polynomial degree ;  

can be defined during the training. 

o Radial Basis Function (RBF): ef*N , *¡i =  >*§(−¨ ©*N� − *¡©L).The parameter to be 

defined for RBF is the ¨. 

o Sigmoid: ef*N , *¡i =  =9:ℎ(A *N�*¡ + ¦). Parameters A  and ¦  can be defined during the 

training. 

After feature normalization, SVR kernel and parameters selection, the training and testing 

stages of the SVR take place, using a Cross-Validation (CV) procedure. This procedure consists in 

dividing the dataset into subsets, then train the learning model on some subsets (training sets) and test 

the model on the remaining subsets (testing sets). In the K-fold CV, the original dataset is randomly 

partitioned into K equal sized subsets (or folds): in the first round, the model is trained on the K−1 folds 

and then, tested on the remaining fold; this process is then repeated K times, with each one of 

the K folds used exactly once as the validation data. The advantage of this method is that all 
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observations (synthesized images) are used for both training and validation, and each observation is 

used for validation at each step.  

In this dissertation, the followed approach is similar to a K-fold strategy. The dataset of 

synthesized images is split into 10 folds, each fold containing all the images corresponding to the same 

MVD sequence: Book Arrival, Ballons, Kendo, Lovebird1, Newspaper, Dancer, PoznanHall2, 

PoznanStreet, GT Fly and Shark. From the 10 folders, 9 are used as training data and the remaining is 

used for testing the model. After repeating the process 10 times, with each folder used exactly once as 

the validation data, the correlation between the subjective scores (DMOS) and the corresponding 

predicted scores, is calculated. 

Feature Quality Evaluation  

In this section, the quality of the features proposed and described in Chapter 5 is evaluated.  To 

evaluate the quality of a feature, the Pearson linear correlation coefficient between the feature values 

and the DMOS values, obtained from the subjective assessment, is calculated. A good feature is 

supposed to be highly correlated with the DMOS scores. A high Pearson coefficient indicates that the 

feature quantifies the quality of the synthesized image properly. Table 6.2 shows the correlation results 

between each feature and DMOS scores, for both full and partial datasets. 

Table 6.2 - Pearson coefficient between the feature values and DMOS. 

 A1 A2 A3 B1 B2 B3 B4 B5 B6 B7 C1 C2 C3 
Full 

dataset 
0.681 0.647 -0.670 - - - - - - - 0.647 -0.215 0.274 

Partial 
Dataset 

0.749 0.723 -0.689 0.449 0.629 0.478 0.611 -0.546 -0.610 -0.527 0.685 -0.471 0.371 

 

Observing Table 6.2, the following conclusions can be drawn: 

• Although the texture quantization parameter (feature A1) is a weak measure of an image quality, 

it achieves a good Pearson correlation with the DMOS scores, even better than using the SSIM 

between the lateral view available at the decoder, and its original version.  

• Based on the resulting Pearson coefficient, the quantization parameter of the lateral depth maps 

(feature A2) seems to be a good indicator of the synthesized view quality. In fact, it is known 

from the available literature that the quality of the lateral depth maps has a high impact on the 

synthesized view quality. 

• The DSQM metric (feature C11) is used as feature without mapping the resulting objective 

scores to the subjective ratings (DMOS) with logistic function. Based on the correlation results 

for both full and partial datasets, DSQM proves to be a consistent metric, reaching high 

correlation values, even without any information about the quality of the lateral views. 
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•  The synthesized view phase congruency (feature C12) is not a very stable one. Adding 60 

synthesized images to the partial dataset cause the Pearson decrease from -0.471 to -0.215. In 

fact, the feature was developed using the partial dataset. 

As final remark, it is important to note that some of the features extracted during the VSIM synthesis 

have low Pearson correlation, but it does not mean that the feature is useless. A feature can improve 

the system performance when fused with other features. Therefore, features with low correlation with 

the target values (DMOS) should not be immediately discarded.  

The correlation between each feature and the DMOS scores is not enough to evaluate the feature quality 

- the correlation between features must be evaluated as well. The chosen features should not be 

correlated between themselves, because highly correlated features mean that there are possibly 

redundant features, i.e., features that do not add much information about the synthesized image quality 

when combined with others. It is also important to note, that including more features increases the 

training and testing time, and can also impair the prediction performance. To check if a feature adds 

new information about the image quality, the Pearson linear correlation coefficient between each feature 

was calculated. Table 6.3 shows the Pearson results between each extracted feature, for the partial 

dataset. 

Table 6.3 - Pearson correlation between each extracted feature. 

 A1 A2 A3 B1 B2 B3 B4 B5 B6 B7 C1 C2 C3 
A1 - 0.923 -0.777 0.064 0.490 0.211 0.457 -0.375 -0.391 -0.322 0.477 -0.111 0.259 

A2 - - -0.616 0.084 0.603 0.235 0.595 -0.569 -0.481 -0.453 0.579 -0.136 0.395 

A3 - - - -0.221 -0.387 -0.331 -0.312 0.275 0.366 0.357 -0.403 0.325 -0.042 

B1 - - - - 0.322 0.752 0.461 -0.315 -0.521 -0.386 0.370 -0.644 0.336 

B2 - - - - - 0.536 0.691 -0.608 -0.708 -0.649 0.656 -0.537 0.460 

B3 - - - - - - 0.431 -0.342 -0.615 -0.353 0.468 -0.659 0.370 

B4 - - - - - - - -0806 -0.823 -0.827 0.636 -0.464 0.420 

B5 - - - - - - - - 0.848 0.894 -0.664 0.456 -0.444 

B6 - - - - - - - - - 0.862 -0.697 0.685 -0.470 

B7 - - - - - - - - - - -0.620 0.539 -0.316 

C1 - - - - - - - - - - - -0.757 0.393 

C2 - - - - - - - - - - - - -0.330 

C3 - - - - - - - - - - - - - 

 

From Table 6.3 the following conclusions can be taken: 

• Feature A1 (Texture QP of the lateral views) and feature A2 (Depth map QP of the lateral views) 

are highly correlated, because as shown in Table 4.2, for the synthesized frames extracted from 

SIAT and the lateral views used to synthesize new intermediate views with VSIM, as the texture 

QP increases, the depth map QP increases as well. 

• As expected, features B4, B5, B6 and B7 are also highly correlated because they are based on 

the same principle: project a lateral view to the other lateral view position, and compare them. 
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• Feature B2 has the highest Pearson with DMOS scores (from its feature Class group), and it is 

also highly correlated with the other features, which is an indicator that feature B2 may be not 

as effective when combined with others. 

Due to the high correlation between some features, it was decided to perform feature selection to select 

a subset of features that improve the performance of the SVR model in terms of prediction accuracy 

(see Section 6.4 ).  In this way, the features selection was based on the final metric correlation with the 

subjective scores, and not on the cross-correlation between them, eliminating features that are 

redundant (and thus lowering the complexity) while still maintaining a high prediction accuracy. 

Feature and Kernel Function Selection 

The Pearson correlation between features and DMOS scores, and the cross-correlation 

between features, are good indicators about the quality of a feature set, but not conclusive about the 

best features. Feature selection is the process of selecting a subset of relevant features. Irrelevant input 

features result in unnecessary higher computational cost and may lead to overfitting. Overfitting happens 

when the output of an over-tuned machine is mainly determined by an irrelevant feature. Feature 

selection reduces the training time of the SVR machine and can also improve the accuracy of the model, 

if the right subset of features is selected. 

Since it is not possible to know in advance which feature combinations are the best, and it would be 

very time consuming to compute the Pearson correlation between all subset of features combined to 

the possible kernel functions and SVR parameters, � and ε, the procedure adopted to select the features 

and kernel is the following: 

• Test several combinations of features, using the linear kernel, with default parameters C, ε of 

SVMlight. 

• Test the combinations of features used in the previous step with the RBF kernel, with default 

parameters � , ε and ¨. 

• Select the combination of features and kernel function that maximizes the Pearson correlation 

between the true and predicted DMOS values, using the default parameters used in the previous 

steps. 

The selection of features and kernel function are done in the following Sections, for each scenario. 

6.4.1 Scenario A 

In scenario A, only class A features, namely features A1, A2 and A3, are used to predict the 

quality of the synthesized image quality. Table 6.4 shows the Pearson correlation results from fusing 

these features, using linear and RBF kernel functions with default � , ε and ¨ parameters.  
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Table 6.4 - Pearson correlation between true and predicted DMOS values using features A1, A2 and 
A3, linear and RBF kernel. 

 Linear kernel, default ¥, � RBF kernel, default ¥, �, ª 

Features Full Dataset Partial Dataset Full Dataset Partial Dataset 

A1,A2 0.659 0.736 0.750 0.779 

A1,A3 0.703 0.752 0.753 0.794 

A2,A3 0.707 0.771 0.788 0.805 

A1,A2,A3 0.702 0.765 0.787 0.804 

 

The highest correlation is obtained using only features A2 and A3, with RBF kernel.  This is a clear 

example that the feature with higher correlation with DMOS scores (A1) does not always conducts to 

the best results when combined with other features. 

6.4.2 Scenario C 

In scenario C, only class C features, namely features C1, C2 and C3 are used.  Table 6.5 shows 

the Pearson correlations when aggregating these features, using linear and RBF kernel functions with 

default � , ε and ¨ parameters.  

Table 6.5 - Pearson between true and predicted DMOS values using features C1, C2 and C3, linear 
and RBF kernel. 

 Linear kernel, default ¥, � RBF kernel, default ¥, �, ª 

Features Full Dataset Partial Dataset Full Dataset Partial Dataset 

C1,C2 0.616 0.625 0.540 0.578 

C1,C3 0.632 0.659 0.504 0.514 

C2,C3 0.099 0.360 0.287 0.196 

C1,C2,C3 0.628 0.646 0.504 0.519 

 

 Table 6.5 shows that features C2 and C3 are not able to predict accurately the quality of the 

synthesized views, by themselves. In fact, it was shown in section 5.2.3  that feature C2 is not very 

stable, and presents a low Pearson correlation. The highest prediction performance is obtained using 

only features C1 and C3 with a linear kernel. 

6.4.3 Scenario AC 

In this scenario, both Class A and Class C of features are available. Table 6.6 shows the 

Pearson results fusing features from classes A and C, using linear and RBF kernel functions with default � ,� and ¨ parameters.  Only the best combinations are shown in the table. 
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Table 6.6 - Pearson between true and predicted DMOS values, using combinations of features A1, A2, 
A3, C1, C2 and C3. 

 Linear kernel-Default ¥, � RBF kernel - Default ¥, �, ª 

Features Full Dataset Partial Dataset Full Dataset Partial Dataset 

A1,C1 0.766 0.812 0.772 0.793 

A1,C2 0.518 0.835 0.773 0.806 

A1,A3,C1 0.796 0.837 0.748 0.795 

A1,A3,C1,C3 0.810 0.837 0.723 0.698 

A1,A2,A3,C1,C3 0.805 0.834 0.717 0.679 

A1,A3,C1,C2,C3 0.760 0.842 0.676 0.678 

A1,A2,A3,C1,C2,C3 0.771 0.839 0.675 0.675 

 

Table 6.6 shows that, for the full dataset and linear kernel, feature C3 adds useful information 

to the subset of features A1, A3, C1. Table 6.6 also shows that using more features does not mean 

better correlations and that using all features available in this scenario the best prediction accuracy is 

not obtained; features A1, A3, C1, C3 and linear kernel achieved the highest prediction performance. 

6.4.4 Scenario ABC 

    Scenario ABC corresponds to the case where the full potential of the quality metric can be 

achieved, because all features are available, including the features extracted during the synthesis 

procedure with VSIM. Several combinations of features were tested to evaluate the SVR prediction 

performance. Table 6.7 shows the correlation results for some of the best subsets of features. 

Table 6.7 - Pearson correlation between true and predicted DMOS values, using subsets of all 
available features, linear and RBF kernel. 

 Features Linear kernel - Default ¥, � RBF kernel - Default ¥, �, ª 

4 
features 

A1,A3,B1,C1 0.871 0.796 

A1,B1,B2,C1 0.865 0.771 

A1,B1,C1,C3 0.861 0.726 

A1,B1,C1,C2 0.860 0.783 

A1,B1,B3,C1 0.857 0.725 

A1,A2,B1,C2 0.855 0.820 

A1,B1,B4,B5 0.853 0.781 

A1,A2,B1,B7 0.853 0.823 

5 
features 

A1,A3,B1,C1,C2 0.870 0.771 

A1,A3,B1,B2,C1 0.866 0.763 

A1,A3,B1,C1,C3 0.868 0.717 

A1,B1,B2,C1,C2 0.863 0.759 

A1,A3,B1,B3,C1 0.866 0.739 

A1,B1,C1,C2,C3 0.861 0.703 

A1,A3,B1,B4,C1 0.861 0.774 

A3,B1,B2,C1,C2 0.860 0.765 

 

From Table 6.7, it can be noticed that features A1, A3, B1, C1 maximize the Pearson correlation. 

This subset contains two features which measure the quality of the lateral texture views, from which the 
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synthesized view was rendered (features A1 and A3), one feature extracted during the synthesis that 

measures the quality of the lateral depth maps in terms of compression and acquisition (feature B1), 

and one feature that measures the quality of the synthesized view using the phase congruency similarity 

between the synthesized view and a lateral view (feature C1). 

After studying the SVR prediction performance for the different scenarios, with different subset 

of features and different kernel functions, the combination of features and kernel that provided the best 

results were found and are presented in Table 6.8. 

Table 6.8 - Best features and kernel function found for each scenario. 

Scenario Features Kernel 
Pearson 

Full Dataset 
Pearson 

Partial Dataset 

A A2,A3 RBF 0.788 0.805 

C C1,C3 Linear 0.632 0.659 

AC A1,A3,C1,C3 Linear 0.810 0.837 

ABC A1,A3,B1,C1 Linear - 0.871 
 

Some relevant comments about the table above are: 

• In scenario A, the features measure the quality of the lateral views from which the synthesized 

view was rendered. Class A features work well because the synthesized images contained in 

the database have not only rendering artifacts but also compression artifacts inherited from the 

lateral views. Compression artifacts have a great impact on the subjective quality evaluation, 

because while rendering artifacts are present only in specific regions, compression artifacts are 

present on the whole image. Since compression artifacts contained in the lateral views are 

inherited by the synthesized view, just by using class A features a high Pearson correlation is 

obtained. 

• In scenario C, the features values result from comparing the synthesized view with the lateral 

views. As stated before, if the lateral views contain compression artifacts, the synthesized view 

will also include these artifacts. Unless the synthesized view contains severe synthesis errors, 

the similarity between the synthesized view and the lateral views will be high (since both have 

compression artifacts). Therefore, to achieve a high quality prediction, it is important to know 

the quality of the lateral views. This justifies the low Pearson correlation values for scenario C. 

• Scenario ABC is the one with the highest prediction performance, with a Pearson correlation of 

0.871. Besides the features which measure the quality of the lateral views (class A) and the 

features which use the final synthesized view (class C), the features extracted during the 

synthesis process (class B) improve the prediction performance – the Pearson correlation 

increased from 0.837 (scenario AC) to 0.871 (scenario ABC). 

SVR Parameters Optimization 

As shown in Table 6.8, the proposed metric achieves the highest prediction performance when 

features from all classes are used with a linear kernel function. In a last step, parameters C and � were 
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adjusted using grid-search for the scenario ABC, using features A1, A3, B1 and C1, trying to further 

improve the prediction performance; results are presented in Table 6.9. Since the SVR parameters are 

continuous real-valued parameters, the grid search was used by selecting manually a finite set of 

reasonable values for each parameter to train the SVR machine. 

Table 6.9 - Pearson correlation for scenario ABC, using features A1, A3, B1 and C1, and different C,	� 
parameter combinations. 

Features A1, A3, B1, C1- Partial Dataset 

C \	� 0.05 0.10 0.15 0.20 0.25 0.30 0.35 

0.25 0.869 0.871 0.874 0.875 0.873 0.876 0.872 

0.35 0.869 0.870 0.874 0.875 0872 0875 0.871 

0.45 0.868 0.870 0.874 0.875 0.871 0.874 0.871 

0.5 0.867 0.870 0.874 0.875 0.871 0874 0.871 

0.6 0.867 0.870 0.874 0.874 0.871 0.874 0.870 

0.7 0.867 0.870 0.874 0.874 0.871 0.874 0.870 

  

With a linear kernel, the metric reaches a Pearson correlation of 0.876 using features A1, A3, 

B1, C1 with C=0.25 and 	�=0.30. These are the parameters that maximize the prediction accuracy of 

the proposed metric, and are the parameters that will be used in the final metric to be compared with 

several state-of-the-art quality metrics. 

Final No-Reference Metric Performance 

To evaluate the effectiveness of the proposed metric, its performance was compared with 

several state-of-the-art full-reference 2D image quality assessment (2D-IQA) metrics and two 3D image 

quality assessment (3D-IQA) metrics, developed specifically for synthesized images. The evaluation 

was performed on the developed IST View Synthesis Image Quality Dataset using, as assessment 

measures, the Pearson Linear Correlation Coefficient (PLCC), the Spearman rank-order correlation 

coefficient (SROCC), the root-mean-square error (RMSE) and the mean absolute error (MAE). A good 

metric is expected to have high Pearson and SROCC values, and low RMSE and MAE values. The 

comparison was done assuming all the features can be extracted (scenario ABC), where the SVR 

training and testing is performed with features 1, 3 ,4 and 11 and the adjusted parameters C = 0.25,	� = 

0.30. 

6.6.1 Comparison with 2D-IQA Metrics 

The following conventional 2D-IQA metrics were used as benchmark techniques: MSE, PSNR, 

SSIM [71], MS-SSIM [48] and VSNR [72]: MS-SSIM applies SSIM over multiple image scales; VSNR is 

a metric which uses a contrast sensitivity function to detect visual distortions. As full-reference metrics, 

the original versions of the synthesized views under evaluation have to be available. 

The values resulting from the 2D-IQA metrics were mapped to the subjective scores using the 

following logistic function, outlined in [66]: 
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�dgO� � wT !12 %
1

1 ( exp	(wL(O % wV))' ( wO ( w® 

 
(6.2) 

 
where O is the metric value, �dgO� is the mapped subjective score and wT, …, wT are the regression 

model parameters, obtained through a regression step which tries to minimize the error between the 

true DMOS values and the predicted ones, �dgO�. The scatter plots of true DMOS versus predicted 

DMOS, for each 2D-IQA metric and for the proposed metric, are shown in Figure 6.1. The proposed 

metric is computed fusing features A1, A3, B1 and C1, using linear kernel and adjusted parameters 

C=0.25,	�=0.30. 
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(e) (f) 

Figure 6.1 - True DMOS versus predicted DMOS for different 2D-IQA metrics: a) MSE; b) PSNR; c) 
SSIM; d) MS-SSIM; e) VSNR; and f) Proposed.  

Perceptually, Figure 6.1 shows that the proposed metric obtains better correlation with the subjective 

scores when compared with the 2D-IQA metrics. The resulting Pearson, SROCC, RMSE and MAE 

values are presented in Table 6.10. The proposed no-reference metric is superior to the other full-

reference 2D-IQA metrics, with higher Pearson and SROCC and lower RMSE and MAE. Some 2D-IQA 

metrics reach also high Pearson correlations, because the synthesized images contained in the 

database have not only rendering artifacts but also compression artifacts, for which the 2D-IQA metrics 

work well.   

Table 6.10 - Pearson correlation between true and predicted DMOS values, for 2D-IQA metrics and 
proposed metric. 

Metric Pearson SROCC RMSE MAE 

MSE 0.6869 0.7632 0.6960 0.5424 

PSNR 0.7612 0.7632 0.6201 0.4647 

SSIM 0.7846 0.7787 0.5929 0.4572 

MS-SSIM 0.8547 0.8426 0.4964 0.3872 

VSNR 0.6150 0.5699 0.7541 0.6229 

Proposed 0.8762 0.8724 0.4618 0.3637 

 

6.6.2 Comparison with 3D-IQA Metrics 

The proposed metric is also compared with two objective quality metrics for synthesized images, 

whose source code is available online: the no-reference metric DSQM [66], described on the previous 

chapter, and the full-reference metric 3DSwIM [32] .3DSwIM compares the statistical features of wavelet 

sub-bands of the synthesized and reference images to estimate the quality. In addition, assuming that 

a human observer is more sensitive to impairments affecting a human subject, a skin detection step 

weights the final quality score to penalize image regions containing ”skin-pixels”. 
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The distortion values computed by the DSQM metric were mapped to subjective ratings using 

the same logistic function of [66], which is formulated by equation (6.2). The distortion values resulting 

from the 3DSwIM were mapped to the DMOS scores using the polynomial function formulated by (6.3): 

DMOS³ � 9 ∙ A¦<?>V ( � ∙ A¦<?>L ( ¦ ∙ A¦<?> ( ; 

 

(6.3) 

 
where A¦<?> is the distortion value obtained from the metric and 9, �, ¦ and ; are the parameters of the 

cubic function, obtained through a regression step to minimize the difference between the true DMOS 

values and the predicted DMOS. The scatter plots of true DMOS versus predicted DMOS, for the 3D-

IQA metrics and for the proposed metric, are shown in Figure 6.2. Again, the proposed metric is 

computed fusing features A1, A3, B1 and C1, using linear kernel and adjusted parameters 

C=0.25,	�=0.30. 

  

(a) (b) 

  

(c) 

Figure 6.2 - True DMOS versus predicted DMOS for different 3D-IQA metrics: a) DSQM; b) 3DSwIM; 
c) Proposed. 

Again, looking at Figure 6.2 the proposed metric has better correlation with the subjective scores when 

compared to the other 3D-IQA metrics. The resulting values for Pearson, SROCC, RMSE and MAE for 

DSQM, 3DSwIM metrics and the proposed metric are presented in Table 6.11.  
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Table 6.11 -  Pearson correlation between true and predicted DMOS values for DSQM, 3DSwIM and 
the proposed metric. 

Metric Pearson SROCC RMSE MAE 

DSQM 0.6975 0.7021 0.6853 0.5426 

3DSwIM 0.6767 0.6236 0.7041 0.5597 

Proposed 0.8762 0.8724 0.4618 0.3637 

 

Table 6.11 shows that the proposed algorithm achieves the best correlation with the subjective 

ratings and outperforms the selected 3D-IQA metrics. The results presented in Table 6.10 and Table 

6.11 demonstrate that the performance of the proposed no-reference metric is better than the state-of-

the-art 2D and 3D quality assessment metrics to evaluate the quality of synthesized images. 
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Chapter 7. Summary and Future Work 

The aim of this thesis was to develop a no-reference objective metric capable of predicting the quality 

of DIBR images using suitable features and a machine learning approach. This final chapter presents a 

summary of the work developed but also some suggestions for future work. 

Summary 

Chapter 1 introduces this thesis, providing contextual information and explaining the problem 

that motivated this work. Nowadays, new sets of applications which use free viewpoint technology are 

emerging. To guarantee an adequate QoE, these applications demand new and more accurate no-

reference objective metrics to evaluate the views synthesized at the decoder using DIBR methods and 

delivered to the viewers. 

Chapter 2 presents an overall description of the most relevant concepts used in the context of 

this thesis. Initially, some basics about the human visual system (HVS) were explained to understand 

how human perceives depth, i.e., the visual ability to perceive the world in three dimensions (3D). Some 

3D representation video formats are then explained, with special attention to multiview video plus depth 

format. Next, the multiview video plus depth format transmission chain is described, particularly the 

acquisition, encoding, decoding and display. Finally, three DIBR methods for view synthesis that exploit 

this format are described. 

Chapter 3 provides an overview of some no-reference objective metrics presented in the 

literature.  The most common artifacts in synthesized views are described, as well as the subjective and 

objective quality assessment models. 

Chapter 4 presents a view synthesis image database developed during this thesis, since the 

datasets available online do not fulfill the needs of the objective of this work. This dataset is an image 

based dataset which contain synthesized images with compression and rendering artifacts and will be 

made available to the scientific community, to be used for future work. 

Chapter 5 presents the proposed solution to evaluate the quality of synthesized images. 

Differently from existing solutions developed with the same objective, it relies on the key idea of 

aggregating features extracted at different phases of the synthesis procedure, through a machine 

learning tool, namely Support Vector Regression. The proposed hierarchical approach for several 

application scenarios allows the proposed metric to be used in several scenarios, depending on how 

much information is available. 

Chapter 6 presents the performance assessment of the proposed solution, using the dataset 

developed during the work. After describing the test conditions, the proposed metric is evaluated under 

four different scenarios, according to the features that can be extracted. The metric achieves its full 

potential when all features can be extracted, i.e., features from the synthesized final view, features that 

quantify the quality of the lateral views and features extracted during the synthesis process. The metric 
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was then compared to other 2D and 3D image quality metrics presented in the literature, showing 

superior results. 

The work developed on this Thesis has two important contributions: 

•  A dataset with synthesized views, using lateral views with different texture/depth 

compression, was developed. This database was built ensuring that the synthesized images 

present a wide range of quality levels. In addition, the dataset contains images synthesized 

with two different DIBR algorithms, namely VSRS-1D-Fast and VSIM. 

• A novel no-reference objective quality metric for synthesized views was developed. The 

proposed solution fuses features that can be obtained before, during or after the synthesis 

procedure and, accordingly, it can be used in different application scenarios. 

Future Work 

The features extracted to evaluate the quality of synthesized images play an important role on 

the problem at hand. Although the features considered in this work have proven to be suitable, the 

extracted features could be optimized in order to improve the quality metric prediction accuracy.  

As future work, it would be also interesting to extend this image quality metric to video. Temporal 

artifacts, as flickering, have also a great impact on the perceptual quality. For example, the inclusion of 

features related to the amount of spatio-temporal activity, or that measure some motion artifacts, such 

as blurring and flickering cloud be included within the proposed framework and therefore used to obtain 

a high correlation between subjective and objective scores. 

Finally, other machine learning methods could be used for pooling the extracted features and 

mapping them into a quality score. Given the broad variety of ML techniques present in the literature, 

from least complex to very complex ones, a study of the best ML algorithms would be necessary, i.e. 

which machine learning technique could improve the prediction accuracy of the proposed solution. Some 

promising solutions seem to be artificial neural networks, gaussian process regression, regression trees 

and decision trees [73]. 
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