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Abstract 

Nowadays, the technological advances in virtual reality applications and devices are allowing, to 

more and more users, the experience of total immersion in virtual environments, and a growing 

demand and offer of omnidirectional audio-visual media (also known as 360o media). The immersion 

sensation provided by omnidirectional videos gives users a completely different experience from 2D 

videos, thus being important to evaluate if conventional objective quality assessment metrics 

(developed for 2D videos) can still be applied to this new type of content. In this dissertation, a set of 

subjective tests was carried out to evaluate the impact of spatial/temporal subsampling and 

compression, on the perceived quality of omnidirectional videos. Based on the subjective results, the 

performance of conventional objective quality evaluation metrics, and some of its adaptations to 

omnidirectional videos, proposed in the literature and in this dissertation, is analyzed. Two new 

parametric models for the quality and the bit rate prediction of omnidirectional videos were also 

developed and evaluated. Both models are dependent on the intrinsic characteristics of the video 

(e.g., spatial and/or temporal activities), and do not require the prior creation of the compressed and/or 

sub-sampled video for the quality and bit rate prediction; as such, they provide a more efficient 

solution for video streaming scenarios, allowing a fast selection of the best video representations to be 

stored on the server. Both conventional quality prediction metrics (and after adaptations to the 

omnidirectional content) and the new proposed parametric models were evaluated using, as ground-

truth, the subjective test results and the bit rate of compressed videos. In all cases, high correlations 

were observed between the predicted quality and bit rate values and the respective ground-truth 

values. 
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Resumo 

Atualmente, os avanços tecnológicos que têm sido feitos em torno da realidade virtual, têm permitido 

a um número cada vez maior de utilizadores o acesso a experiências de total imersão em ambiente 

virtual, registando-se uma crescente procura e oferta de vídeos omnidirecionais (ou 360°), e de 

melhoramentos dos dispositivos para a sua visualização. A sensação de imersão em vídeos 

omnidireccionais concede aos utilizadores uma experiência completamente diferente da oferecida por 

vídeos 2D, sendo muito importante validar as métricas objetivas de avaliação de qualidade 

convencionais (desenvolvidas para 2D), quando aplicadas a este novo tipo de conteúdos. Nesta 

dissertação realizou-se um vasto conjunto de testes subjetivos, com o intuito de avaliar o impacto da 

variação da resolução espacial/temporal e da compressão, na qualidade perceptual de conteúdos 

omnidirecionais. Com base nos resultados subjectivos, é analisado o desempenho de métricas 

objetivas de avaliação de qualidade convencionais, e de algumas das suas adaptações a vídeos 

omnidirecionais, propostas na literatura e nesta dissertação. São também desenvolvidas e avaliadas 

duas métricas que efectuam a previsão da qualidade e do débito binário do vídeo omnidirecional com 

base em modelos paramétricos, dependentes das características intrínsecas do vídeo original (e.g., 

actividade espacial e/ou temporal do vídeo). Face aos métodos convencionais, estes modelos não 

requerem a criação prévia do vídeo comprimido e/ou sub-amostrado, para a previsão da qualidade; 

como tal, constituem uma solução mais eficiente para cenários de streaming de vídeo, permitindo 

uma rápida selecção das melhores representações dos vídeos a colocar no servidor. Quer as 

métricas de previsão de qualidade convencionais, e após adaptações aos conteúdos omnidirecionais, 

quer os modelos de previsão de qualidade e débito binário baseados em características dos vídeos 

originais, foram avaliados tendo como referência (ground truth) os resultados dos testes subjectivos e 

dos débitos binários dos vídeos comprimidos. Em todos os casos, observaram-se correlações 

elevadas entre os valores de qualidade e de débito previstos pelos modelos objetivos e os 

respectivos valores de referência. 
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Chapter 1                                     
Introduction 
 

1.1 Context and Motivation 

Nowadays, omnidirectional video is gaining more and more importance. The sensation of immersion 

given by these videos, pictures or games, create a much better user experience than the one provided 

by traditional 2D video, putting the user at the center of the action and even making it part of that 

action. Virtual reality (VR) based games is being exploiting more and more by important companies, 

such as Sony with its PlayStation VR head mounted display (HMD). Also, content providers, like 

YouTube, noticed a growing demand for virtual reality content. Nowadays, a lot of omnidirectional 

videos can be accessed through YouTube, which can be rendered on common smartphones, 

equipped with a gyroscope, or even with the mobile phone inserted into a HMD. Other HMDs have 

been developed and some of them, already in the market, can render omnidirectional videos without 

the use of any smartphone, like the Oculus Rift, though more expensive. 

Naturally, the video traffic generated by an omnidirectional video is several times larger than in 

traditional 2D video, requiring more bandwidth, more computing power at the terminals, better access 

link capacities and, most important, efficient video streaming solutions. For an effective adaptive 

streaming service, it is essential the optimal selection of the video content representations, to be 

created and stored at the server side. In this sense, a combination of video quality and bit rate 

prediction models can help in deciding which video representations should be made available by 

content providers, in the video server. 

 

1.2 Objectives 

Several quality prediction metrics have been proposed in the last years for 2D video. A few are fully 

based on uncompressed video features, allowing to predict the quality resulting from compression or 

other spatial/temporal sub sampling, without effectively processing the video. These metrics typically 

consider that the impact of the different impairments is independent from each one, and model the 

resulting quality as a product of terms, each one representing the quality reduction due to an individual 

impairment; also, each term is only dependent on the impairment intensity and on video intrinsic 

features (as spatial and temporal activities). A similar approach was also proposed to predict the video 

bit rate. Considering this, the main objectives of this dissertation are:  

 to produce a dataset of omnidirectional videos, impaired by compression and 

spatial/temporal sub sampling, and evaluate them through a campaign of subjective tests. 

 to assess some of the conventional objective video metrics, and their adaptations to 

omnidirectional videos. 
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 to improve the results of the metrics considered on the previous item when the video is 

subject to temporal subsampling, by including a temporal correction factor. 

 to develop and assess models for quality and bit rate prediction omnidirectional videos, 

without the need of producing the impaired videos; to use those models for selecting the 

best video representations to be stored in a streaming server, in omnidirectional video 

streaming applications. 

 

1.3 Main Contributions 

This thesis evaluates how well conventional quality assessment metrics developed for 2D video, 

and some of the recently proposed metrics for omnidirectional video, can predict the perceived quality 

of impaired omnidirectional videos; in the context of this study, the adaptation of two SSIM based 

metrics to omnidirectional contents were proposed.   

Two new parametric models for the quality and the bit rate prediction of omnidirectional videos 

were also developed and evaluated. Both models are dependent on the intrinsic characteristics of the 

video (e.g., spatial and/or temporal activities), and do not require the prior creation of the compressed 

and/or sub-sampled video for the quality and bit rate prediction 

To evaluate all the considered objective metrics and models, a new dataset of omnidirectional 

videos with different impairments (HEVC compression and/or spatial/temporal sub sampling) and 

respective subjective quality scores, have been produced and will be made available to the scientific 

community. 

 

1.4 Thesis Outline 

This thesis is organized in the following chapters:  

Chapter 1 introduces the context and motivation behind the work of this thesis, its objectives and 

main contributions.  

Chapter 2 overviews fundamental concepts related with omnidirectional video, and some 

omnidirectional video streaming solutions.  

Chapter 3 presents a review on subjective and objective video quality assessment metrics, 

considering conventional metrics used with 2D video, and also the metrics specifically developed for 

omnidirectional video. A family of quality prediction metrics, that rely on features extracted from the 

undistorted video, is then described. Finally, the methodologies used to evaluate the objective metrics 

are presented.  

Chapter 4 describes the procedures followed on the subjective assessment of omnidirectional 

videos and presents and analyses the subjective assessment results. The main objective is to 

evaluate the impact, on the perceived video quality, of three main sources of distortion namely, spatial 

subsampling, temporal subsampling, HEVC compression, and their combined effects. The produced 
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quality scores are used, in the next chapters, as the ground truth to derive and assess the proposed 

objective quality metrics for omnidirectional videos.  

Chapter 5 presents and evaluates objective quality assessment metrics for omnidirectional video, 

to be applied when the video is subject to compression and/or spatial/temporal sub sampling. These 

include not only the conventional 2D metrics, but also some metrics proposed in the literature, and in 

this dissertation, for the specific case of omnidirectional content. As none of them consider the video 

temporal resolution, a temporal correction factor that can be coupled to them, is then proposed and 

evaluated. Finally, a family of parametric models able to predict the impact (on quality) of the 

aforementioned distortions, using a set of features extracted from the original video, is also developed 

and assessed.  

Chapter 6 proposes a parametric model for the bit rate prediction of omnidirectional videos, 

based on characteristics extracted from the uncompressed video. Using this model together with the 

quality prediction model proposed in the previous Chapter, a simple algorithm is implemented that 

allows a fast selection of the video representations to be used in omnidirectional video streaming 

applications.  

Chapter 7 concludes this dissertation, highlighting the most important conclusions and putting 

forward some suggestions of future work. 
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Chapter 2                               
Omnidirectional Video: Basics and Key 
Processing Solutions 
 

2.1 Introduction 

In this chapter, the basics of omnidirectional video are introduced. The processes involved in 

omnidirectional video creation, until its rendering, are firstly described. This starts with a brief 

description of the architecture of an omnidirectional video transmission chain, followed by a more 

detailed explanation of each module. After this system level introduction, the omnidirectional video 

streaming context is presented, starting with the concept of the DASH standard and following with 

some other recent video streaming solutions. 

 

2.2 Omnidirectional Video: From Acquisition to Display 

This section describes the main concepts behind the creation, compression, rendering and 

visualization of omnidirectional (or 360°) video content. The architecture of a 360o video transmission 

chain is first described; after, the main building blocks of the architecture are briefly explained. 

2.2.1 Omnidirectional Video Transmission Chain 

Figure 2.1 presents the key processes involved on the transmission of 360o video, from acquisition to 

display. 

 

Figure 2.1 - Generic architecture of an omnidirectional video transmission chain [1] [2] [3]. 

The main functions of each module are: 

 Acquisition: The acquisition of omnidirectional video is typically done with multiple cameras, that 

are time synchronized, calibrated, and uniformly placed along a rig; each camera´s lens points to 

a different area, so that each camera acquires a 2D image corresponding to a portion of the 
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spherical view around it; together, and to obtain omnidirectional video, the multiple cameras cover 

the whole sphere. 

 Stitching: After the acquisition, the 2D images recorded by each camera must be fused to create 

an omnidirectional image, containing the 360º information of the scene. This process is called 

stitching and registers, aligns and blends images that typically overlap [4]. In this step, the 

omnidirectional image is a non-planar frame, usually a spherical representation is used.  

 Mapping: To be transmitted, the spherical omnidirectional frame is mapped into a planar 

representation. The process of transforming a non-planar frame into a planar frame is called 

mapping. The most used planar projection is the equirectangular projection but there are many 

other projections with different types of properties. The most common projections are presented 

on section 2.2.4.  

 Encoding: Since a planar representation of each omnidirectional video frame was obtained in the 

previous step, a 2D video codec can be used, such as MPEG-4/AVC or HEVC [5] [6]. Before 

encoding an additional step - called tilling - can be applied, that divides the omnidirectional image 

into several tiles which are independently encoded. This is useful to control which quality each tile 

will have, e.g. tiles not perceptually relevant can be encoded with lower quality. 

 Channel/Transmission: The bit stream generated by the encoding step is then stored or sent to 

the client over a fixed or wireless communication channel. Nowadays, the case where 

omnidirectional video content is transmitted with the HTTP protocol from a server to a client is 

rather relevant and is described in section 2.3. 

 Decoding: The decoding step of this processing chain performs the inverse operation of the 

encoder and at the end the reconstructed omnidirectional video is obtained.  

 Inverse Mapping: When omnidirectional video is rendered, a spherical representation is often 

used. Therefore, it is required to map the planar omnidirectional video into a sphere, by applying 

the corresponding inverse mapping transformation of the sender. 

 Rendering: In omnidirectional video, the images that are presented to the user are a part of the 

entire viewing sphere. Depending on the user viewing direction, a selected part of the sphere is 

projected on a 2D plane which is called viewport. There are several projections that can be used 

to perform rendering but the popular perspective projection is widely used nowadays.  

 Display: The output of the rendering step is a 2D image that can be presented on a display. The 

displays for omnidirectional video are of two types: the first corresponds to a navigable image on 

a standard 2D display (e.g. a computer or a smartphone screen), where the viewing direction can 

be controlled by a mouse or by moving the display; the second type corresponds to a head 

mounted display (HMD), which is a display that a user wears on his head, and tracks user’s head 

movements to compute the corresponding viewport. 
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2.2.2 Acquisition 

To acquire omnidirectional videos, an array of cameras that collects visual information in different 

directions is typically used. These cameras belong to a synchronized rig (to acquire all images at the 

same time) which usually has a circular shape. All the images gathered by the cameras are then 

stitched together.  

Another possibility is to employ cameras with special lenses that can capture a wide field of view, 

such as fisheye lenses. However, these lenses cause deformations on the acquired image. For some 

applications, one of these fisheye lenses is enough since it is capable to capture an hemisphere, 

meaning 360° in the horizontal FoV and up to 240 degrees (in the state-of-the-art 360Fly 4K camera 

[7]) in the vertical direction. For full omnidirectional acquisition at least two fisheye lenses are required, 

pointing to opposite directions, followed by stitching of the acquired images. 

Since this work is aimed at finding metrics that can predict subjective quality measurements 

obtained with omnidirectional videos, it is important to describe cameras that can acquire this type of 

visual representation. Table 2.1 presents some of the newest cameras that fulfill the requirements of 

an omnidirectional acquisition device. 

Table 2.1 - Some of the newest professional full 360° FoV cameras. 

Camera Main specifications 

GoPro Odyssey [8] 
 

 

 Synchronized rig with 16 2D cameras HERO4 Black in 

a horizontal ring 

 Resolution up to 8K@30 

 Compression technology: H.264 

Samsung Gear 360 2017 [3] 
 

 

 Synchronized rig with 2 2D cameras in a horizontal 

ring 

 Resolution up to 4K@24 

 Compression technology: H.265 

Facebook Surround 360 [9] 
 

 

 Synchronized rig with 17 2D cameras, 14 in a 

horizontal ring, 2 pointing down and 1 pointing up 

 Resolution up to 8K@60 

 Compression technology: Not specified 

Jaunt ONE [10] 

 

 Synchronized rig with 24 cameras in a horizontal ring 

 Resolution up to 8K@120 

 Compression technology: H.264 

 

 

  

https://gopro.com/odyssey


8 

2.2.3 Stitching 

After the synchronized acquisition of the images from different directions, it is necessary to stitch and 

blend them into a spherical representation format. The stitching process can be divided into three 

steps depicted in Figure 2.2. 

 

Figure 2.2 - Chain of the stitching process [11]. 

 Calibration: The calibration step consists in finding intrinsic and extrinsic parameters for each 

camera of the rig. The intrinsic parameters are physical camera characteristics. They include the 

focal length and the principal point and the image sensor format [12]. The extrinsic parameters 

refer to the pose (position + orientation) of the camera and may change in time. The result of the 

calibration allows the camera to estimate the distortion of its lens. 

 Registration: The images that are created by the several cameras are overlaid with those 

generated by cameras adjacent to them. The pixels belonging to overlapping areas are registered 

so that a match can be made between adjacent images. 

 Compositing: Starts by selecting one of the views (camera) as reference and then all the others 

are aligned (by warping into the reference coordinate of the reference view). Then, the 

overlapping areas are blended [13]. In the final omnidirectional spherical video some artifacts can 

be present, such as visible seams (due to different exposures of the cameras in the rig), blurring 

(due to mis-registration) or ghosting (due to scene motion); some of them can be eliminated with 

gain control and multiband blending methods [11] [14]. 

2.2.4 Mapping  

A spherical representation of the omnidirectional video obtained after stitching, cannot be 

straightforward encoded and thus, a mapping process is necessary to convert it to a planar 

representation. After the process of decoding, it is also necessary to convert this planar representation 

into a spherical one and the inverse mapping needs also to be performed. In this context, mapping is 

simply a transformation of coordinates. However, it is impossible to map a sphere into a flat plane 

without introducing some deformation. The most common non-planar projection in omnidirectional 

video is the spherical projection and the typical planar projections are described below [15]: 

 ERP: The equirectangular projection (ERP) is the most used planar projection, mapping 

meridians into straight vertical lines, equally spaced, and parallels into straight horizontal lines 

also equally spaced [16]. To keep the rectangular shape, the points are stretched more and more 

as they approach the poles, increasing the distortion as well, as depicted in Figure 2.3.  
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Figure 2.3 - Unroll of a sphere (Earth) with the stretching increasing as the points approach the poles [2] [17] [18]. 

The area scaling factor, 𝑤(𝑖, 𝑗), given by (2.1), represents the decrease in the area of the sphere 

covered by a pixel at position (𝑖, 𝑗) of the equirectangular image (with 𝑖 ∈ [1 … ℎ𝑒𝑖𝑔ℎ𝑡] and 𝑗 ∈

[1 … 𝑤𝑖𝑑𝑡ℎ]) when moving from the equator to the poles; it also corresponds to the inverse of the 

horizontal stretching at the position (𝑖, 𝑗) resulting from the sphere to equirectangular image 

mapping. 

𝑤(𝑖) = cos ((𝑖 −
ℎ𝑒𝑖𝑔ℎ𝑡

2
+ 0.5) ×

𝜋

ℎ𝑒𝑖𝑔ℎ𝑡
) (2.1) 

 Segmented sphere projection (SSP): The segmented sphere projection is a planar projection 

that splits the sphere horizontally into a set of regions, to obtain a set of rectangles. This 

approach is similar to the ERP approach and can be seen in Figure 2.4. Since the ERP projection 

introduces a lot of distortion (stretching) related to the poles, the SSP projection maps the poles 

not into rectangles but into circles, and therefore reducing the number of pixels necessary to 

represent them [2]. 

 

Figure 2.4 - Conversion between spherical and segmented spherical projection [2]. 

 Truncated square pyramid projection (TSP): To map a sphere into a pyramid, first the sphere 

is put inside a pyramid as depicted in Figure 2.5 a) and then the pixels on the sphere are 

projected on the pyramid faces. After, the pyramid’s faces are rearranged into a plane as 

depicted on b). 

a) b) 

Figure 2.5 - Conversion between spherical and truncated square pyramidal projection [2]. 

 CMP, OHP, ISP: The Cube Map projection (CMP), the Octahedron projection (OHP) and the 

Icosahedral projection (ISP) (see Figure 2.6) are planar projections of a cube, an octahedron and 
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an icosahedron respectively. In all the cases, the sphere is circumscribed in the solid. In the case 

of CMP, the pixels on the sphere are projected into a cube (six squares) and in the cases of OHP 

and ISP the pixels on the sphere are projected to eight and twelve triangles respectively. The final 

flat planes may contain artifacts along the edges due to discontinuities between the squares or 

triangles [11].  

         

a) 

b) 

  

c) 

Figure 2.6 - Planar projections of a) Cube Map projection, b) Octahedron projection and c) Icosahedral projection 

[2]. 

 Equal-area projection (EAP): Equal-area projection is a projection that maintains the area of the 

sphere in the projected plane. By stretching horizontally and shrinking vertically by the same 

amount, each planar projected area is equal to the corresponding spherical area [11]. This 

projection is advantageous since the number of pixels to represent a spherical area remains the 

same independently of the location. 

2.2.5 Coding 

Since the 1980s that the problem of how to transmit images and videos within a communication 

channel with limited bandwidth has received a lot of attention. In this context, coding standards for 

image, video and audio have been developed. A brief history line of the main codecs nowadays 

available is shown in Figure 2.7. Along time, the codecs performance has increased, which means that 

for the same quality, the bit rate necessary to represent the multimedia content is lower, thus 

addressing limitations in the channel bandwidth and allowing to transmit high resolution content. 

Nowadays the most commonly used codecs are H.264/AVC (MPEG-4 part 10) and H.265/HEVC (or 

just HEVC) for video compression. These video codecs work by exploiting spatial and temporal 

redundancy but also exploiting the characteristics of our human visual system with a process called 

quantization, a lossy process that reduces the precision of the signal. 
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Figure 2.7 - Image/video coding standards history produced by ITU-T and ISO/IEC committees. 

H.264/AVC and HEVC are widely used, not only but also, to encode omnidirectional video and 

they represent an important technology to store or transmitted omnidirectional video. Both codecs 

usually use the 4:2:0 color structure meaning that the luminance signals (responsible for grey scale) 

are twice, in both directions, the chrominance signals (responsible for the colors): 

 H.264/AVC: this video codec was standardized by ITU-T and MPEG in 2003. It was developed 

with the objective of encoding videos with 50% less bit rate (for the same quality) regarding 

previous codecs (MPEG-2, MPEG-4 and H.263). However, the codec architecture follows the 

same principle as the previous codecs in terms of motion compensation and the transform 

Discrete Cosine Transform (DCT). In this codec, each video sequence is divided hierarchically 

into frames, slices, macroblocks (MB), blocks and pixels as shown in Figure 2.8. A macroblock 

typically consists of 16×16 samples, and is further subdivided into transform blocks (serve as 

input for the transform) and prediction blocks with variable size where a motion vector is 

computed for each partition.  

 

Figure 2.8 - Division of a video sequence [19]. 

In addition to the increased compression efficiency, this codec also offers better error resilience, 

temporal scalability as well as adaptation to the network characteristics. H.264/AVC offers 

variable block-size motion compensation from 16×16 to 4×4, ¼ pixel of motion accuracy, bit 

depth up to 14 bit/component (luminance or chrominance), 8 direction based plus a DC modes in 

the Intra prediction. It also defines an in-loop deblocking filter to remove block effect. This codec 

makes use of new tools for entropy coding namely the context-adaptive binary arithmetic coding 
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(CABAC) and the context-adaptive variable-length coding (CA-VLC). Since this codec was 

created to be used in a broad range of applications, it was necessary to define a set of profiles 

(Baseline, Main, Extended, High are the most common) which establish a set of coding tools but 

also a set of levels (1 to 16) which defines some constraints on the bit stream produced [20]. 

 H.265/HEVC: this video codec was standardized in 2013 also by ITU-T and ISO and is the 

current state-of-the-art video codec. HEVC is now a reality since nowadays devices with more 

computational capabilities are available. HEVC was developed to reduce 50% of the bit rate of 

the previous standard H.264/AVC for the same perceptual quality. The processing basic unit is 

not anymore the macroblock but a Coding Unit (CU) which can go from 64×64 to 8×8 pixels. A 

coding Tree is a collection of CU and each CU can have different type of coding modes, namely 

skip, intra or inter coding. This codec has 33 directional modes, a DC mode and a planar mode 

for Intra prediction and uses an 8th order finite impulse filter to obtain more precise motion vectors 

in the Inter prediction. Also it defines an additional transform, the Discrete Sine Transform (DST). 

HEVC has a deblocking and a Sample Adaptive Offset (SAO) in-loop filters to improve the 

decoded frames quality (which are used as reference) and only uses CABAC for entropy coding. 

This was the first codec to support UHDTV, supporting resolutions up to 8192×4320. However, 

the H.264/AVC is still a very popular choice for a lot of applications and thus, HEVC has not 

become yet the most widely used solution for video coding [21] [22]. 

2.2.6 Rendering 

In the omnidirectional video chain, the rendering corresponds to the creation of the region (some part 

of the entire omnidirectional video) that is given to the display; this region is often referred as the 

viewport. The user by moving its head or by interacting with the mouse or touchscreen (or even 

moving the device) updates its viewport. The size of the viewport is a defined by the horizontal FoV 

(Fh) and the vertical FoV (Fv) as well as the resolution of the display. The viewport generation is 

usually made by a projection which converts a part of the sphere to a 2D plane (see Figure 2.9 a)) 

[23].  

a) b) 

Figure 2.9 - The planar viewport 𝐴𝐶𝐵𝐷 is generated by projecting a portion of the sphere into a planar rectangle 

a) [24] using the sphere’s coordinates system b) [23]. 

A sphere, for example, is obtained with inverse mapping and, can be represented with a three 

coordinates orthogonal system (see Figure 2.9 b)): The X axis points from the center of the sphere to 

the front view, the Y to the top view and the Z axis to the right view. To generate the viewport, it is 
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necessary to know the view angle, which is the combination of the latitude (θ ∈ [−
𝜋

2
,

𝜋

2
]) known as 

pitch and longitude (𝜙 ∈ [−𝜋, 𝜋]) known as yaw, and the size of the viewport [23]. 

Define a planar viewport 𝐴𝐵𝐶𝐷 centered in 𝑃 (see Figure 2.9 a). Then, considering the z-axis as 

reference, like if a subject was looking straight down, the rotation of the sphere in relation to the user’s 

head standing in the reference can be given by 𝑅𝑇, where 𝑅 is: 

𝑅 = [

cos (ϕ + π/2) −sin (ϕ + π/2)sin (θ) sin (ϕ + π/2)cos (θ)
0 cos (θ) sin (θ)

−sin (ϕ + π/2) −cos (ϕ + π/2)sin (θ) cos (ϕ + π/2)cos (θ)
]. (2.2) 

The transformation between 3D and 2D can be described by the matrix 𝐾: 

𝐾 = [
𝑓𝑥 0 𝑐𝑥

0 𝑓𝑦 𝑐𝑦

0 0 1

] (2.3) 

where 𝑐𝑥 and 𝑐𝑦 are the coordinates of the intersection point between the sphere and the viewport 

(𝑃) and 𝑓𝑥 and 𝑓𝑦 are the focal length in pixel, that in a HMD, can be given as: 

𝐻𝑣

2𝑓𝑦

= tan (
𝐹𝑣

2
) (2.4) 

𝑊𝑣

2𝑓𝑥

= tan (
𝐹ℎ

𝑥2
) (2.5) 

where 𝐻𝑣 and 𝑊𝑣 are the height and width respectively, in pixels of the viewport.  

Then, the projection of a point 𝑒′ = [𝑥′, 𝑦′, 𝑧′]𝑇 in the planar viewport can be mapped to a point 𝐸 =

[𝑥, 𝑦, 𝑧]𝑇 in the sphere with: 

𝐸 = 𝑅 ∙
𝐾−1𝑒′

||𝐾−1𝑒′||2

 (2.6) 

This process is repeated for every other points in the viewport. 

2.2.7 Displays 

The display of omnidirectional video might occur in a lot of different ways like in small screens for 

particular users or in giant rounded screens for more than one user. However, there are two main 

types of displays: 

 Standard displays: In standard 2D displays such as televisions, smartphones or tablets, it is 

possible to show omnidirectional content by requesting the user to interact with the content using 

mouse or touchpad (in case of a computer/television) or by motion sensors (in case of 

smartphones/tablets). This type is the most affordable since they don’t have to buy any dedicated 

device. However, for this type of viewing option users do not have the immersion sensation which 

is one of the objectives of the omnidirectional video (being there). Also, the interactions with the 

content actions are not natural, e.g. moving a mouse. Figure 2.10 shows an example of a 
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navigable screen obtained from YouTube which has two viewports: one given by the initial 

direction FoV and a second viewport, after moving the mouse to the right. 

a) b) 

Figure 2.10 - Omnidirectional video from YouTube displayed on the screen of a laptop. a) Initial viewport; b) 

viewport after a horizontal 90º degree anticlockwise rotation on the right [25]. 

 Head Mounted Device (HMD): corresponds to a device that is mounted on the user’s head 

which blocks the light coming from the outside and only allows the user to see what is being 

displayed on a screen, a few inches away from his eyes. This type of device causes an artificial 

real-life impression and allow to produce visual experiences with a high level of immersion 

(sensation of being there). The HMD can track user’s head movements, displaying new images 

(viewports) that correspond to the user’s head direction. These devices, which are often called 

virtual reality (VR) glasses, have two displays, one for each eye, which allows to display different 

(but yet related) images for each eye. This allows for stereoscopic omnidirectional video and 

therefore the sensation of depth. Some examples are shown in Figure 2.11 [26]. These glasses 

provide a binocular vision and the machinery can be seen on the same figure [26].  

   

Figure 2.11 - Double eye displays inside a VR glasses which uses a smartphone as content delivery media (left 

and center) and double image given by the content delivery media (right) [27] [28]. 

For each eye, to increase the user’s immersion, or in other words, to increase the user experience 

(UX), the corresponding display must fulfil the three following characteristics: 

 High spatial resolution: Since the display is rather close to the user eyes, the spatial resolution 

must be high. Otherwise, the users will be able to see the shape of pixels (screen door effect), i.e. 

the fine black lines which separate them.  

 Good temporal resolution: As in natural video, it is rather important that the user sees the visual 

scene without noticing the transition between individual frames. For this case, it is important that 

the HMD shows images at a rather high frame rate and thus motion is fluid.  

 Good time of response (or low latency): The HMD needs to have a quick response to the user’s 

head movements so the user can see a fluent transition of viewports without any delay to fully 

render the entire viewport. In this case, experiments show that to achieve a good quality of 

experience, HMD must have a time of response rather small (i.e. what is expected by the user 
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when head moves and what is actually happening on the screen must be synchronous), otherwise 

it may cause motion sickness. 

Other facts may impact the user experience, even though not directly addressed to the HMD, like 

the hardware used to link the oculus with computers that may not have available throughput enough to 

transmit high spatial resolutions at a high frame rate or the virtual reality sickness, related to the 

sensation of moving virtually, though standing still physically, causing effects like disorientation and 

nausea [29]. 

Table 2.2 presents the main characteristics of the newest HMD devices, commercially available. 

Table 2.2 - Selected set of HMD devices. 

Display Main specifications 

HTC Vive [30] 
 

 

 Spatial resolution: 1200×1080 px/eye 

 Diagonal FoV: 145° 

 Refresh rate: 90 Hz 

PlayStation VR [30] 
 

 

 Spatial resolution: 960×1080 px/eye 

 Diagonal FoV: 100° 

 Refresh rate: 120 Hz 

Oculus Rift [30] 
 

 

 Spatial resolution 1080×1200 px/eye 

 Diagonal FoV: 120° 

 Refresh rate: 90 Hz 

FOVE VR [31] 
 

 

 Spatial resolution: 1280×1440 px/eye 

 Diagonal FoV: 100° 

 Refresh rate: 90 Hz 

 

 

2.3 Streaming of Omnidirectional Video 

The number of daily Internet users has been increasing for the past years, while the number of users 

that use it on a fixed computer is slightly decreasing [32]. According to [33], between 2016 and 2021, 

global mobile data traffic will grow seven times, which represents an increasing rate two times higher 

than the global fixed IP traffic. Also, in [34], it is predicted that in 2020, 82% of all IP traffic will be 

video. According to these statistics it is understandable the need to provide good video delivery 

solutions. Still, from 2011 to 2016, the global mobile data traffic has grown eighteen times, reaching 

7.2 Exabyte per month in the last year. Also, 60% of the total mobile data traffic in 2016 was found to 

be mobile video traffic [35]. This fact clearly indicates that not only is important to find good solutions 
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for video streaming, but also that it is important to have good solutions addressing specifically mobile 

networks.  

Figure 2.12 present a general delivery chain for live streaming over the Internet. The content is 

generated by the content provider and delivered to an ingest server where different representations 

targeting different bit rates and qualities are created. This content is then passed to Content Delivery 

Network (CDN) that has the role of delivering the visual content efficiently (i.e. with minimal delay and 

packet losses) to the users independently of their location. In this case, the origin server receives the 

content of the provider which is transmitted to the edge servers and then to the end-users. End-users 

request the content stored in the origin server trough the edge servers located near the user side of 

the CDN.  

This section provides an overview on conventional solutions for streaming of omnidirectional video 

content. First is described the DASH streaming technique, used to allow subjects to possibility of 

stream at different bit rates, depending on their bandwidths at any time. After that, in section 2.3.2, are 

described non-tiled streaming solutions developed to address the problem of high bandwidths required 

to transmit omnidirectional video in useful time. Finally, section 2.3.3 provides some tiled streaming 

solutions which divide the omnidirectional frames into smaller blocks called tiles, capable of 

processing them differentially. 

 

Figure 2.12 - Delivery chain in live streaming [36]. 

2.3.1 DASH-based Video Streaming 

To address the problem of transmission high bit rate content, progressive download has been 

available for a while, which is the continuous reception of new multimedia content while being 

displayed, no matter the download and the reproduction speed, allowing start reproduction before the 

all video is downloaded. However, progressive download shows some difficulties, particularly 

regarding the user’s available bandwidth, leading to possible reproduction faster than download, 

generating stalls. For that propose it was created the Dynamic Adaptive Streaming over HTTP 

standard (DASH) by the MPEG group [37]. The main mission of the DASH standard is to deliver 

multimedia content in a way that is adaptive to the available bandwidth of the user’s connection and 

thus, to supply a high quality of experience to the users. Some content providers like YouTube and 

Netflix already support the DASH standard [38]. Figure 2.13 presents the basic architecture of a DASH 

system. To achieve this goal, multimedia content is split in temporal segments. Each content (that can 

be audio or/and video) is encoded with alternative segments with different bit rates which imply 

different qualities. Also in the server side, the Media Presentations Description (MPD), a manifest in 

the format of a .xml file, describes the available content, i.e. what representations (i.e. versions at 
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different bit rates and resolutions) are available, and the characteristics of each one (i.e. bit rates for 

each resolution and codec). 

DASH is based on HTTP streaming, which has some advantages such as [39]: 

 HTTP is widely supported in the Internet Infrastructure: Almost all firewalls allow HTTP 

connections, CDNs provide edge servers and is rather cost effective. 

 HTTP is a stateless protocol: connection between a user and a server ends after a request is 

answered without the need to keep the session state on the server. This allows a better usage of 

the server resources even with a high number of users connected to the server. 

 

Figure 2.13 - Basic architecture of the DASH system [39]. 

When a user wants to receive multimedia content from an HTTP server with the DASH standard, 

it will first get the MPD information. After parsing this document, the user knows information about the 

content: program timing, media types, resolutions available and encoding alternatives (representations 

of same media differing in spatial resolution, bit rate, etc.) [39], maximum and minimum bit rates, 

among others. The client then selects what is the best representation for each segment that wants to 

receive, according to some rate adaptation algorithms (i.e. for a given bandwidth) and requests it using 

HTTP GET requests. The MPD delivery, the encoding formats, rate adaptations algorithms and media 

player are not standardized [39]. As shown in Figure 2.14, the following elements are present in an 

MPD: 

 Period: contained in the top-level MPD elements that describe the multimedia content for some 

period of time. These periods are identified by a starting time and duration. In Figure 2.14 the 

multimedia content is divided in periods of 60 seconds. 

 Adaptation set: Each period has several adaptation sets corresponding to media streams like 

audio and video. Each adaptation set contains all the representations available for this period and 

media component. 

 Representations: Representations are a way to describe multiple encoded versions of the same 

content, but with different resolution and bit rates. In many cases, representations target multiple 

screen sizes and available bandwidths. Each representation contains information about one or 

more segments. 
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 Segments info: Each segment contains several temporal segments, which have starting time 

and a URI and are the actual files that the DASH client plays. URI are media location addresses 

on the server. The client requests the segments to the server with an HTTP GET or an HTTP 

GET with byte ranges using the corresponding media address (URI). When bandwidth 

oscillations often occur, such as in wireless networks, short temporal segments are preferable so 

that the client can adapt quickly to the network conditions (and thus obtaining the best 

representations). However, short segment sizes imply a higher number of segments leading to 

more requests to the server and thus higher computational resources. Therefore, larger segments 

are often used to minimize the overhead of the server but also the resources of the client. 

 

Figure 2.14 - Architecture of the MPD manifest [39]: a tree-like structure can be observed. 

 

2.3.2 Non-tiled solutions 

Omnidirectional video is composed by omnidirectional frames, which can typically have resolutions of 

4K and 8K. As expected, these videos will have a huge size and require large bandwidths to be 

streamed and processed with minimal delay, to allow live visualization. Thus, solutions to reduce the 

amount of information to be transmitted are needed. Non-tiled solutions are streaming solutions that 

do not divide the video frames in tiles before encoding and storing. Some non-tiled solutions are 

described next: 

 Conventional mode: In conventional mode [2], omnidirectional video is processed like traditional 

2D video, meaning that, after the acquisition, stitching, mapping into a 2D planar video and 

encoding, a single bit stream is created. This stream is stored at the server side and transmitted 

to the client side, where it is fully decoded and any viewport can be rendered. With this mode, the 

bandwidth required to transmit an omnidirectional video is rather large and some parts of the 

video frames will not even be seen by the client (depending on the head direction) and thus some 

bit rate is wasted. Naturally, in this mode a standard DASH based streaming system could be 

used. 

 Viewport-Adaptive System: The solution of Corbillon et al. [5] is based in Quality Emphasis 

Centers (QECs) and is adaptive to the viewport being generated at the client. A QEC is a viewing 

region in the spherical video, having higher quality than other regions. First, video in the 
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equirectangular format is mapped into a cube map and one face is represented with the highest 

quality in comparison with other faces. Then, several QECs are selected and for each one, 

multiple DASH representations with different bit rates are created. This means that 

representations not only differ in bit rate but also in the QEC selected. The client asks for the 

representation with a QEC closer to its viewport, considering also the available bit rate. Figure 

2.15 illustrates this system where the black circle corresponds to the center of the QEC region, 

the dark grey rectangle is the area with higher quality, the light grey is the area with lower quality 

and the red dotted rectangle is the viewport seen by the client (centered on the red cross). Note 

that it was needed to add information about the QEC in the MPD file. 

 

Figure 2.15 - After capturing a spherical video, the server stores different planar representation with different 

QEC. Then sends to the client the one closer to the asked viewport [5]. 

2.3.3 Tiled solutions 

Since sending full frames as in the conventional mode leads to a waste of bandwidth, it was found 

effective to divide omnidirectional video in tiles, with a process called tilling. Each frame is divided in 

tiles, ex. rectangles, and for each tile, an independent bit stream is produced. Now, instead of 

transmitting only a bit stream with the full frames over time, several bit streams that contain different 

parts of the frame are available. However, the compression efficiency is lower because temporal and 

spatial redundancy between tiles cannot be exploited [40]. Also, the number of files stored in server is 

higher, having a file for each tile and bit rate and culminating in a larger MPD [5]. Note also that a 

viewport can be composed by several tiles. Some solutions are described next: 

 Simple Tile based Partial Decoding (STPD) [2]: The STPD solution aims to use the available 

bandwidth more efficiently in comparison with the conventional mode. One viewport might 

correspond to one or more tiles and only the tiles corresponding to the viewport are transmitted. 

To encode the tiles, temporal inter prediction is used. This solution increases the efficiency of the 

streaming process since some tiles are not transmitted. At each time, only the viewport tiles are 

available at the receiver. When the client moves the head mounted device, the receiver must ask 

for new tiles (if necessary) which cover the new viewport location. However, if the client moves 

faster than the network response for a new viewport, a black (or concealed) region could be 

rendered and the client must wait for the receiver to obtain, decode and render the new viewport. 

Also, this solution forces the server to send different streams to each connected client, since each 

client will request different viewports, requiring a significant amount of complexity at the server 

(which serves many clients). 
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 Scalable coding based Partial Decoding (SLPD) [2]: In SLPD, the omnidirectional video is 

scalable encoded with multiple resolutions. Each resolution corresponds to a different layer. The 

lower resolution layer, called base layer, is always fully sent to the client, to avoid black screens if 

the client moves its head before new content can be downloaded and rendered. This layer can be 

implemented without tiling. Each layer above the base layer is called enhancement layers and is 

coded with motion-constrained tiles. It is used temporal inter prediction inside each layer and 

inter-layer prediction. Note that it is created a single bit stream for each combination of layer and 

tile. In this case, the viewport is rendered with tiles from the highest resolution layer, and as the 

tiles move further from the viewport, the layers used for them have decreasing resolution, 

belonging to lower resolution layers. A second form of SLPD disables the temporal inter 

prediction in the enhancement layers. 

 Simulcast coding based Partial Decoding (SMPD) [2]: SMPD is basically the same method as 

SLPD except it does not use inter layer prediction. A second form of SMPD encodes the base 

layer with motion-constrained tiles. Also, are only sent the tiles of the base layer that do not 

correspond to the current viewport, which is covered by tiles of higher resolution layers. 

 Predictive approach: Alface at al. [41] propose a probabilistic approach for the problem of high 

bandwidth required for omnidirectional video streaming. Here, the encoding of each tile is 

performed in JPEG 2000, which means only considers intra coding, avoiding the complexity of 

the motion estimation and compensation tools of predictive video codecs. In this approach 

omnidirectional frames are correlated to areas with higher or lower viewing probabilities. When a 

client moves its head, several viewport requests are sent to the media provider. By the time the 

new viewports arrive, the client might probably be looking to another viewing direction. For this 

reason, in this work it is computed the probability of a certain tile to be a part of the viewport, 

considering not the current viewport request but a request of a viewport closer to the current but 

with a higher viewing probability. Tiles of the most probable viewport are sent with higher quality.   
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Chapter 3                                                                 
State-of-the-art on Quality Assessment  
 

3.1 Introduction 

After being acquired, a video signal undergoes several transformations (see Figure 3.1) till being 

displayed in the viewer’s screen, and some of these transformations introduce artifacts on the video. 

To assess the artifacts impact of the video quality, several objective metrics have been developed. 

However, these metrics must be adapted to the Human Visual System (HVS), to achieve a good 

match between the predicted quality and the quality perceived by the user.  

This chapter starts with a description of the artifacts typically generated by common video 

processing techniques. Next, both subjective and objective video quality assessment metrics, 

proposed on the literature, are reviewed. The considered objective metrics refer not only to the 

conventional metrics used with 2D video, like PSNR and SSIM, but also to the metrics specifically 

developed for omnidirectional video. A different family of quality prediction metrics, that rely on 

features extracted from the undistorted video, is then described. Finally, the methodologies used to 

evaluate the objective metrics are presented.  

 

Figure 3.1 - In each step of the video delivery chain, quality degradation is introduced [42]. 

 

3.2 Typical Video Artifacts 

This section describes the most typical artefacts [42], that may be encountered in visual media, and 

that result from common video processing (e.g., lossy encoding): 

 Block Effect: Block effect appears in visual media processed by block-based codecs and is 

originated by processing individually each block. This effect creates areas inside the image that 

can be easily distinguished, erasing contours and presenting drastic color transition, as presented 

in Figure 3.2. Some codecs like H.264/AVC and HEVC provide an anti-bock filter. 

 

Figure 3.2 - Blocking effect in an image [42]. 
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 Blur: Blur is characterized by a reduction of the image sharpness, and results from the 

suppression of high frequency coefficients (e.g., due to compression) that leads to the loss of 

spatial detail. The blur effect is shown in Figure 3.3. 

  

Figure 3.3 - Blur effect [42]. 

 Ringing: This effect is characterized by the appearance of spurious oscillations around edges or 

other image areas with a high local contrast. It results from the cut-off of high frequency 

components (e.g., due to compression), and thus edges will be represented as a sum of lower 

frequency signal components, causing small oscillations to be visible around stronger image 

signal transitions (also known as Gibbs phenomenon). This effect is depicted in Figure 3.4. 

 

Figure 3.4 - Being associated to abrupt changes in images, ringing is very common around edges [42]. 

 Tearing: Tearing refers to artifacts created in the stitching process, when features from 

overlapping images are mis-matched. This effect is presented in Figure 3.5. 

 

Figure 3.5 - Two tear artifacts resulting from mis-matched image features [43]. 

 Jerkiness: Jerkiness is a video coding artifact usually caused by the encoder, as a result of 

regularly skipping video frames in order to reduce the amount of information that is transmitted (in 

situations with strong bandwidth limitations). This procedure may result in a more or less “jumpy” 

video sequence whose flow may resemble a sequence of snapshots instead of reproducing a 

natural and continuous scene flow [44]. 

 Artifacts due to transmission losses: When the video data is transmitted over an IP network, 

the transmission delay of IP packets can fluctuate depending on how congested the network is, 

and some IP packets may be lost. This situation will result in more or less visible impairments in 
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the decoded video signal, depending on performance of the error-concealment techniques used 

to recover the lost video information.  

3.3 Subjective Quality Assessment Methodologies 

The subjective quality assessment aims to measure the perceived video quality, by presenting the 

video to a set of users (or subjects), that should score it according to their personal opinion; 

accordingly, it is the most reliable mean of quantifying the video quality. However, subjective tests can 

be expensive in terms of time and logistics and are, as the name indicates, subjective, meaning that 

for two different people the results might be very different. Also, several aspects should be considered, 

as the number of subjects, the variability in their ages (with both genres represented), and the tests 

duration, that should not be too long. This last aspect is very important, because results can be 

influenced by fatigue and tiredness of the subjects. Also, tests must consider external factors like the 

lightning and the comfort of subjects. The main subjective tests requirements, are: 

 Environmental conditions: The light in the room must be controlled, ensuring no reflections on 

the screen and the seats must be comfortable. 

 Audio conditions: For video testing, audio can create distractions and so it should be put aside. 

When audio is included in video testing, it is extremely important to be synchronized with video. 

 Subject conditions: The number of subjects should be 22, at least, with people from both 

genders and different ages. Subjects should not be expert on image and video processing, but 

they need to do a pre-preparation to know what are the test requirements. Also, the duration of 

the tests should not exceed 30 minutes, to avoid fatigue. 

 Content conditions: Diverse visual content should be used in this testing methodology, with 

different qualities. Also, its length should not be too short, because the subjects need some time 

to understand them, nor too long, as the subjects may forget what they have observed. The right 

length of each content should be between 10 and 20 seconds. 

 Result conditions: The test results should be presented in the form of graphics, which is the 

most intuitive form of presentation. The results must contain the number of subjects, the viewing 

conditions, the used contents (or stimulus) and their resulting average quality scores, which are 

typically of two types: mean opinion scores (MOS) and differential mean opinion scores (DMOS). 

The MOS measures the mean score for a video 𝑘 of a stimulus, and is given by (3.1), where 𝑆 is 

the number of evaluations and 𝑥𝑘,𝑠 is the score of each evaluation and for each video.  

𝑀𝑂𝑆𝑘 =
∑ 𝑥𝑘,𝑠

𝑆
𝑠=1

𝑆
 (3.1) 

On its turn, the DMOS measures the mean score of a stimulus, compared to the mean scores 

given for the reference video 𝑘, and is given by (3.2), where 𝑆 is the number of evaluations and 

𝑥𝑘,𝑠 is the score of each evaluation and 𝑥𝑟 is the reference video corresponding to 𝑘. 

𝐷𝑀𝑂𝑆𝑘 =
∑ (𝑥𝑘,𝑠 − 𝑥𝑟,𝑠 + 5𝑆

𝑠=1 )

𝑆
, (3.2) 
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Note that the scorings are subject to a screening procedure to remove outliers. Only after this 

process the MOS and DMOS are computed. 

In subjective testing, different types of scoring scale are possible [42]: 

 Quality Scale: The quality scale is used for a direct evaluation of the quality, going from “Bad” to 

“Excellent”.  

 Impairment scale: The impairment scale is used to evaluate how perceptive an artifact is, going 

from “Very Annoying” to “Imperceptible”.  

 Comparison scale: The comparison scale is used to compare the quality of two stimuli, going 

from “Much better” to “Much worse”. 

 Numerical scale: It is an opinion scale of growing satisfaction going, for example, from “1” to “5”, 

or “0” to “8”. 

During the last years many subjective testing methodologies were proposed, and most of them 

were standardized in [45]. Some of the commonly used are [42]: 

 Double-Stimulus Impairment scale (DSIS): The subject is presented with stimuli organized in 

pairs: the first to be displayed is called the reference stimulus while the second is called the test 

or impaired stimulus. Subjects evaluate the level of impairment of the impaired stimulus 

comparing with the reference one. Figure 3.6 depicts the DSIS system. 

 

Figure 3.6 - DSIS system [42]. 

 Double-Stimulus Continuous Quality-Scale (DSCQS): In the DSCQS method, the reference 

and test stimuli are shown twice to the observer; the displaying order of each stimulus is 

randomized (the reference and test presentations are blind to the subject); the subject is then 

asked to evaluate both stimuli. After the assessment session, the pairs of quality scores 

(reference and test) are converted to normalized scores in the range 0 to 100; the differences 

between the normalized scores of the reference and of the test stimuli are then computed. Figure 

3.7 depicts the DSCQS system. 

 

Figure 3.7 - DSCQS system [42]. 

 Single-Stimulus (SS): Using the quality scale, subjects rate an impaired stimulus without a 

reference and each stimulus is only presented once; it is also referred to as Absolute Category 

Rating (ACR). If the original unimpaired stimulus is shown in addition to the impaired stimulus, 

without informing the subjects of its presence (hence, "hidden"), the method is referred as 

Absolute Category Rating (ACR) with Hidden Reference (ACR-HR); in this case, ratings are 
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calculated as differential scores between the reference and the impaired versions which, when 

averaged, result in DMOS scores. Figure 3.8 depicts the SS system. 

 

Figure 3.8 - SS system [42]. 

 Stimulus-Comparison (SC): In SC, pairs of impaired stimuli are presented at the same time, 

and subjects evaluates each pair using a comparison scale. 

Except for SC, all the aforementioned methodologies can be used for subjective assessment of 

omnidirectional video. However, and as suggested in [46], subjects should be sited while doing tests 

with HMD, to prevent dizziness, and in swivel chairs, to allow an higher freedom of motion, resulting in 

the visualization of more parts of the omnidirectional sphere. 

 

3.4 Objective Quality Assessment Metrics 

Objective quality assessment metrics are based in mathematical approaches, and can be applied in 

real time and at any point of a communication system, provided that the required computational 

resources are available. They are typically classified in three types [42]: 

 Full-reference: Full-reference metrics evaluate the quality of an impaired stimulus by comparing 

it with the reference stimulus. 

 Reduced-reference: Reduced-reference metrics use some characteristics of the reference 

stimuli to evaluate the quality of the impaired one. 

 No-reference: No-reference metrics evaluate the quality of an impaired stimulus without any 

knowledge about the reference one. 

In this dissertation only full-reference metrics are considered. 

3.4.1 Full-reference quality metrics for 2D Video 

The first quality metrics developed for 2D video were based on a comparison between the pixel values 

of the reference and impaired video sequences. Examples of these metrics are the mean squared 

error (MSE) and the PSNR, which are detailed below: 

 Mean Squared Error (MSE): MSE measures the mean of the squared differences between 

pixels of a reference and of the corresponding impaired frames; the resulting MSE values per 

frame can then be averaged along all the video frames, to get a single value for the video 

sequence. Formally, the MSE is described by (3.3), where 𝑋 refers to the impaired frame, 𝑌 refers 

to the original frame, (𝑖, 𝑗) refers to a pixel position, and 𝐻 and 𝑊 refer to the frame height and 

width in pixels, respectively. 
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𝑀𝑆𝐸 =
1

𝑊𝐻
∑ (𝑋𝑖𝑗 − 𝑌𝑖𝑗)2

𝑊,𝐻

𝑖=1,𝑗=1

 (3.3) 

 Peak Signal-to-Noise Ratio (PSNR): PSNR is formally described by (3.4), where 𝑀𝑎𝑥 is the 

peak value of the signal (usually 255). Though PSNR is widely used, due to its simplicity, the 

resulting values are often not well correlated with the perceived quality. 

𝑃𝑆𝑁𝑅 = 10 log10

𝑀𝑎𝑥2

𝑀𝑆𝐸
 (3.4) 

However, MSE and PSNR are not adapted to the HVS, indicating that these metrics might not be 

able to successfully match its results with the ones given by HVS. To improve this match, some 

metrics for 2D image and video assessment were developed. The next five metrics are full-referenced 

metrics design with this purpose:  

 Structural Similarity Index (SSIM) [47]: This index measures the perceptual similarity between 

two images; it is based on three comparison measurements between the samples of 𝑋 and 𝑌: 

luminance, 𝑙(𝑋𝑖𝑗 , 𝑌𝑖𝑗), contrast, 𝑐(𝑋𝑖𝑗 , 𝑌𝑖𝑗) and structure, 𝑠(𝑋𝑖𝑗 , 𝑌𝑖𝑗). These functions are computed 

according to (3.5) till (3.7) where 𝑢𝑋 and 𝑢𝑌 refer to the mean, 𝜎𝑋 and 𝜎𝑌 to the standard deviation 

and 𝜎𝑋𝑌 to the cross correlation, of pixel values inside a window of 𝑁 × 𝑁 pixels, centered in (𝑖, 𝑗), 

and 𝐶1, 𝐶2, 𝐶3 are small stabilizing constants. SSIM is then obtained by a weighted combination 

of those comparative measures, according to (3.8), where 𝛼, 𝛽 and 𝛾 define the relative 

importance of each component. To obtain a single SSIM value per frame (or per video), the SSIM 

values per pixel (or per frame) are then averaged [48]. 

𝑙(𝑋, 𝑌) =
2𝑢𝑋𝑢𝑌 + 𝐶1

𝑢𝑋
2 + 𝑢𝑌

2 + 𝐶1

 (3.5) 

𝑐(𝑋, 𝑌) =
2𝜎𝑋𝜎𝑌 + 𝐶2

𝜎𝑋
2 + 𝜎𝑌

2 + 𝐶2

 (3.6) 

𝑠(𝑋, 𝑌) =
𝜎𝑋𝑌 + 𝐶3

𝜎𝑋𝜎𝑌 + 𝐶3

 (3.7) 

𝑆𝑆𝐼𝑀(𝑋, 𝑌) = [𝑙(𝑋, 𝑌)]𝛼 ∙ [𝑐(𝑋; 𝑌)]𝛽 ∙ [𝑠(𝑋, 𝑌)]𝛾 (3.8) 

 Multi-Scale Structural Similarity Index (MS-SSIM) [48]: MS-SSIM is an extension of the SSIM. 

It improves the SSIM by incorporating image details in several spatial resolutions. First, the image 

is decomposed in 𝑘 spatial resolutions, or scales, indexed by 𝑧 in (3.9). Then, the luminance is 

compared at the highest scale only, while contrast and structure are compared in all spatial 

resolutions. As for the SSIM, to obtain a single MS-SSIM value per frame (or per video), the MS-

SSIM values per pixel (or per frame) are then averaged. 

𝑀𝑆 − 𝑆𝑆𝐼𝑀(𝑋, 𝑌) = [𝑙𝑘(𝑋, 𝑌)]𝛼𝑀 ∙ ∏[𝑐𝑧(𝑋, 𝑌)]𝛽𝑧

𝑘

𝑧=1

 [𝑠𝑧(𝑋, 𝑌)]𝛾𝑧 (3.9) 
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According to the results of [48], MS-SSIM has a higher correlation with subjective scores than 

PSNR and even SSIM.  

 Video Multi-Method Assessment Fusion (VMAF) [49]: VMAF, developed by Netflix, uses 

machine learning techniques, by which a large sample of MOS scores were used as ground truth 

to train a quality estimation model. This metric is focused on two types of degradation: artifacts 

generated by video compression and artifacts generated by the change of spatial resolution. 

VMAF estimates the perceived quality score by computing scores using three quality assessment 

algorithms - Anti-noise SNR (AN-SNR), Visual Information Fidelity (VIF), Detail Loss Metric (DLM) 

- together with a temporal signal (average frame difference), and fusing them using a support 

vector machine (SVM) [50].  

 Video Quality Metric (VQM): VQM combines several metrics for each artifact type. The score of 

VQM goes from 0 (best) to 1 (worst). It is, according to [36], an objective video quality 

assessment metric that makes a very good match with the HVS. 

 Motion-tuned Video Integrity Evaluation index (MOVIE) [51]: MOVIE uses neuroscience-

based models of the HVS, considering all the path from the image acquisition, by the eyes, till the 

brain processing of the visual signals. MOVIE makes quality assessment in spatial and temporal 

domains, using a Gabor filter bank to decompose the space-time frequency of both reference and 

impaired video sequences. Because of this, MOVIE performs better than traditional MSE 

methods and even better than VQM. 

3.4.2 Full-reference quality metrics for omnidirectional video 

As seen in Chapter 2, the differences between conventional 2D video and omnidirectional video are 

vast and so dedicated metrics for objective quality assessment applied for spherical surfaces were 

created. Most of them are simple adaptations of the full-reference PSNR metric, weighting the pixel 

error by the corresponding pixel area on the spherical surface, or by measuring the pixel error at a 

discretely sampled set of points on the sphere. Also, the study published in [46] reveals that not all the 

sphere locations are equally observed by the users. Figure 3.9 presents a heat map with the locations 

of the sphere accessed by users, parameterized by the latitude and longitude on the sphere, showing 

that the users observations are mostly concentrated in the main viewport (the one centered at the (0,0) 

latitude and longitude coordinates), with some side moving to left or right; the top and bottom of 

sphere are almost never observed. This fact is also exploited by some recently proposed metrics for 

omnidirectional videos. 
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Figure 3.9 - Heat map with pixels’ access frequency according to the head motion trajectories [46]. 

In the following, some of the metrics developed for omnidirectional video are described: 

 Viewport PSNR (VPSNR) [46]: In VPSNR, only the image samples belonging to a viewport are 

subject of a traditional PSNR evaluation, that is applied between corresponding viewports of the 

reference and impaired videos. 

 Spherical PSNR (SPSNR) [46]: In SPSNR, for each image sample on the spherical video, the 

correspondent image samples on the reference and impaired planar projections are firstly 

obtained; then, the PSNR is applied between them. Figure 3.10 presents graphically the SPSNR 

procedure. One of the SPSNR disadvantages, is the fact that a sample on the sphere might not 

correspond to an integer position on the planar projections, requiring the use of some 

interpolation procedure, which conditions the metric result [52]. 

 

Figure 3.10 - SPSNR procedure: starting in s, the quality degradation is measured between the reference sample 

r and the impaired sample t [52].  

 Weighted to Spherically uniform PSNR (WS_PSNR) [46]: WS_PSNR weighs the pixel error 

computed between pixels on the reference and impaired 2D images, by the corresponding pixel 

area on the spherical surface; it is formally described by (3.10) and (3.11), where 𝑋 and 𝑌 refers 

to the luminance of the reference and impaired images, respectively, and 𝑊𝑖𝑗 is the weighting 

factor for pixel (𝑖, 𝑗). As an example, for the equirectangular projection, 𝑊𝑖𝑗 is given by (3.12), 

where 𝑤𝑖𝑗 is given by (2.1). 

𝑊𝑀𝑆𝐸 = ∑ (𝑋 𝑖𝑗 − 𝑌𝑖𝑗)2 × 𝑊𝑖𝑗

𝑊,𝐻

𝑗=1,𝑖=1

 (3.10) 
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𝑊𝑆_𝑃𝑆𝑁𝑅 = 10 𝑙𝑜𝑔 (
𝑀𝐴𝑋2

𝑊𝑀𝑆𝐸
)    (3.11) 

𝑊𝑖𝑗 =
𝑤𝑖𝑗

∑ 𝑤𝑖𝑗
𝑊,𝐻
𝑗=1,𝑖=1

 (3.12) 

WS-PSNR does not need interpolations, because it is computed on the 2D planar images, 

which have the same size; this is the main advantage of WS-PSNR relatively to SPSNR [53] 

[52]. 

The previous methods do not consider that some parts of the sphere are more frequently 

observed than others, as shown by Figure 3.9. Accordingly, some methods were created that also 

consider the expected observation frequency: 

 Latitude SPSNR (L_SPSNR) [46]: L_SPSNR weights the sphere points per their corresponding 

latitude access frequency, thus giving more weight to pixels belonging to the front central areas of 

the image, and less importance to the areas near the poles and in the back, almost never 

accessed. 

 

3.5 Quality Prediction Based on Video Features 

Though full-references objective metrics can have a good correlation with the perceived quality, these 

metrics rely on a comparison between an original and an impaired video. This fact leads to the need of 

creating the impaired sequences before knowing its quality level. Besides this, none of the 

aforementioned omnidirectional objective metrics assess the quality impact with frame rate variations. 

To address these issues, some metrics have been developed for 2D videos, aiming to predict the 

video quality (resulting from known distortions, as compression or temporal sub-sampling) based only 

on some intrinsic characteristics of the original video, as its spatial and temporal activities. As an 

example of this, in [54] several video sequences are generated from a set of 2D CIF videos, with 

temporal resolution from 30 to 3.75 fps. Based on subjective tests, it was concluded that the frame 

rate impact on the perceived quality can be considered independent of the quantization impact, inside 

a certain range of the quantization step values. The reduction on quality due to frame rate is then 

modeled by a Temporal Correction Factor (TCF), formally described by (3.13) 

𝑇𝐶𝐹(𝑓) =
1 − 𝑒−𝑏(𝑓/𝑓𝑚𝑎𝑥)

1 − 𝑒−𝑏
 (3.13) 

where 𝑓 is the video frame rate. The model parameter, 𝑏, is predicted by a linear combination of 

uncompressed video features, such as frame difference, motion vectors magnitude, displaced frame 

differences, motion activity intensities, motion vectors directions, using a general linear model, found 

with a bidirectional stepwise regression. The final quality prediction model results from the 

multiplication of  𝑇𝐶𝐹(𝑓) with a PSNR based model that predicts the quantization impact on subjective 

quality. 
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3.6 Performance Metrics 

Several methodologies can be used to compare the quality scores predicted from objective quality 

metrics with the subjective scores resulting from subjective tests. In this work, to access the quality of 

the objective metrics, the following three metrics were used [55]: 

 Pearson’s Linear Correlation Coefficient (PLCC): Consider two independent variables, 𝑋 and 

𝑌; the PLCC (3.14), measures the linear correlation between 𝑋 and 𝑌. PLCC takes values in the 

interval [−1, 1], where values closer to 1 (or -1) mean higher correlation. 

𝑃𝐿𝐶𝐶 =
∑ (𝑋𝑖 − �̅�)(𝑌𝑖 − �̅�)𝑁

𝑖=1

√∑ (𝑋𝑖 − �̅�)2𝑁
𝑖=1 √∑ (𝑌𝑖 − �̅�)2𝑁

𝑖=1

 
(3.14) 

 In (3.14), 𝑁 is the number of samples, and �̅� and �̅� are the mean values of 𝑋 and 𝑌, 

respectively. 

 Spearman’s Rank Correlation Coefficient (SRCC): SRCC measures the monotonic relation 

between two variables 𝑋 and 𝑌. It is computed as: 

𝑆𝑅𝐶𝐶 = 1 −
6 ∑ 𝑑𝑖

2𝑁
𝑖=1

𝑁(𝑁2 − 1)
 (3.15) 

where 𝑑𝑖 is the difference between the rank of the samples in their vector after being sorted: 

𝑑𝑖 = 𝑟𝑎𝑛𝑘(𝑋𝑖) − 𝑟𝑎𝑛𝑘(𝑌𝑖) (3.16) 

 Root Mean Square Error (RMSE): The RMSE measures the standard deviation of the 

differences between 𝑋 and 𝑌, and is formally described by: 

𝑅𝑀𝑆𝐸 = √
∑ (𝑋𝑖 − 𝑌𝑖)

2𝑁
𝑖=1

𝑁
 (3.17) 
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Chapter 4                                                       

Subjective Quality Assessment of 

Omnidirectional Video 

 

4.1 Introduction 

This chapter describes the procedures followed on the subjective assessment of omnidirectional 

videos, and presents and analyses the subjective assessment results. The main objective is to 

evaluate the impact, on the perceived video quality, of three main sources of distortion namely, spatial 

subsampling, temporal subsampling, HEVC compression, and their combined effects. The produced 

quality scores are used, in the next chapters, as the ground truth to derive and assess the proposed 

objective quality metrics for omnidirectional videos.  

Section 4.2 introduces the subjective assessment framework, i.e., the conditions under which the 

subjective tests were carried out. section 4.3 presents the subjective assessment procedures. Section 

4.4 describes how the results from the test sessions are processed, to produce mean opinion scores 

(MOS) values for each test video. Section 4.5 characterizes the available video set according to the 

temporal and spatial activity of the videos content. Sections 4.6 to 4.9, details the test conditions and 

result for each considered distortion type and their combined effects. 

 

4.2 Subjective Assessment Framework 

Figure 4.1 presents, schematically, the subjective assessment framework architecture. Each branch of 

the architecture corresponds to the assessment of one video distortion type - spatial down sampling, 

temporal down sampling, HEVC compression - or to their combined effects. There, the yellow boxes 

refer to the process of introducing a certain type of distortion into the video sequences and the blue 

boxes refer to subjective test groups of video sequences to which a certain distortion type was applied. 

To evaluate the temporal down sampling effect, the video spatial resolution is kept at its original 

value. To evaluate the effect of compression, both spatial and temporal resolutions are kept at their 

original values. In the case of the spatial and temporal down sampling tests, and in order to allow to 

show the videos at their correct temporal frequency, the video is also HEVC losslessly compressed.  
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Figure 4.1 - Subjective Assessment Framework Architecture. 

 

4.3 Subjective Tests Procedures 

The subjective evaluation of omnidirectional videos with HMD devices does not allow the use of 

double stimulus assessment methods, since it is not possible to display two stimuli in simultaneous in 

the screen; therefore, only single stimulus methods are allowed. Moreover, the use of HMD devices 

has another important disadvantage: the tiredness and queasiness caused by long time viewings. 

These effects, which causes are still not clearly identified and understood, can be frequent, depending 

on the subject and on the video content characteristics; it often happens when a static subject (usually 

seated on a chair or standing up) is, "virtually" on motion, because the video that he is watching was 

acquired with a moving camera. In this case, the mental perception of motion, created by the 

omnidirectional video, is not corresponded by the motion of his body, resulting in dizziness and 

tiredness. Therefore, the subjective tests should have short duration.  

Two test sessions were made. The first session included two stages: the quality assessment of 

the spatial resolution and the quality assessment of the temporal resolution impact on quality. The 

second session included also two stages: the quality assessment of the compression impact and the 

quality assessment of the combined effects impact on quality. 

Thus, single stimulus assessment methodologies were selected, namely, the Absolute Category 

Rating with Hidden Reference (ACR-HR) in the first three subjective test groups and the Absolute 

Category Rating (ACR) in the fourth test. In ACR-HR the reference stimuli are also assessed, but the 

subject does not know which test video it is, while in ACR the reference stimuli are not assessed. Both 

methodologies are standard procedures defined in [56]. In the three first stages, subjects were 

presented the reference video sequences. These correspond to the video sequences that present the 

minimal distortion of a certain type. In the fourth stage, however, the reference sequences were not 

presented.  
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In both ACR-HR and ACR the quality scale used by the subjects varies between 1 (Bad) and 5 

(Excellent). With ACR-HR, it is possible to express the subjective evaluation in both mean opinion 

score (MOS) and differential mean opinion score (DMOS) scales, where MOS measures the absolute 

perceived quality for a certain video sequence, while DMOS measures the quality relative to the 

reference video; with ACR only MOS values can be obtained. 

The HMD used was Oculus Rift [57], running under the Oculus Software, with the GoPro VR 

Player 2.3 application as VR media player. This application was chosen since it is easy to use with the 

Oculus Rift. The graphic card used, GEFORCE GTX 1060 3 GB, can display videos with up to 

7680×4320@60 of resolution. For this reason, the maximum spatial resolution considered in the tests 

was 7680×3840; videos with a higher original resolution were down sampled to 7680×3840 and this 

resolution was considered their maximum spatial resolution. A swivel chair, that allows subjects to 

freely move and explore the entire omnidirectional view while sitting, was used. 

 At the beginning of each test, and without using the HMD, the subjects were introduced to the 

objectives of the test session; then, with the HMD already put on (see Figure 4.2 a)), a brief training 

session took place, so that the subjects could be familiarized with the evaluation interface and with the 

distortions types and their extreme cases. 

During the test session, each test video was displayed for 10 seconds; after that, a still image (see 

Figure 4.2 b)) with the evaluation scale (1 to 5) was also displayed during 10 seconds, where the 

subject should inform the score of the previous video sequence. The score was then register by the 

test host. Each session included a repeated video sequence, to evaluate the subject’s consistency. In 

each test, the generated video sequences were shown in a random order, which was the same for all 

subjects. 

People with glasses kept them during assessment sessions inside the HMD. 

 

 

a) b) 

Figure 4.2 - a) a subject during a subjective session, b) the scoring image presented after each test video 

sequence. 

As aforementioned, two subjective assessment sessions have been conducted; the number of 

participants in the first and in the second sessions was, respectively, 20 and 17. Each session lasted 

around 25 minutes. Subjects were from both genders, however mostly male subjects, with ages 

between 22 and 55 years old, and included experts and non-experts in the image processing research 

field. Between the two test stages, subjects had to take off the HMD for one or two minutes to rest the 

eyesight and avoid dizziness.  
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4.4 Statistical analysis and validation 

The results obtained in each test were validated by applying the procedure recommended in [45]. This 

procedure starts with the computation of an initial Mean Opinion Score (MOSinitial), which is the 

average of all subjects’ evaluations for each presented video sequence. The MOS initial (�̅�𝑘) resulting for 

the test video sequence 𝑘, with 𝑘 ∈ {1, … , 𝐾}, is computed as:  

�̅�𝑘 =
∑ 𝑥𝑘,𝑠

𝑆
𝑠=1

𝑆
, (4.1) 

where 𝑠 ∈ {1, … , 𝑆} is the subject index. 

After computing the MOSinitial, and to verify if the evaluations received by each video have a 

normal distribution, the kurtosis coefficient is computed: 

𝛽2,𝑘 =
𝑚4,𝑘

(𝑚2,𝑘)
2 (4.2) 

where, 

𝑚𝑧,𝑘 =
∑ (𝑥𝑘,𝑠 − �̅�𝑘)𝑧𝐾

𝑘=1

𝐾
 (4.3) 

If the 𝛽2,𝑘 value falls inside the interval [2,4], the evaluations distribution can be considered as normal. 

 Then, counters 𝑃𝑠 and 𝑄𝑠 are obtained which, when combined, can be used to assess whether a 

certain subject is or is not consistent; their computation depends on whether the evaluation distribution 

is normal or not: 

 for the normal case, i.e. 𝛽2,𝑘 ∈ [2,4]: 

 𝑖𝑓   𝑥𝑘,𝑠 ≥ �̅�𝑘 + 2𝛿𝑘    𝑡ℎ𝑒𝑛    𝑃𝑠 = 𝑃𝑠 + 1 (4.4) 

𝑖𝑓  𝑥𝑘,𝑛 ≤ �̅�𝑘 − 2𝛿𝑘    𝑡ℎ𝑒𝑛    𝑄𝑠 = 𝑄𝑠 + 1 (4.5) 

 for the other cases, i.e. 𝛽2,𝑘  ∉ [2,4]: 

𝑖𝑓  𝑥𝑘,𝑠 ≥  �̅�𝑘 + √20𝛿𝑘   𝑡ℎ𝑒𝑛   𝑃𝑠 = 𝑃𝑠 + 1 (4.6) 

𝑖𝑓  𝑥𝑘,𝑠 ≤ �̅�𝑘 − √20𝛿𝑘   𝑡ℎ𝑒𝑛   𝑄𝑠 = 𝑄𝑠 + 1 (4.7) 

Finally, if 
𝑃𝑠+𝑄𝑠

𝐾
> 0.05  and |

𝑃𝑠−𝑄𝑠

𝑃𝑠+𝑄𝑠
| < 0.3 the subject 𝑠 is considered an outlier and should be 

rejected. 

Subjects consistency was also tested by repeating one sequence in each test. Subjects with a 

difference score higher than 2 in the same sequences were also considered outliers and removed 

from the final MOS. This repeated test sequence was not included in the MOS computation. 

After outlier’s detection and removal, the final MOS is then obtained by (4.1) (note that, from now 

on, 𝑆 is the number of consistent subjects). Confidence intervals are then computed to measure the 
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reliability of the final MOS. In [45] the use of a 95% confidence interval is recommended, which is 

translated into the interval presented on (4.8): 

𝐼𝐶𝑘(95%) = [�̅�𝑘 − 𝛿𝑘, �̅�𝑘 + 𝛿𝑘] (4.8) 

with, 

𝛿𝑘 = 1.96
𝜎𝑘

√𝑆
 ,   𝜎𝑘 = √∑ (�̅�𝑘 − 𝑥𝑘,𝑠)

2𝑆
𝑠=1

𝑆 − 1
 (4.9) 

After outliers’ removal, the Differential Mean Opinion Score (DMOS) values can also be computed. 

For video sequence 𝑘, its DMOS score (𝐷𝑀𝑂𝑆𝑘) is computed as: 

𝐷𝑀𝑂𝑆𝑘 =
∑ (𝑥𝑘,𝑠 − 𝑥𝑟,𝑠 + 5𝑆

𝑠=1 )

𝑆
, (4.10) 

were 𝑟 is the reference video corresponding to 𝑘. 

 

4.5 Characterization of the Omnidirectional Video Test Set 

The video test set was chosen from a group of 10 YUV videos from the JVET dataset [58]; these 

videos are in the 4:2:0 format and have a length of 10 seconds each; Table 4.1 summarizes their main 

characteristics. A sub-set was selected based on the videos spatial and temporal activities, whose 

computation is described in the following two sections. 

Table 4.1 - Video test database characteristics. 

Sequence Width [px] Height [px] #Frames Frame Rate [fps] Observations 

AerialCity 3840 1920 301 30 Lot of image detail/texture 

DrivingInCity 3840 1920 301 30 Lot of motion 

DrivingInCountry 3840 1920 301 30 Lot of motion 

PoleVault 3840 1920 300 30 Lot of image detail/texture 

Harbor 8192 4096 300 30 Low motion 

KiteFlite 8192 4096 300 30 Lot of image detail/texture 

SkateboardInLot 8192 4096 300 30 Moving camera / Lot of motion 

ChairliftRide 8192 4096 300 30 Low motion 

SkateboardTrick 8192 4096 520 60 Low motion 

Train 8192 4096 600 60 Lof of motion (right side) 

 

4.5.1 Spatial Perceptual Information Analysis 

According to [45] the Spatial perceptual Information (SI) of a video sequence is related to the amount 

of spatial detail in the video content, which can be computed through the following steps: 

1. Apply the horizontal and vertical Sobel filters defined in (4.11) to the luminance component of 

each video frame, 𝐹𝑛, resulting in the horizontal and vertical frame gradient, 𝐹𝑛
𝑥 and 𝐹𝑛

𝑦
, 

respectively. 

𝑆𝑣 = [
−1 0 1
−2 0 2
−1 0 1

] , 𝑆𝑣 = [
1 2 1
0 0 0

−1 −2 −1
] 

(4.11) 
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2. For each video frame, compute its gradient magnitude according to (4.12), where (𝑖, 𝑗) represents 

a pixel position: 

|𝛻𝐹𝑛(𝑖, 𝑗)| = √(𝐹𝑛
𝑥 (𝑖, 𝑗))2+(𝐹𝑛

𝑦
 (𝑖, 𝑗))2 (4.12) 

3. Apply the scaling factors used in WS_PSNR, and given by (2.1) to |𝛻𝐹𝑛(𝑖, 𝑗)|, to give more 

importance to spatial details in the equatorial part of the omnidirectional video, and less as it 

approaches the poles (see Figure 4.3 e)), resulting in a weighted gradient magnitude |𝛻𝐹𝑛
𝑤| 

(4.13).  

|𝛻𝐹𝑛
𝑤(𝑖, 𝑗)| = 𝑤(𝑖) × |𝛻𝐹𝑛(𝑖, 𝑗)| (4.13) 

4. Compute SI as the eighty percentile (instead of the maximum proposed in [59], to avoid abrupt 

scene transitions effects) of the weighted gradient magnitude standard deviation, considering all 

frames. 

𝑆𝐼 = 𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑖𝑙80% (𝑠𝑡𝑑𝑠𝑝𝑎𝑐𝑒( |𝛻𝐹𝑛
𝑤|)) , 𝑛 = [1, … , 𝑁] (4.14) 

 

 
a) Frame #1 

 

 
b) Horizontal gradient 

 

 
c) Vertical gradient 

 

  
d) Gradient magnitude 

 
e) Weighted gradient magnitude 

 
Figure 4.3 - The Sobel filter is applied to a frame at the luminance component. (a) generating two frames, one 
with horizontal gradient (b) and another with vertical gradient (c). The combination of the two gradient frames 
generates a frame with gradients magnitude (d) which is then weighted with the scaling factors of the ERP 
projection used in WS_PSNR according to pixel latitudes, generating a weighted gradient magnitude frame (e). 
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4.5.2 Temporal Perceptual Information Analysis 

According to [45] the Temporal perceptual Information (TI) of a video sequence is related to the 

differences between consecutive frames, which can be computed through the following steps: 

1. In the luminance component, compute the absolute difference between each pair of consecutive 

frames, pixel by pixel, originating a frame difference 𝐷𝑛, given by (4.15). 

𝐷𝑛(𝑖, 𝑗) = |𝐹𝑛(𝑖, 𝑗) − 𝐹𝑛−1(𝑖, 𝑗)| (4.15) 

2.  Apply the scaling factor (2.1) used in WS_PSNR, to 𝐷𝑛, to give more importance to temporal 

differences in the equatorial part of the omnidirectional video, and less in the regions near the 

poles, resulting in a weighted absolute differences frame, 𝐷𝑛
𝑤. 

𝐷𝑛
𝑤(𝑖, 𝑗) = 𝑤(𝑖) × 𝐷𝑛(𝑖, 𝑗) (4.16) 

3. Compute TI as the eighty percentile (instead of the maximum proposed in [ITU-T P.910] to avoid 

abrupt scene transitions effects) of the weighted absolute differences standard deviation, 

considering all frames:  

𝑇𝐼 = 𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑖𝑙80% (𝑠𝑡𝑑𝑠𝑝𝑎𝑐𝑒(𝐷𝑛
𝑤)) ,      𝑛 = [2, … , 𝑁] (4.17) 

Figure 4.4 depicts the output of the TI computation steps. To make the differences more evident, 

instead of comparing two successive frames, were selected the first and last frame from the AerialCity 

video sequence. 

 
a) Frame #1 

 

 
b) Frame #301 

 

 
c) Absolute frame difference 

 

 
d) Weighted absolute frame difference 

Figure 4.4 - Subtracting frame #301 (b) by frame #1 (a) generates the absolute frame difference presented in (c). 
The frame difference is then weighted, generating a weighted absolute frame difference (d). 
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4.5.3 Results of the Temporal and Spatial Perceptual Information Analysis 

After computing the SI and TI values for each video, these values were normalized relatively to the 

maximum SI and TI values in the video set, resulting in NSI and NTI, respectively. Table 4.2 presents 

the resulting SI, TI, NSI and NTI for each video in the set.  

Table 4.2 - Videos and corresponding SI, TI, NSI and NTI values. 

Sequence Label SI TI NSI NTI 

AerialCity a 39.89 3.71 0.71 0.27 

DrivingInCity b 45.24 9.56 0.81 0.69 

DrivingInCountry c 46.07 11.72 0.82 0.84 

PoleVault d 55.99 3.64 1.00 0.26 

Harbor e 27.74 1.95 0.50 0.14 

KiteFlite f 36.06 4.19 0.64 0.30 

SkateboardInLot g 25.42 13.88 0.45 1.00 

ChairliftRide h 22.51 7.16 0.40 0.52 

SkateboardTrick i 19.51 3.80 0.35 0.27 

Train j 20.90 9.27 0.37 0.67 

 
Figure 4.5 depicts the resulting (NSI, NTI) pairs for the complete video set. The sequences to be 

used during the subjective tests were selected according to the following rational: the videos labelled 

as e, f, g, h, i, j were first chosen because they populate very well the NTI range of values and have 

the highest spatial resolution; next, the video labelled as d was also included, since it is the one with 

the highest spatial information, populating in this way the NSI range of values. 

 

Figure 4.5 - Map of NSI vs NTI for each video, using the labels presented on Table 5.2. 

 

4.6 Assessment of the Spatial Resolution Impact on Quality 

The subjective assessment of the spatial and temporal resolutions impact on quality was done in the 

first subjective quality assessment session. To decide which spatial resolutions should be used in the 

subjective test, several spatial resolutions were evaluated using objective assessment metrics. This 

was a priori analysis is aimed at evaluating several spatial resolutions with objective metrics to verify 

the objective loss of quality due to spatial resolution changes. The results of this assessment are 

presented on section 5.2.2. Each video was iteratively down sampled, with a sampling factor of 2 in 
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each iteration (in width and height), starting from its maximum resolution till 960×480; the Lanczos 

Filter included in the FFMPEG software was used. As mentioned in section 4.3, since the available 

graphic card had a resolution of 7680×3840, videos with higher resolution were firstly down sampled 

to this resolution. 

The results obtained with the objective quality assessment metrics, presented in Figure 5.2 for the 

different spatial resolutions, show that independently of the objective metric used, there are three 

clusters of perceived quality, each one associated to a group of spatial resolutions, namely: 960×480 

plus 1024×512, 1920×960 plus 2048×1024, and 3840×1920 plus 4096×2048. Since the maximum 

presentable spatial resolution was 7680×3840, the chosen resolutions were the ones related with it by 

a factor multiple of 2, and are presented on Table 4.3. The sequence Harbor with a spatial resolution 

of 3840×1920 was used twice to verify the subjects’ consistency. 

Table 4.3 - Chosen spatial resolutions. 

Sequence Spatial Resolution 

PoleVault 960×480, 1920×960, 3840×1920 

Harbor 

960×480, 1920×960, 3840×1920, 7680×3840 

KiteFlite 

SkateboardInLot 

ChairliftRide 

SkateboardTrick 

Train 

 

All test sequences were encoded losslessly using the HEVC standard using the FFMPEG encoder 

[60]. The videos temporal resolution was kept at a fixed value of 30 fps. For the sequences with 60 fps 

this was achieved by skipping 1 in every two frames in the YUV components.  

During the training session, five sequences obtained by down sampling the ChairliftRide full 

resolution sequence, each one with a different spatial resolution (namely, 960×480, 1920×960, 

2048×1024, 3840×1920 and 7680×3840) were used. This stage lasted for 10:40 minutes, with a total 

of 33 sequences, including training, testing sequences and the repeated sequence.  

The final MOS and DMOS values are presented in Figure 4.7. The DMOS curves only goes up to 

3840×1920 since the resolutions of 7680×3840 are referred to the original sequences. The 

confidence intervals are presented in Figure 4.6, which show a good reliability of the MOS obtained in 

the subjective tests, since the error bars are very small. 

 

Figure 4.6 - Spatial Resolution Final MOS Confidence Interval at 95%. 
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a) MOS 

 
b) DMOS 

 
Figure 4.7 - Final MOS (a) and DMOS (b) versus Spatial Resolution. 

Both MOS and DMOS values increase with the videos spatial resolution, as expected. However, it 

is possible to observe a stagnation of the MOS results starting on 3840×1920, which may result from 

a possible limitation of the Oculus Rift technology to present spatial resolutions higher than 4K. 

Another possible explanation for this stagnation might be due to the limitation of the HVS to distinguish 

details when the resolution is very high. In this case, even if the resolutions increases, the HVS cannot 

see a big or considerable difference. 

 

4.7 Assessment of the Frame Rate Impact on Quality 

For the subjective assessment of the frame rate impact on quality, the following temporal resolutions 

were considered: 7.5, 10, 15, 30 and 60 fps. The 60 fps were chosen because it is the maximum 

temporal resolution in the available videos, providing a smooth sensation of movement; the 30 fps is 

the usual (or close to) frame rate in classic 2D video; the lowest resolutions aim to verify if low 

temporal resolutions are acceptable (or not) for omnidirectional video. The frame rate down sampling 

was done by skipping frames in the YUV components. Table 4.4 shows the considered temporal 

resolutions per test video. The sequence Harbor at 15 fps was used twice, to verify subjects’ 

consistency. In all cases, the spatial resolution was kept at 3840×1920, so that all test videos could be 

used. 

As in the spatial resolution subjective test, all test videos were encoded losslessly using the HEVC 

standard using the FFMPEG encoder [60]. 
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Table 4.4 - Chosen temporal resolutions. 

Sequence Temporal Resolution [𝐟𝐩𝐬] 

PoleVault 

7.5, 10, 15, 30 

Harbor 

KiteFlite 

SkateboardInLot 

ChairliftRide 

SkateboardTrick 
7.5, 10, 15, 30, 60 

Train 

 

In the training section, five sequences obtained from the full resolution Train sequence were used, 

each with one of the considered temporal resolutions. The test session had a duration of 12 minutes, 

with a total of 36 assessed video sequences, including test and training sequences as well as the 

repeated sequence. The final MOS and DMOS are presented in Figure 4.8. The DMOS curves only 

goes up to 30 fps since the 60 fps are referred to the original sequences. The MOS confidence 

intervals are presented in Figure 4.9, showing that the subjective tests are reliable. 

 
a) MOS 

 
b) DMOS 

 

Figure 4.8 - Final MOS (a) and DMOS (b) of the Temporal Resolution Impact Test 

 

Figure 4.9 - Confidence interval at 95% for the temporal resolution final MOS. 
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As expected, MOS and DMOS increase alongside with the temporal resolution. Like in the spatial 

resolution test, MOS results do not increase much from 30 fps to 60 fps, though not so accentuated as 

before. These stagnations might be because of some limitations of the HVS in distinguish temporal 

resolutions from a certain resolution. 

 

4.8 Assessment of the Compression Parameter Impact on Quality 

The assessment of the compression parameter impact on quality and the effect of the combined 

distortions, were conducted in a second subjective quality assessment session, a month after the first 

session. After processing the data from the first session, KiteFlite was removed from the video test set 

due to the singular (and unusual) behavior that this sequence showed in the previous two stages. In 

fact, KiteFlite is the video with higher spatial perceptual information (see Figure 4.5) among the videos 

with spatial resolution of 7840×3840. This fact might be translated in some difficulty of the display to 

render this particular video, leading to temporal artifacts that could difficult subjects to evaluate the 

sequences generated from it.  

The selection of quantization parameters, was done after analyzing the objective metrics results 

present in Chapter 5,  

Figure 5.4. From this figure, it can be concluded that for the considered Qp values, namely 15, 30, 

35, 40 and 45, the resulting objective quality values range from very poor to very good. Accordingly, 

the same Qp values were used in the subjective tests. The sequence Harbor with Qp of 35 was used 

twice to verify subjects’ consistency. 

All the sequences were kept at their maximum spatial resolution, namely 3840×1920 for PoleVault 

and 7680×3840 for the rest of the videos, and with a temporal resolution of 30 fps. 

All sequences were encoded with the HEVC Reference Software [61], with the GoP structure 

having one I frame for fifteen B frames and Qp constant for all GoPs.  

For the training session, five sequences decoded ChairliftRide sequences with different qualities 

were used, each one with a different Qp value. 

With a total of 36 sequences, this stage lasted for 12 minutes including training, testing and the 

repeated sequences. The final MOS and DMOS are presented in Figure 4.11. The confidence 

intervals for the MOS values, presented in Figure 4.10 confirm the reliability of the subjective tests. 

 

Figure 4.10 - Quantization Parameter Final MOS Confidence Interval at 95%. 
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a) MOS 

 
b) DMOS 

 

Figure 4.11 - Final MOS (a) and DMOS (b) of the quantization parameter impact test. 

As expected, both MOS and DMOS values decrease when Qp increases; with exception for the 

ChairliftRide sequence, the subjective scores have a stagnation for Qp values below 30. The 

continuous decreasing variation found for ChairliftRide might be explained by the fact that that was the 

video used in the training. In the training, subjects were told about the image artifacts, comparing the 

effects impact between consecutive qualities. This might have induced subjects to be more observant 

to ChairliftRide and thus, the objective scores are somewhat biased. 

 

4.9 Assessment of Combined Effects Impact on Quality 

The videos selected for assessing the combined distortions effect were 𝑇𝑟𝑎𝑖𝑛, 𝑆𝑘𝑎𝑡𝑒𝑏𝑜𝑎𝑟𝑑𝑇𝑟𝑖𝑐𝑘 and 

𝑆𝑘𝑎𝑡𝑒𝑏𝑜𝑎𝑟𝑑𝐼𝑛𝐿𝑜𝑡, due to their good behavior on the temporal and spatial subjective quality 

assessment tests, resulting in MOS curves with smooth variations, and with no or minor intersections 

between them. 

In terms of spatial resolution, the four values used in section 4.8 were kept. Since the temporal 

resolution results (see Figure 4.8) showed too low MOS values for the 7.5 fps and 10 fps, these two 

temporal resolutions were not considered fir this test. This consideration came also from the fact that, 

in omnidirectional video, low temporal resolutions are more likely to cause dizziness. 

In omnidirectional video, the impact of increasing the quantization step is more complex than in 2D 

video. Even a video with a high spatial resolution, a low Qp does not necessarily translate to good 

subjective video quality. It is important to note that in omnidirectional video, only the viewport is 
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displayed, i.e., even in an 8K video, the viewport has a much lower resolution (~30% smaller), and the 

artefacts become more perceptible.  

Since this test stage was done in the same session as the compression impact on quality 

assessment, the decision of what Qp to use was done according to the results of the objective metrics 

presented in  

Figure 5.4. Therefore, and considering the results of the objective metrics shown in referred figure, 

compression with Qp higher than 35 leads to low perceived quality and were not take into account for 

this test. 

The selected spatial and temporal resolutions and Qp values are present on Table 4.5. The 

sequence Train, with Qp of 35, spatial resolution of 1920×960 and temporal resolution of 15 fps was 

used twice to verify the subjects’ consistency. 

Table 4.5 - Selected combinations of spatial resolution, temporal resolution and Qp. 

Qp 
Spatial Resolution 

960 × 480 1920 × 960 3840 × 1920 7680 × 3840 

Frame rate 
[𝐟𝐩𝐬] 

15 − 30, 35 30, 35 30 

30 30 30, 35 30, 35 30, 35 

60 − − 15, 30 15 

  

The training section included three sequences generated from SkateboardInLot, namely: 

 SkateboardInLot @ 960×480 @ 15 fps @Qp =30 

 SkateboardInLot @ 1920×960 @ 15 fps @Qp =30 

 SkateboardInLot @ 3840×1920 @ 60 fps @Qp =15 

With a total of 25 sequences, this stage lasted for 8:20 minutes including test, training and the 

repeated sequence. The final MOS is presented on Table 4.6. As expected, MOS tends to be lower for 

video sequences with poorer conditions. DMOS was not computed in this stage since the original 

(references) video sequences where not shown to the subjects. 

The MOS confidence intervals, presented in Figure 4.12, show the reliability of the subjective 

tests. 

 

Figure 4.12 - Combined Effect Final MOS Confidence Interval at 95%. 
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Table 4.6 - Final MOS of the combined effects impact test. 

Video Spatial Resolution Temporal Resolution [fps] Qp MOS 

Train 1920 × 960 15 35 1.12 

SkateboardTrick 960 × 480 30 30 1.24 

Train 960 × 480 30 30 1.35 

Train 1920 × 960 15 30 1.76 

SkateboardTrick 1920 × 960 15 35 1.88 

SkateboardInLot 960 × 480 30 30 1.94 

Train 1920 × 960 30 30 2.71 

Train 3840 × 1920 15 30 2.76 

SkateboardInLot 1920 × 960 30 35 2.88 

SkateboardInLot 3840 × 1920 15 35 2.94 

SkateboardInLot 1920 × 960 15 30 3.00 

Train 7680 × 3840 15 30 3.24 

Train 3840 × 1920 30 35 3.41 

SkateboardInLot 3840 × 1920 15 30 3.41 

Train 7680 × 3840 30 35 3.71 

SkateboardInLot 1920 × 960 30 30 3.88 

Train 3840 × 1920 60 30 4.24 

Train 7680 × 3840 30 30 4.41 

SkateboardInLot 3840 × 1920 30 30 4.41 

Train 7680 × 3840 60 15 4.47 

SkateboardTrick 3840 × 1920 60 15 4.76 
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Chapter 5                                             
Objective Quality Assessment of 
Omnidirectional Video 
 
 
5.1 Introduction 

This chapter presents and evaluates objective quality assessment metrics for omnidirectional video, to 

be applied when the video is subject to the distortions considered in Chapter 4. The global architecture 

of the procedures used for subjective and objective quality assessments is depicted in Figure 5.1. 

Firstly, and as described in section 5.2, several full-reference (FR) metrics are evaluated using the 

subjective quality assessment results provided in Chapter 4. These FR metrics include not only the 

conventional 2D metrics, namely PSNR, SSIM and MS_SSIM, but also some metrics already 

proposed in the literature for the specific case of omnidirectional content, as SPSNR, WS_PSNR, and 

VPSNR. New adaptations of the SSIM and MS_SSIM metrics to omnidirectional content, namely 

Weighted SSIM and Weighted MS_SSIM, are also proposed and evaluated. As it will be seen in the 

section 5.2, the visual impact caused by spatial down sampling or HEVC compression, can be well 

estimated by any of the aforementioned objective metrics. However, none of them consider the video 

temporal resolution. To overcome this limitation, in section 5.3 a temporal correction factor is 

proposed, that reduces the quality predicted by the previous metrics when the frame rate decreases.  

Its accuracy will be shown when used in association with the WS-PSNR metric. Section 6.4 presents a 

new family of metrics able to predict, with reasonable accuracy, the impact (on quality) of the 

aforementioned distortions using a set of features extracted from the original video. These type of 

metrics are of utmost interest for deciding which video representations (i.e., which combinations of 

spatial/temporal resolutions and quantization step) should be stored in the server, in adaptive video 

streaming scenarios, without the need of obtaining (and assessing) those representations. 
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Figure 5.1 - Global objective and subjective quality assessment architecture 
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5.2 Evaluation of Conventional 360o Video Quality Metrics 

This section presents a comparison between the subjective quality assessment results (obtained in 

Chapter 4) and the quality scores predicted by conventional 2D objective video quality metrics; 

however, results from the temporal down sampling assessment test are not included, since none of 

the considered objective metrics are able to characterize the impact of the video temporal resolution. 

Also, an evolution of SSIM and MS_SSIM, created to adapt it to omnidirectional content, is proposed 

and evaluated. 

The section starts by presenting the two-new proposed objective metrics, namely Weighted_SSIM 

(W_SSIM) and Weighted_MS_SSIM (WMS_SSIM). Next, all the considered objective metrics are 

evaluated using, as ground truth, the subjective quality assessment results. As it will be seen, 

W_SSIM and WMS_SSIM perform better than the traditional SSIM and MS_SSIM developed for 2D 

images/video. 

5.2.1 Selected Objective Quality Metrics for 360o Video 

To evaluate the impact of the used spatial resolution and quantization parameter, on the perceived 

video quality, the following full-reference objective metrics, already described in Chapter 3, were 

considered: SSIM, MS_SSIM, PSNR, SPSNR, WS_PSNR and VPSNR. These metrics can be divided 

in two groups: the conventional 2D metrics, like SSIM, MS_SSIM and PSNR, and the metrics 

developed specifically for omnidirectional images/video, like SPSNR, WS_PSNR and VPSNR. They 

were chosen due to the strong role they are playing, nowadays, in video community. Although initially 

developed for quality assessment of images, all these metrics can also be extended to video quality 

assessment, by applying it to each video frame, followed by averaging the result over all frames. 

Additionally, two new metrics are also considered, resulting from adaptations of SSIM and 

MS_SSIM to omnidirectional content. These adaptations are based on the same principles of 

WS_PSNR, where a correction factor is applied according to the latitude of the pixel.  

A. Weighted_SSIM (W_SSIM) description 

The following steps presents the SSIM method used in this work and the proposed modifications: 

1. For each pixel of 𝐹𝑛 compute the luminance, 𝑙, contrast, 𝑐, and structure, 𝑠, in 11×11  blocks: 

𝑆𝑆𝐼𝑀𝑏,𝑛(𝐹𝑛, 𝐹𝑛
𝑅) = [𝑙(𝐹𝑛, 𝐹𝑛

𝑅)]𝑏
𝛼 × [𝑐(𝐹𝑛, 𝐹𝑛

𝑅)]
𝑏
𝛽

× [𝑠(𝐹𝑛, 𝐹𝑛
𝑅)]𝑏

𝛾
 (5.1) 

2. Apply the area correction factor 𝑤𝑏 given by (2.1) computed at the block centre: 

𝑆𝑆𝐼𝑀𝑏,𝑛
𝑤 (𝐹𝑛, 𝐹𝑛

𝑅) = 𝑆𝑆𝐼𝑀𝑏,𝑛(𝐹𝑛, 𝐹𝑛
𝑅) × 𝑤𝑏 (5.2) 

3. Sum all 𝑆𝑆𝐼𝑀𝑏
𝑤(𝐹𝑛, 𝐹𝑛

𝑅) values computed in 𝐹𝑛 and divide it by the sum of all 𝑤𝑏 to generate the 

SSIM value for 𝐹𝑛: 

𝑊_𝑆𝑆𝐼𝑀𝑛 =
∑ 𝑆𝑆𝐼𝑀𝑏,𝑛

𝑤 (𝐹, 𝐹𝑅)𝐵
𝑏=1

∑ 𝑤𝑏
𝐵
𝑏=1

 (5.3) 
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4. Compute the mean of all 𝑊_𝑆𝑆𝐼𝑀𝑛 to generate the W_SSIM, where 𝑁 is the total number of 

frames. 

𝑊_𝑆𝑆𝐼𝑀 =
𝑊_𝑆𝑆𝐼𝑀𝑛

𝑁
 (5.4) 

B. Weighted_MS_SSIM (WMS_SSIM) description 

To MS_SSIM it is applied a similar procedure. However, in this case, the multiplication of the 

scaling factors is applied twice, in the luminance and in the combination of structure with contrast 

component generating WMS_SSIM: 

𝑊𝑀𝑆_𝑆𝑆𝐼𝑀𝑏,𝑛(𝐹𝑛, 𝐹𝑛
𝑅) = [𝑙(𝐹𝑛, 𝐹𝑛

𝑅)]𝑏
𝛼 × 𝑤𝑏 × ∏[𝑐𝑎(𝐹𝑛, 𝐹𝑛

𝑅)]𝑏
𝛽𝑎 × [𝑠𝑎(𝐹𝑛, 𝐹𝑛

𝑅)]𝑏
𝛾𝑎

𝐴

𝑎

× 𝑤𝑏 , (5.5) 

where 𝐴 is the number of times that block 𝑏 is spatially down-sampled.  

The rest of the procedure is equal to the one explained for W_SSIM. 

5.2.2 Objective Quality Evaluation Experimental Results 

This section presents the results of the objective metrics evaluation, and when these metrics are 

applied to videos impaired by spatial downscaling and HEVC compression.  

A. Spatial resolution impact on quality 

To evaluate how well the objective metrics can predict the spatial resolution impact on quality, the 

metrics were applied to the seven video sequences used in the spatial resolution subjective quality 

assessment test. 

As mentioned in Chapter 4, the test sequences were generated by downscaling the original video 

sequences to spatial resolutions of 7680×3840, 4096×2048, 3840×1920, 2048×1024, 1920×960 or 

960×480, depending on their original maximum spatial resolution. After that, the downscaled 

sequences were up sampled to their original spatial resolution, because all the metrics assess the loss 

of quality between images with the same size. Both downscaling and upscaling were done with 

FFMPEG, using a Lanczos filter for interpolation; the temporal resolution was kept at its original value. 

Since the maximum resolution that the used display could render was 7680×3840 pixel, this resolution 

was considered to be the original one.  

 Figure 5.2 presents the resulting metrics values, as a function of the videos resolutions. 
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a) SSIM 

 
b) MS_SSIM 

 
c) W_SSIM 

 
d) WMS_SSIM 

 
e) PSNR 

 
f) SPSNR 

 
g) WS_PSNR 

 
h) VPSNR 

 

Figure 5.2 - Impact of the spatial resolution variation on the objective quality. 
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B. HEVC compression impact on quality  

To evaluate how well the objective metrics can predict the compression impact on quality, the 

metrics were applied to the six video sequences used in the compression subjective quality 

assessment test. 

As mentioned in Chapter 4, the test sequences were generated by encoding the original ones with 

HEVC Reference Software [62], with Qp of 15, 30, 35, 40 and 45, a GoP structure with one I frame 

followed by fifteen B frames and Qp constant inside each GoP and having the same value in all GoPs. 

The spatial and temporal resolution were kept to their original values. The original sequences were 

considered to be the ones with Qp of 15.  

Figure 5.4 presents the resulting metrics values, as a function of the used quantization step, Qp. 

While the metrics based on SSIM show a slow variation for Qp values lower than 30, decreasing more 

sharply after that Qp value, the metrics based on PSNR show a more constant and linear decreasing 

behaviour, when Qp increases. 

5.2.3 Objective Metrics Assessment 

To access the quality of the aforementioned objective metrics, the DMOS values were used. In fact, 

DMOS measures the perceptual quality difference between an impaired video and the original one, 

and it is also in this way that the objective metrics work.  

 Many times, subjects experience difficulty in scoring very bad or very good video sequences, 

leading to a MOS or DMOS curves that present a flat behaviour for very low and very high distortions. 

Accordingly, the objective metric scores are typically mapped in subjective scores using a logistic 

function, formally described by (5.6) [63] and depicted in Figure 5.3. 

𝐷𝑀𝑂𝑆𝑝 = 𝛽1 +
𝛽2 − 𝛽1

1 + 10𝛽4(𝛽3−𝑚)
 (5.6) 

where 𝑚 is the objective metric value and the 𝛽 are the sigmoid function parameters, representing: 

 𝛽1: lower asymptote. 

 𝛽2: upper asymptote. 

 𝛽3: inflection point. 

 𝛽4: inflection point’s slope. 

 

Figure 5.3 - Generic Sigmoid Function 
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a) SSIM 

 
b) MS_SSIM 

 
c) W_SSIM 

 
d) WMS_SSIM 

 
e) PSNR 

 
f) SPSNR 

 
g) WS_PSNR 

 
h) VPSNR 

 

Figure 5.4 - Impact of the quantization parameter variation on the objective quality. 
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The assessment metrics used were the Pearson’s Linear Correlation Coefficient (PLCC), the 

Spearman’s Rank Correlation Coefficient (SRCC) and the Root Mean Square Error (RMSE), explained 

in Chapter 3. These metrics were used to assess the relation between DMOS (or MOS) values and 

the objective scores (DMOSp or MOSp) obtained in the previous section, before and after the 

application of the logistic function (5.6). 

A. Spatial resolution impact on quality 

Table 5.1 presents the result of the statistics, referred before, between the DMOS values obtained 

from the spatial resolution subjective test group (Figure 4.7 b)) and the objective metric values 

obtained (in the previous section) for the spatial resolution distortion (Figure 5.2). Note that PoleVault 

was not considered in this comparison, since its maximum spatial resolution is 3840×1920. RMSE 

was not used since the domain of the variables (DMOS and objective metrics) is not the same. 

Table 5.1 - Spatial resolution objective metrics assessment before logistic.  

 
SSIM MS_SSIM W_SSIM WMS_SSIM PSNR SPSNR WS_PSNR VPSNR 

PLCC 0.93 0.94 0.96 0.95 0.95 0.94 0.95 0.85 

SRCC 0.89 0.90 0.89 0.92 0.88 0.91 0.90 0.80 

 

As can be concluded from Table 5.1, both W_SSIM and WMS_SSIM present a better 

performance than the traditional SSIM and MS_SSIM, increasing the PLCC and SRCC or keeping the 

same value. Also, in terms of SRCC, WMS_SSIM is the best metric, which can be explained by the 

fact that, not only it is a metric adapted to omnidirectional video, but also it takes into account the 

multiple spatial resolutions. WS_PSNR and SPSNR shows a better performance than PSNR, more 

visible in the SRCC. The lower PLCC and SRCC for VPSNR can be justified by the fact that, in this 

case, the PSNR is being applied to a video region that was not always the region seen, and evaluated, 

by the subjects.  

Table 5.2 presents the parameterization of the logistic function (5.6), when fitted to the DMOS 

values (the resulting logistic functions are depicted in Figure A. 1, Appendix 2). 

Table 5.2- Logistic modelling of spatial resolution objective metrics scores. 

Parameter SSIM MS_SSIM W_SSIM WMS_SSIM PSNR SPSNR WS_PSNR VPSNR 

𝜷
𝟏
 1.539 1.953 0.922 1.928 0.183 -0.372 -0.348 2.424 

𝜷
𝟐
 6.100 4.923 6.519 5.021 5.117 5.060 5.144 4.865 

𝜷
𝟑
 0.967 0.986 0.955 0.982 35.644 33.590 33.653 38.880 

𝜷
𝟒
 16.142 76.034 10.596 84.571 0.106 0.099 0.100 0.254 

 
Table 5.3 - Spatial resolution objective metrics assessment after logistic. 

 
SSIM MS_SSIM W_SSIM WMS_SSIM PSNR SPSNR WS_PSNR VPSNR 

PLCC 0.95 0.95 0.96 0.95 0.96 0.97 0.97 0.88 

SRCC 0.89 0.90 0.89 0.92 0.88 0.91 0.90 0.80 

RMSE 0.37 0.36 0.30 0.41 0.31 0.29 0.29 0.55 
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The resulting PLCC and SRCC values after applying the logistic regression are presented in Table 

5.3 (see Figure A. 2 in Appendix 1 for a visual comparison between DMOS and DMOSp). Both 

W_SSIM and WMS_SSIM still present a better or equal performance than the traditional SSIM and 

MS_SSIM. The correlation improvement is however more pronounced in the PLCC of PSNR, SPSNR 

and WS_PSNR, where the difference between PSNR and the spherical adaptations is more visible. 

Moreover, the RMSE of these last two metrics clearly show the high proximity between DMOS and 

them. 

B. Compression impact on quality 

In this case, all videos were encoded with five different quantization parameters, with the 

sequences with Qp of 15 being considered as the original ones. PoleVault was also removed from this 

study due to its low spatial resolution. Table 5.4 presents the result of the comparison between the 

DMOS values obtained from the compression subjective test group (Figure 4.11 b)) and the objective 

metric values obtained in the previous section (see Figure 5.4). 

Table 5.4 - Compression objective metrics assessment before logistic. 

 
SSIM MS_SSIM W_SSIM WMS_SSIM PSNR SPSNR WS_PSNR VPSNR 

PLCC 0.95 0.94 0.98 0.96 0.95 0.93 0.94 0.83 

SRCC 0.95 0.91 0.98 0.95 0.95 0.95 0.96 0.85 

 
Also in this case, the W_SSIM and WMS_SSIM metrics show a better performance when 

compared to the conventional SSIM and MS_SSIM. The multi-scale options do not bring any 

improvement relatively to the single scale versions, since all video sequences have the same spatial 

resolution, namely 7680×3840. The WS_PSNR and SPSNR shows a slightly lower performance than 

the PSNR. The lower performance of the VPSNR metric can be explained again by the fact previously 

mentioned. 

Table 5.5 presents the parameterization of the logistic (5.6) fitted in the DMOS. See the fittings in 

Figure A. 3 in Appendix 1. 

Table 5.5 - Logistic modelling of compression objective metrics scores. 

Parameter SSIM MS_SSIM W_SSIM WMS_SSIM PSNR SPSNR WS_PSNR VPSNR 

𝜷𝟏 1.208 1.173 0.917 1.205 0.410 0.323 0.353 2.218 

𝜷𝟐 5.562 7.086 5.449 6.306 5.017 5.006 4.996 4.863 

𝜷𝟑 0.952 0.980 0.938 0.970 36.341 35.425 35.332 37.116 

𝜷𝟒 21.743 17.340 18.994 18.752 0.169 0.163 0.171 0.255 

 
Table 5.6 presents the result of the statistics, referred before, between the DMOS scores and the 

objective metric values. 
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Table 5.6 - Compression objective metrics assessment after logistic. 

 
SSIM MS_SSIM W_SSIM WMS_SSIM PSNR SPSNR WS_PSNR VPSNR 

PLCC 0.96 0.95 0.99 0.98 0.97 0.95 0.95 0.85 

SRCC 0.96 0.91 0.96 0.94 0.95 0.95 0.94 0.86 

RMSE 0.28 0.31 0.17 0.22 0.27 0.31 0.31 0.53 

 

After having applied the logistic, the PLCC in Table 5.6 increased from Table 5.4 (see Figure A. 4 

in Appendix 1 for a visual comparison between DMOS and DMOSp). Both W_SSIM and WMS_SSIM 

still present a better or equal performance than the traditional SSIM and MS_SSIM. Assessing the 

compression impact on quality, Table 5.6 clearly shows that W_SSIM is the metric with the best 

performance. 

C. Compression and Spatial Down Sampling impact on quality 

The objective metrics were also evaluated when compression and spatial down sampling are 

simultaneously applied to the videos. The original videos were down sampled spatially, encoded with a 

certain Qp and up sampled spatially to the original spatial resolution. The test conditions considered in 

this comparison are detailed in Table 5.7. All test sequences have a frame rate of 30 fps. 

Table 5.7 - List of videos taken from the compression and combined subjective tests. 

Video Spatial Resolution Qp 

PoleVault 3840x1920 30,35,40,45 

Harbor 7680x3840 30,35,40,45 

SkateboardInLot 

960x480 30 

1920x960 30,35 

3840x1920 30 

7680x3840 30,35,40,45 

ChairliftRide 7680x3840 30,35,40,45 

SkateboardTrick 
960x480 30 

7680x3840 30,35,40,45 

Train 

960x480 30 

1920x960 30 

3840x1920 35 

7680x3840 30,35,40,45 

 
 Table 5.8 presents the result of the statistics, referred before, between the DMOS scores of the 

test sequences listed in Table 5.7 and obtained from the spatial resolution and combined effect 

subjective tests, and the corresponding objective metric values.  

Table 5.8 - Combination of spatial resolution plus compression objective metrics assessment before logistic. 

 
SSIM MS_SSIM W_SSIM WMS_SSIM PSNR SPSNR WS_PSNR VPSNR 

PLCC 0.72 0.89 0.77 0.90 0.78 0.79 0.77 0.68 

SRCC 0.83 0.88 0.86 0.91 0.81 0.82 0.82 0.69 
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Same interesting conclusions can be taken from Table 5.8. Like in the previous tests, the W_SSIM 

and WMS_SSIM perform better than SSIM and MS_SSIM respectively. However, it clearly shows that 

only MS_SSIM and WMS_SSIM have good correlation values. This comes from the fact that in this 

case, there are two mixed effects: the change in quality due to compression and due to the variation of 

spatial resolution. In fact, the multi scale options measures the quality impairment in different spatial 

resolutions, which may explain its advantage against the others.  

Table 5.9 presents the parameterization of the logistic function fitted in the DMOS. See the fittings 

in Figure A. 5 in Appendix 1. 

Table 5.9 - Logistic modelling of the combination of spatial resolution plus compression objective metrics scores. 

Parameter SSIM MS_SSIM W_SSIM WMS_SSIM PSNR SPSNR WS_PSNR VPSNR 

𝜷𝟏 2.567 1.915 2.518 2.152 2.655 2.607 2.666 2.853 

𝜷𝟐 4.863 6.086 4.825 5.162 4.694 4.731 4.702 4.985 

𝜷𝟑 0.952 0.975 0.941 0.963 37.81 37.04 36.879 37.947 

𝜷𝟒 42.002 20.876 36.16 29.834 0.361 0.307 0.342 0.219 

 
After having applied the logistic, the PLCC in Table 5.10 increased from Table 5.8 (see Figure A. 6 

in Appendix 1 for a visual comparison between DMOS and DMOSp). Both W_SSIM and WMS_SSIM 

still present a better or equal performance than the traditional SSIM and MS_SSIM.  

Table 5.10 - Combination of spatial resolution plus compression objective metrics assessment after logistic. 

 
SSIM MS_SSIM W_SSIM WMS_SSIM PSNR SPSNR WS_PSNR VPSNR 

PLCC 0.82 0.90 0.85 0.92 0.80 0.81 0.80 0.68 

SRCC 0.83 0.88 0.84 0.90 0.81 0.82 0.80 0.69 

RMSE 0.55 0.43 0.51 0.38 0.58 0.57 0.59 0.71 

 
As can be concluded from the previous three results, all the considered objective metrics perform 

quite well for each individual impairment. However, when the two considered impairments are 

combined, only the MS_SSIM and WMS_SSIM metrics achieve acceptable PLCC, SRCC and RMSE.  

 

5.3 Quality Prediction with Temporal Correction 

All the metrics assessed in the previous sections do not consider the video frame rate. However, the 

subjective tests have shown that the temporal sub-sampling may have a high impact on the perceived 

video quality. Accordingly, and inspired by the work presented in [54], in this section a temporal 

correction factor is proposed, that reduces the quality predicted by the previous metrics when the 

frame rate decreases. As in [54] the temporal factor is based on content-dependent parameters, 

extracted from the original video; its efficacy will be shown when used in association with the 

WS_PSNR metric, since this is an often used metric in omnidirectional video related literature. To 

evaluate the TCF factor, MOS values (instead of DMOS) were used. This is justified by the fact that for 

most video sequences, its original temporal resolution is 30 fps, while the reference value for this 

parameter was considered to be 60 fps. 
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5.3.1 Considered Video Features 

This section describes the video features that were considered for the development of the temporal 

correction factor. A first group of features, based on the video spatial and temporal information - SI 

and TI - described on Chapter 4, and on their normalized values - NSI and NTI - was considered. The 

normalization was applied by dividing each SI and TI by the maximum SI and TI, respectively, found 

for the group of videos. This group includes not only the features SI, TI, NSI and NTI, but also 

combinations of them, as proposed on [64], namely: 

 𝑇𝐼 

 𝑆𝐼 

 𝑁𝑇𝐼 

 𝑁𝑆𝐼 

 𝑆𝐼 ×  𝑇𝐼 

 𝑁𝑆𝐼 ×  𝑁𝑇𝐼 

 log10(𝑇𝐼) 

 log10(𝑆𝐼) 

 log10(𝑁𝑇𝐼) 

 log10(𝑁𝑆𝐼) 

 log10(𝑆𝐼 × 𝑇𝐼) 

 log10(𝑁𝑆𝐼 × 𝑁𝑇𝐼) 

A second, and more complex, group of features, proposed on [54], was also evaluated and are 

described as follows (𝑊 and 𝐻 stand, respectively, for the width and height of a video frame): 

 Frame Difference (𝐹𝐷): measures the temporal differences along the video. It is computed as the 

average value of the pixel-by-pixel absolute difference between consecutive frames:  

𝐹𝐷𝑛 =
∑ ∑ |𝐹𝑛(𝑖, 𝑗) − 𝐹𝑛−1(𝑖, 𝑗)|H

𝑗=1
W
𝑖=1

𝑊 × 𝐻
 (5.7) 

𝐹𝐷 =
∑ 𝐹𝐷𝑛

𝑁
𝑛=2

𝑁 − 1
 (5.8) 

 Frame Standard Deviation (STD): measures the spatial contrast of the video. It is computed as 

the mean value of the frame based spatial standard deviation: 

𝑆𝑇𝐷𝑛 = √
∑ ∑ (𝐹𝑛(𝑖, 𝑗) − 𝐹�̅� )2 H

𝑗=1
W
𝑖=1

𝑊 × 𝐻
, 𝐹�̅� =

∑ ∑ 𝐹𝑛(𝑖, 𝑗) H
𝑗=1

W
𝑖=1

𝑊 × 𝐻
, (5.9) 

𝑆𝑇𝐷 =
∑ 𝑆𝑇𝐷𝑛

N
𝑛=1

𝑁
 (5.10) 
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 Normalized Frame Difference (NFD): videos with high contrast may have high FD values, even 

with low movement. To avoid this, NFD divides each FDn value by 𝑆𝑇𝐷𝑛: 

𝑁𝐹𝐷 =
∑ 𝐹𝐷𝑛/𝑆𝑇𝐷𝑛

𝑁
𝑛=2

𝑁 − 1
 (5.11) 

 Motion Vector Magnitude (MVM): measures the amount of movement in a video. Since people 

tend to pay more attention to locations of the video with higher motion, MVM is computed as the 

average, over all video frames, of the mean value of the ten percent higher magnitude motion 

vectors in each frame. From now on, 𝐿 stands for 10% motion vectors with higher magnitudes. 

𝑀𝑉𝑀𝑛𝑙 = √𝑣𝑥𝑛𝑙
2 + 𝑣𝑦𝑛𝑙

2  (5.12) 

𝑀𝑉𝑀𝑛 =
∑ 𝑀𝑉𝑀𝑛𝑙

L
𝑙=1

𝐿
 (5.13) 

𝑀𝑉𝑀 =
∑ MVMn

N
𝑛=2

𝑁 − 1
 (5.14) 

 Displaced Frame Difference (DFD): The 𝐷𝐹𝐷 measures the difference between consecutive 

frames using motion compensation. It is computed as the average over all frames (5.16) of the 

mean over each consecutive frames of the absolute differences between the first frame with the 

motion vectors applied and the second frame (5.15).  

𝐹𝐷𝑛 =
|(𝐹𝑛−1 + 𝑀𝑉𝑛−1,𝑛) − 𝐹𝑛|

𝑊 × 𝐻
 (5.15) 

𝐷𝐹𝐷 =
∑ 𝐷𝐹𝐷𝑛

𝑁
𝑛=2

𝑁 − 1
 (5.16) 

 Motion Activity Intensity (MAI): 𝑀𝐴𝐼 measures the standard deviation of the top 10% motion 

vectors with higher magnitude. It is computed as the average over all frames (5.18) of the 

standard deviation of the top 10% highest motion vectors magnitudes (5.17). 

𝑀𝐴𝐼𝑛 = √
∑ (𝑀𝑉𝑀𝑛𝑙 − 𝑀𝑉𝑀𝑛)2𝐿

𝑙=1

𝐿
 (5.17) 

𝑀𝐴𝐼 =
∑ 𝑀𝐴𝐼𝑛

𝑁
𝑛=2

𝑁 − 1
 (5.18) 

 Motion Direction Activity (MDA): MDA measures the coherence of motion vectors, according to 

motion vectors direction. 

𝑀𝐷𝐴𝑛 = √
∑ (𝜃𝑛𝑙 −   �̅�𝑛 )2 𝐿

𝑙=1

𝐿
, �̅�𝑛 =

∑ 𝜃𝑛𝑙
𝐿
𝑙=1

𝐿
, 𝜃𝑛𝑙 = 𝑡𝑎𝑛−1

𝑀𝑉𝑥𝑛𝑙

𝑀𝑉𝑦𝑛𝑙

 (5.19) 

𝑀𝐷𝐴 =
∑ 𝑀𝐷𝐴𝑛

𝑁
𝑛=2

𝑁 − 1
 (5.20) 

 MVM normalized by STD (NMV_STD): NMV_STD is a normalization of MVM by the STD. 
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𝑁𝑀𝑉_𝑆𝑇𝐷 =
∑

𝑀𝑉𝑀𝑛

𝑆𝑇𝐷𝑛

𝑁
𝑛=2

𝑁 − 1
 

(5.21) 

 MVM normalized by MAI (NMV_MAI): NMV_MAI is a normalization of MVM by the MAI. 

𝑁𝑀𝑉_𝑀𝐴𝐼 =
∑

𝑀𝑉𝑀𝑛

𝑀𝐴𝐼𝑛

𝑁
𝑛=2

𝑁 − 1
 

(5.22) 

 MVM normalized by MDA (NMV_MDA): NMV_MDA is a normalization of MVM by the MDA. 

𝑁𝑀𝑉_𝑀𝐷𝐴 =
∑

𝑀𝑉𝑀𝑛

𝑀𝐷𝐴𝑛

𝑁
𝑛=2

𝑁 − 1
 

(5.23) 

 

5.3.2 Temporal Correction Factor 

The MOS versus frame rate curve resulting from the subjective tests (see Figure 4.8 a)), shows a 

behavior that can be well modeled by an inverted exponential function, described by:  

𝑇𝐶𝐹(𝑓, 𝑏) =
1−𝑒

−𝑏(
𝑓

𝑓𝑚𝑎𝑥
)

1−𝑒−𝑏 ,          𝑓𝑚𝑎𝑥 = 60 fps (5.24) 

where 𝑇𝐶𝐹 stands for Temporal Correction Factor; this function was firstly proposed in [54] as a model 

of the frame rate impact on 2D video quality. 𝑇𝐶𝐹 goes from 0 to 1, where 1 means no loss of quality 

and 0 total loss of quality. 

Table 5.11 presents the values of parameter 𝑏, found with model fitting using the nonlinear least 

squares method and the trust-region algorithm, for each test sequence according to the normalized 

MOS (NMOS) which stands for the MOS divided by 5. 

Table 5.11 - Parameter 𝑏 obtained from the NMOS vs temporal resolution curves, with model fitting. 

Sequence 𝒃 RMSE Sequence 𝒃 RMSE 

PoleVault 3.780 0.03 ChairliftRide 3.518 0.04 

Harbor 3.884 0.04 SkateboardTrick 3.237 0.06 

SkateboardInLot 4.318 0.02 Train 3.314 0.07 

 
Figure A. 7 in Appendix 2 depicts the resulting 𝑇𝐶𝐹(𝑓, 𝑏) curve, after model fitting, together with 

NMOSp values, obtained in the temporal resolution assessment tests (red circumferences). For all 

videos, the NMOS predicted by the 𝑇𝐶𝐹(𝑓, 𝑏) model is quite close to the actual NMOS, as expected 

from the very low RMSE results of Table 5.11. As can be concluded from Table 5.11, the model 

parameter, b, is sequence dependent; to predict it from the video characteristics, a stepwise 

regression with bidirectional elimination was applied assuming a linear model between b and the 

content-dependent video features described in the previous section. Using all the video sequences 

considered on the subjective tests, conducted to evaluate the frame rate impact on quality, the 

resulting model for the prediction of parameter b was: 

𝑏´ = 𝑥1 + 𝑥2𝑀𝐴𝐼 + 𝑥3 log10(𝑁𝑇𝐼) + 𝑥4 log10(𝑁𝑆𝐼) + 𝑥5(log10(𝑁𝑇𝐼))2 (5.25) 
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with a highly significant p-value of 1% (thus lower than 5%) meaning that there is sufficient evidence to 

reject the null hypothesis (Ho: “The regression 𝑏′ does not explain 𝑏.”). The model coefficients are 

present in Table 5.12. 

Table 5.12 - 𝑥 coefficients used in 𝑏′. 

Coefficient 𝐱𝟏 𝐱𝟐 𝐱𝟑 𝐱𝟒 𝐱𝟓 

Value 5.120 -0.372 3.103 0.640 2.616 

 

 To simplify the previous model, seeking to eliminate the MAI feature and to reduce the number of 

features (to avoid overfitting issues), another model was found, again with model fitting by stepwise 

regression, considering only simple features; this resulted in:  

𝑏′′ = 𝑥1 + 𝑥2𝑁𝐹𝐷 + 𝑥3 log10(𝑁𝑇𝐼) (5.26) 

with a marginally significant p-value of 7%, slightly higher than 5%, which means that there is a high 

probability that the null hypothesis (Ho: “The regression 𝑏′′ does not explain 𝑏.”) can be ruled out. The 

model coefficients are present in Table 5.13. 

Table 5.13 - 𝑥 coefficients used in 𝑏′′. 

Coefficient 𝐱𝟏 𝐱𝟐 𝐱𝟑 

Value 2.196 21.113 -1.604 

 
In terms of performance, 𝑏′′ predicts 𝑏 worse than 𝑏′, with relative errors reaching 8.44% (see 

Table 5.14), which is still acceptable.  

Table 5.14 - Comparison between the parameter 𝑏 obtained from NMOS with model fitting and the predicted 

parameters 𝑏′ and 𝑏′′ obtained using all videos for training. 

Sequence 𝒃 𝒃′ 
Relative error of 

𝒃′ [%] 
RMSE of 

𝒃’ 
𝒃′′ 

Relative error of 
𝒃′′ [%] 

RMSE 
of 𝒃′’ 

PoleVault 3.780 3.779 0.02 

0.01 

3.653 3.37 

0.15 

Harbor 3.884 3.886 0.04 3.775 2.80 

SkateboardInLot 4.318 4.316 0.04 4.291 0.62 

ChairliftRide 3.518 3.522 0.13 3.652 3.80 

SkateboardTrick 3.237 3.233 0.13 3.510 8.44 

Train 3.314 3.315 0.02 3.170 4.34 

 

The previous models, and their coefficients (presented in Table 5.12 and Table 5.13) were 

obtained with all test videos. To validate the models, the leave one out cross validation (LOOCV) 

technique was then applied, with five rounds. In each round, the video sequences were split in two 

groups: the training group, with five sequences and used to obtain the model coefficients; and the test 

group, with one sequence and used to test the model. This technique was used to avoid training and 

testing with the same video sequences because the number of videos (only 5 or 6) is very low. Table 

5.15 contains the values found with the new predictions of 𝑏’ and 𝑏’′. As expected, the relative errors 

are higher than the ones in Table 5.14. 

Figure 5.5 depicts the relation between the true NMOS and the predicted NMOS (NMOSp), and 

Table 5.16 presents the resulting PLCC, SRCC e RMSE values. These results show that the 
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parameterizations of 𝑏 can be inserted into 𝑇𝐶𝐹 generating a reliable objective metric for the frame 

rate impact on quality. 

Table 5.15 - Comparison between the parameter 𝑏 obtained from NMOS with model fitting and the predicted 

parameters 𝑏′ and 𝑏′′ obtained with leave one out cross validation. 

Sequence 𝒃 𝒃′ 
Relative error of 

𝒃′ [%] 
RMSE 
of 𝒃’ 

𝒃′′ 
Relative error 

of 𝒃′′ [%] 
RMSE of 

𝒃′’ 

PoleVault 3.780 3.718 1.64 

0.04 

3.615 4.37 

0.36 

Harbor 3.884 3.911 0.70 3.586 7.67 

SkateboardInLot 4.318 4.294 0.56 3.946 8.62 

ChairliftRide 3.518 3.528 0.28 3.685 4.75 

SkateboardTrick 3.237 3.226 0.34 3.596 11.09 

Train 3.314 3.371 1.72 2.697 18.62 

 
  

Table 5.16 - Performance of 𝑇𝐶𝐹 with 𝑏′ and 𝑏′′ relatively to NMOS. 

Model PLCC SRCC RMSE 

𝑻𝑪𝑭(𝒇, 𝒃 = 𝒃′) 0.98 0.99 0.05 

𝑻𝑪𝑭(𝒇, 𝒃 = 𝒃′′) 0.97 0.97 0.05 

 

a) b) 
Figure 5.5 - NMOS vs NMOSp for the two b models: a) 𝑁𝑀𝑂𝑆𝑝 =  𝑇𝐶𝐹(𝑓, 𝑏 = 𝑏′); b) 𝑁𝑀𝑂𝑆𝑝 = 𝑇𝐶𝐹(𝑓, 𝑏 = 𝑏′′). 

 

5.3.3 WS_PSNR improvement in the presence of compression 

Before applying the TCF to the WS_PSNR metric, a new feature-based model was tested in order to 

improve the quality predicted by this metric, when both the video spatial resolution and Qp change. 

Considering the saturation effect of the human vision for very high and very low PSNR values, the 

sigmoid model (5.27) [63] was considered to improve the quality predicted by the WS-PSNR when the 

video spatial resolution and Qp change. Moreover, MOS grows monotonically with WS_PSNR, when it 

is associated with variations in spatial resolution (Figure 5.6 a)), Qp (Figure 5.6 b)), or a mixture of the 

two (Figure 5.6 c)).  
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Figure 5.6 - a) Relation between the MOS obtained in the spatial resolution subjective test session and the 
WS_PSNR values for the same video sequences; b) relation between the MOS obtained in the quantization 
subjective test session and the WS_PSNR values for the same video sequences; c) Relation between the MOS 
obtained in the combined effects subjective test session (only sequences with 30 fps) and the WS_PSNR values 
for the same video sequences. 

Also in this case the, and due to the reason pointed out in the beginning of section 5.3, MOS was 

used instead of DMOS.  

𝑀𝑂𝑆𝑝 = 𝑀𝑂𝑆𝑚𝑎𝑥(1 −
1

𝑒𝜌(𝑊𝑆_𝑃𝑆𝑁𝑅−𝑠)
) (5.27) 

In (5.27) 𝜌 and 𝑠 are the content-dependent model parameters, obtained by fitting the MOS to the 

WS_PSNR values. Table 5.17 presents the parameters 𝜌 and 𝑠 obtained with model fitting for each 

video as well as the performance of each fitting. Figure A. 8 in Appendix 2 presents, for each 

sequence, the MOS and the model fitting with 𝜌 and 𝑠. 

Table 5.17 - Parameters 𝜌 and 𝑠 obtained from the MOS curves of each video after model fitting. 

Sequence 𝝆 𝒔 RMSE Sequence 𝝆 𝒔 RMSE 

PoleVault 0.065 22.6 0.40 ChairliftRide 0.180 32.17 0.17 

Harbor 0.145 30.88 0.15 SkateboardTrick 0.091 29.82 0.31 

SkateboardInLot 0.180 28.88 0.43 Train 0.119 29.46 0.41 

 
Applying the stepwise regression with a general linear model, using all test videos, 𝜌 and 𝑠 can be 

parameterized by: 

𝜌´ = 𝑥1 + 𝑥2 log10(𝑁𝑆𝐼) + 𝑥3 (log10(𝑁𝑆𝐼))2 (5.28) 

𝑠´ = 𝑥4 + 𝑥5 log10(𝑁𝑇𝐼) + 𝑥6 log10(𝑁𝑆𝐼) + 𝑥7 (log10(𝑁𝑇𝐼))2 + 𝑥8 (log10(𝑁𝑆𝐼))2 (5.29) 

The prediction 𝜌′ (5.28) presented a marginally significant p-value of 10%, higher than 5%, which 

means that there is a high probability that the null hypothesis (Ho: “The regression 𝜌′ does not explain 

𝜌.”) can be ruled out. Also, 𝑠′ (5.29) presented a highly significant p-value of 1%, thus lower than 5%, 

meaning that there is sufficient evidence to reject the null hypothesis (Ho: “The regression 𝑠′ does not 

explain 𝑠.”). The models coefficients are present in Table 5.18. 

Table 5.18 - 𝑥 coefficients used in 𝜌′ and 𝑠′. 

Coefficient 𝐱𝟏 𝐱𝟐 𝐱𝟑 𝐱𝟒 𝐱𝟓 𝐱𝟔 𝐱𝟕 𝐱𝟖 

Value 0.063 -0.884 -1.721 17.419 -24.262 -86.788 -26.411 -155.72 
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The previous models, and their coefficients (presented in Table 5.18) were obtained with all test 

videos. To validate the models, the LOOCV technique was then applied, with five rounds. Table 5.19 

contains the values found with the new predictions 𝜌′′ and 𝑠′’. 

Table 5.19 - Comparison between the parameters 𝜌 and 𝑠 obtained with model fitting and 𝜌′′ and 𝑠′′ obtained with 

the stepwise regression with LOOCV. 

Sequence 𝝆 𝝆′′ 
Relative error 

of 𝝆′ [%] 
RMSE 
of 𝝆’ 

𝒔 𝒔’′ 
Relative error 

of 𝒔′ [%] 
RMSE 
of 𝒔’ 

PoleVault 0.065 0.063 2.56 

0.04 

22.6 20.046 0.00 

1.05 

Harbor 0.145 0.205 41.19 30.88 31.039 0.01 

SkateboardInLot 0.180 0.157 10.54 28.88 28.807 0.04 

ChairliftRide 0.180 0.133 25.72 32.17 31.929 0.01 

SkateboardTrick 0.091 0.130 42.31 29.82 29.821 0.05 

Train 0.119 0.129 8.88 29.46 29.497 0.07 

 

Figure 5.7 presents the mapping between MOS and the prediction MOSp with parameters 

obtained with LOOCV. The results show a high correlation increase and RMSE decrease (see Table 

5.20). 

Table 5.20 - Performance of MOSp with 𝜌′ and 𝑠′ relatively to MOS. 

Model PLCC SRCC RMSE 

𝑴𝑶𝑺𝒑(𝝆 = 𝝆′, 𝒔 = 𝒔′) 0.90 0.92 0.45 

 

 
Figure 5.7 - MOS vs MOSp for 𝑀𝑂𝑆𝑝(𝜌 = 𝜌′, 𝑠 = 𝑠′). 

 

5.3.4 Modified WS_PSNR considering the effect of temporal resolution 

To evaluate the effect of the temporal component, were added to the test sequences the ones from 

the combined effect subjective test session (see Table 4.6) with temporal resolution different from 30 

fps. With the temporal component added, the correlations decreased and the RMSE increased, as can 

be seen when comparing Table 5.20 with Table 5.21. Figure 5.8 presents the new map MOS vs MOSp 

showing an increased dispersion of the points. 
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Figure 5.8 - MOS vs MOSp’ for 𝑀𝑂𝑆𝑝(𝜌 = 𝜌′, 𝑠 = 𝑠′) after adding sequences with temporal resolution different 

from 30 fps. 

Table 5.21 - Performance of MOSp with 𝜌′ and 𝑠′ relatively to MOS after adding sequences with temporal 

resolution different from 30 fps. 

Model PLCC SRCC RMSE 

𝑴𝑶𝑺𝒑(𝝆 = 𝝆′, 𝒔 = 𝒔′) 0.85 0.85 0.60 

 

Keeping the same consideration of [65] about the independency of effects, the 𝑇𝐶𝐹 factor (5.24), 

was included in the model (5.27), resulting in the new quality prediction metric (5.30): 

𝑀𝑂𝑆𝑝′ = 𝑀𝑂𝑆𝑝 × 𝑇𝐹𝐶(𝑓, 𝑏) (5.30) 

Figure 5.9 a) depicts the relation between the true MOS and the predicted MOS (𝑀𝑂𝑆𝑝’), and 

Table 5.22 presents the resulting PLCC, SRCC e RMSE values. With the 𝑏′′ parameterization (5.26), 

the PLCC and SRCC increase up to their values before considering sequences with temporal 

subsampling (see Table 5.20), meaning that the temporal impact was covered. The points follow a 

linear trend (see Figure 5.9 a)), however mostly above the line MOS=MOSp, where a deviance from 

that line was expected due to the relatively high RMSE of 0.60. This might indicate that the subjective 

impact of lowering the temporal resolution impairment is not completely independent from the other 

two distortion sources, as considered before. To compensate this deviance, a multiplicative factor of 

1.1 was found that, when applied to (5.30), minimizes the RMSE from 0.60 to 0.47 generating a new 

MOSp given by (5.31). Note that the values for 𝑀𝑂𝑆𝑝′′ are low bounded to 1 and up bounded to 5. 

𝑀𝑂𝑆𝑝′′ = 1.1 × 𝑀𝑂𝑆𝑝′ (5.31) 

Figure 5.9 b) depicts the relation between the true MOS and the predicted MOS (𝑀𝑂𝑆𝑝′′) and 

Table 5.22 presents the resulting PLCC, SRCC e RMSE between MOS and 𝑀𝑂𝑆𝑝′′.  

Table 5.22 - Performance of MOSp’ and MOSp’’ with 𝜌′ and 𝑠′ relatively to MOSp with compensation of 

𝑇𝐶𝐹(𝑓, 𝑏 = 𝑏’’), after including sequences with temporal resolution different from 30 fps. 

Model PLCC SRCC RMSE 

𝑴𝑶𝑺𝒑′(𝝆 = 𝝆′, 𝒔 = 𝒔′) 0.90 0.91 0.60 

𝑴𝑶𝑺𝒑′′(𝝆 = 𝝆′, 𝒔 = 𝒔′) 0.90 0.92 0.47 
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Figure 5.9 - MOS vs MOSp for a) (5.30); b) (5.31). 

 

5.4 Quality Prediction Model Based on Uncompressed 360o Video 

This section presents a new family of metrics able to predict, with reasonable accuracy, the impact (on 

quality) of the spatial and temporal resolutions and Qp, using a set of features extracted from the 

original video. These types of metrics are of utmost interest for deciding which video representations 

(i.e., which combinations of spatial/temporal resolutions and quantization step) should be stored in the 

server, in adaptive video streaming scenarios, without the need of obtaining (and assessing) those 

representations. As suggested in previous works, like in [65] for 2D, video the quality impact of the 

three aforementioned effects can be described by a multiplicative model, where each factor models 

one of the effects, and with parameters that are dependent on features extracted from the 

uncompressed video; a similar multiplicative model is developed and assessed here, for 

omnidirectional videos. The steps used to create each model factor, that predicts the quality impact of 

an individual effect (spatial resolution or Qp) follows the procedure already applied to derive the 

temporal correction factor (𝑇𝐶𝐹), in section 5.3.2. 

 

5.4.1 Spatial Resolution Models 

To fit the MOS versus spatial resolution behavior presented in Figure 4.7 a) several models, listed in 

Table 5.23, were tested; in this table, SCF stands for Spatial Correction Factor, 𝑠 is the video frame 

resolution (𝑤𝑖𝑑𝑡ℎ × ℎ𝑒𝑖𝑔ℎ𝑡) in pixels, 𝑠𝑚𝑎𝑥 is the maximum frame resolution (7680×3840) in pixels and 

c and 𝛾 are model parameters (dependent on the video). Like for the TCF factor, these models vary 

between 0 and 1. Models 1, 4 and 5 were proposed in [54]; however, due to their high RMSE after 

model fitting (also present in Table 5.23), models 2, 3 and 6 were also considered, seeking a lower 

RMSE. Model 3 is an improvement of model 2, after having found that the parameter 𝛾2 could be fixed 

to 0.6 without compromising the results, making it simpler. Since most videos does not reach a NMOS 

of 1 for the reference video, model 6 was proposed which has a maximum value given by 𝛾 which is 

diminished by a function, 
1

𝑐(
𝑠

𝑠𝑚𝑎𝑥
)+1

, that decreases with the increasing of the spatial resolution. Other 

models with variable up boundary could have been tested but this one was chosen given the very low 

RMSE obtained with model fitting. 
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Table 5.23 - Tested spatial resolution models. 

 PoleVault Harbor SkateboardInLot ChairliftRide SkateboardTrick Train 

Model 1 𝑆𝐶𝐹 =  
1 − 𝑒

−𝑐1(
𝑠

𝑠𝑚𝑎𝑥
)

1 − 𝑒−𝑐1
 

RMSE 0.22 0.15 0.09 0.11 0.25 0.13 

Model 2 𝑆𝐶𝐹 =  
1 − 𝑒

−𝑐2(
𝑠

𝑠𝑚𝑎𝑥
)𝛾2

1 − 𝑒−𝑐2
 

RMSE 0.11 0.15 0.03 0.10 0.25 0.11 

Model 3 𝑆𝐶𝐹 =  
1 − 𝑒

−𝑐3(
𝑠

𝑠𝑚𝑎𝑥
)0.6

1 − 𝑒−𝑐3
 

RMSE 0.12 0.12 0.03 0.08 0.21 0.09 

Model 4 𝑆𝐶𝐹 = (
𝑠

𝑠𝑚𝑎𝑥
)c4 

RMSE 0.09 0.15 0.10 0.12 0.21 0.12 

Model 5 𝑆𝐶𝐹 =
log10(1 + 𝑐5

𝑠
𝑠𝑚𝑎𝑥

)

log(1 + 𝑐5)
 

RMSE 0.11 0.13 0.07 0.10 0.21 0.10 

Model 6 𝑆𝐶𝐹 =  𝛾6 −
1

𝑐6 (
𝑠

𝑠𝑚𝑎𝑥
) + 1

 

RMSE 0.03 0.03 0.03 0.02 0.01 0.01 

A.  Model 3 

The first model tested was model 3 (5.32) (refer to Table 5.23) because, after model fitting with 

model 2, the parameters 𝛾2 were found to be all close to 0.6, reason why the exponent of (
𝑠

𝑠𝑚𝑎𝑥
) was 

set to that value. This way, model 3 is simplified by removing one content-dependent parameter from 

model 2.  

𝑆𝐶𝐹3(𝑠, 𝑐3) =  
1 − 𝑒

−𝑐3(
𝑠

𝑠𝑚𝑎𝑥
)0.6

1 − 𝑒−𝑐3
, 𝑠𝑚𝑎𝑥 = 7680 × 3840 (5.32) 

Table 5.24 presents the values of parameter 𝑐3, found with model fitting according to the NMOS. 

Table 5.24 - Parameter 𝑐3 obtained from the NMOS vs spatial resolution curves for each video. 

Sequence 𝒄𝟑 RMSE Sequence 𝒄𝟑 RMSE 

PoleVault 2.276 0.12 ChairliftRide 4.551 0.08 

Harbor 3.553 0.12 SkateboardTrick 2.686 0.21 

SkateboardInLot 5.101 0.03 Train 3.48 0.09 

 

Figure A. 9 in Appendix 2 depicts the resulting 𝑆𝐶𝐹3(𝑠, 𝑐3) curve, after model fitting, together with 

NMOS, obtained in the spatial resolution assessment tests. For all videos, the NMOS predicted by the 

𝑆𝐶𝐹3(𝑠, 𝑐3) model is quite close to the actual NMOS for the smaller spatial resolutions and less close 

for high spatial resolution, as expected from the considerably high RMSE results of Table 5.24. As can 

be concluded from Table 5.24, the model parameter 𝑐3, is sequence dependent; to predict it from the 
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video characteristics, a stepwise regression with bidirectional elimination was applied assuming a 

linear model between 𝑐3 and the content-dependent video features described in section 5.3.1. Using 

all the video sequences considered on the subjective tests, that were conducted to evaluate the 

spatial resolution impact on quality, the resulting model for the prediction of parameter 𝑐3 was: 

𝑐3
′ = 𝑥1 + 𝑥2𝑀𝑉𝑀 + 𝑥3𝑁𝑉𝑉_𝑀𝐷𝐴 + 𝑥4 log10(𝑁𝑆𝐼) + 𝑥5(log10(𝑁𝑆𝐼))2 (5.33) 

with a highly significant p-value of 1%, thus lower than 5%, meaning that there is sufficient 

evidence to reject the null hypothesis (Ho: “The regression does not explain 𝑐3.”). The model 

coefficients are presented in Table 5.25. 

Table 5.25 - 𝑥 coefficients used in the parameterization of 𝑐3′. 

Coefficient 𝑥1 𝑥2 𝑥3 𝑥4 𝑥5 

Value 1.572 0.263 0.445 -13.978 -30.547 
 

In terms of performance, 𝑐3′ predicts 𝑐3 very accurately with relative errors near 0% (see Table 

5.26). 

Table 5.26 - Comparison between the parameter 𝑐3 obtained from NMOS with model fitting and the predicted 

parameter 𝑐3
′  obtained using all videos for training. 

Sequence 𝒄𝟑 𝒄𝟑′ Relative error of 𝒄𝟑
′  [%] RMSE of 𝒄𝟑’ 

PoleVault 2.276 2.276 0.01 

0.01 

Harbor 3.553 3.553 0.01 

SkateboardInLot 5.101 5.103 0.04 

ChairliftRide 4.551 4.552 0.04 

SkateboardTrick 2.686 2.691 0.01 

Train 3.480 3.473 0.20 

 
 
The previous models, and their coefficients (presented in Table 5.25) were obtained with all test 

videos. To validate the models, the LOOCV technique was then applied, with five rounds. Table 5.28 

contains the values found with the new prediction of 𝑐3’ which from now on refer to the values obtained 

with this technique. As expected, the relative errors are higher than the ones from Table 5.26. 

Figure 5.10 depicts the relation between the true NMOS and the NMOSp (𝑆𝐶𝐹3), and Table 5.27 

presents the resulting PLCC, SRCC e RMSE values. These results show that the parameterizations of 

𝑐3 can be inserted into 𝑆𝐶𝐹3 generating a reliable objective metric for the spatial resolution impact on 

quality, despite the high RMSE found between the parameter 𝑐3 and its prediction with LOOCV (see 

Table 5.28). Also, Figure 5.10 shows a higher divergence from the linear NMOS=NMOSp of the point 

relative to the sequences PoleVault and Harbor, which were the ones presenting a higher relative error 

between 𝑐 and 𝑐’. 

Table 5.27 - Performance of 𝑆𝐶𝐹3 with 𝑐3′ relatively to NMOS. 

Model PLCC SRCC RMSE 

𝑺𝑪𝑭𝟑(𝒔, 𝒄𝟑 = 𝒄𝟑’) 0.94 0.95 0.11 
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Table 5.28 - Comparison between the parameter 𝑐3 obtained from NMOS with model fitting and the predicted 

parameters 𝑐3′ obtained with leave one out cross validation. 

Sequence 𝒄𝟑 𝒄𝟑′ Relative error of 𝒄𝟑
′  [%] RMSE of 𝒄𝟑’ 

PoleVault 2.276 1.579 30.62 

0.45 

Harbor 3.553 4.382 23.33 

SkateboardInLot 5.101 5.141 0.78 

ChairliftRide 4.551 4.731 3.96 

SkateboardTrick 2.686 2.702 0.60 

Train 3.480 3.470 0.29 

 

 
Figure 5.10 - NMOS vs NMOSp with 𝑁𝑀𝑂𝑆𝑝 =  𝑆𝐶𝐹3(𝑠, 𝑐3 = 𝑐3

′ ). 

B.  Model 6 

The second model tested was model 6 (5.34) (refer to Table 5.23) to allow 𝑆𝐶𝐹 to converge to a 

value lower than 1 when the spatial resolution tends to its maximum value, since most videos does not 

reach a NMOS of 1 for the reference video.  

𝑆𝐶𝐹6(𝑠, 𝑐6, 𝛾6) =  𝛾6 −
1

𝑐6 (
𝑠

𝑠𝑚𝑎𝑥
) + 1

, 𝑠𝑚𝑎𝑥 = 7680 × 3840 (5.34) 

Table 5.29 presents the values of parameter 𝑐6 and 𝛾6, found with model fitting for each test 

sequence according to the NMOS. 

Figure A. 10 in Appendix 2 depicts the resulting 𝑆𝐶𝐹6(𝑠, 𝑐6, 𝛾6) curve, after model fitting, together 

with NMOS, obtained in the spatial resolution assessment tests. For all videos, the NMOS predicted 

by the 𝑆𝐶𝐹6(𝑠, 𝑐6, 𝛾6) model is quite close to the actual NMOS, as expected from the very low RMSE 

results of Table 5.29. 

Table 5.29 - Parameter 𝑐 and 𝛾 obtained from the NMOS vs spatial resolution curves, with model fitting. 

Sequence 𝒄𝟔 𝜸𝟔 RMSE Sequence 𝒄𝟔 𝜸𝟔 RMSE 

PoleVault 91.220 0.635 0.03 ChairliftRide 38.490 0.918 0.02 

Harbor 38.020 0.85 0.03 SkateboardTrick 80.090 0.679 0.01 

SkateboardInLot 30.140 0.999 0.03 Train 31.370 0.888 0.01 
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As can be concluded from Table 5.29, the model parameters, 𝑐6 and 𝛾6, are sequence dependent; 

to predict it from the video characteristics, a stepwise regression with bidirectional elimination was 

applied assuming linear models between 𝑐6, 𝛾6 and the content-dependent video features described in 

section 5.3.1. Using all the video sequences considered on the subjective tests, that were conducted 

to evaluate the spatial resolution impact on quality, the resulting models for the prediction of 

parameters 𝑐6 and 𝛾6 were: 

𝑐6
′ = 𝑥1 + 𝑥2𝑁𝐹𝐷 + 𝑥3 log10(𝑁𝑇𝐼) + 𝑥4 log10(𝑁𝑆𝐼) + 𝑥5(log10(𝑁𝑆𝐼))2 (5.35) 

𝛾6
′ = 𝑥6 + 𝑥7 log10(𝑁𝑇𝐼) + 𝑥8 log10(𝑁𝑆𝐼) + 𝑥9(log10(𝑁𝑆𝐼))2 (5.36) 

The prediction 𝑐6′ (5.35) presented a highly significant p-value of 1% and 𝛾6′ (5.36) presented a 

significant p-value of 5%. In both cases, the p-values are lower or equal than 5% meaning that there is 

sufficient evidence to reject the null hypothesis in both cases (Ho: “The regression does not explain the 

associated parameter.”). The models coefficients are presented in Table 5.30. 

Table 5.30 - 𝑥 coefficients used in 𝑐6′ and 𝛾6′. 

Coefficient 𝒙𝟏 𝒙𝟐 𝒙𝟑 𝒙𝟒 𝒙𝟓 𝒙𝟔 𝒙𝟕 𝒙𝟖 𝒙𝟗 

Value 7.863 830.830 -107.920 669.280 1439.500 0.778 0.249 -2.462 -5.051 

 
As expected from the low p-values obtained in (5.35) and (5.36), in terms of performance, 𝑐′ and 

𝛾′ predict 𝑐 and 𝛾 very accurately with extremely low relative errors (see Table 5.31). 

Table 5.31 - Comparison between the parameters 𝑐6 and 𝛾6 obtained from NMOS with model fitting and the 

predicted parameters 𝑐6
′  and 𝛾6′ obtained using all videos for training. 

Sequence 𝒄𝟔 𝜸𝟔 𝒄𝟔′ 𝜸𝟔′ 
Relative error 

of 𝒄𝟔
′  [%] 

Relative error 

of 𝜸𝟔
′  [%] 

RMSE 

of 𝒄𝟔’ 
RMSE 

of 𝜸𝟔’ 

PoleVault 91.220 0.635 91.2 0.634 0.02 0.14 

0.06 0.02 

Harbor 38.020 0.85 38.0 0.847 0.05 0.38 

SkateboardInLot 30.140 0.999 30.1 1.000 0.13 0.06 

ChairliftRide 38.490 0.918 38.6 0.890 0.29 3.03 

SkateboardTrick 80.090 0.679 80.1 0.707 0.01 4.09 

Train 31.370 0.888 31.3 0.863 0.22 2.84 

The previous models, and their coefficients (presented in Table 5.30) were obtained with all test 

videos. To validate the models, the LOOCV technique was then applied, with five rounds. Table 5.32 

contains the values found with the new predictions c6’ and γ6′ which from now on refer to the values 

obtained with this technique. As expected, the relative errors are higher than the ones from Table 5.31 

reaching almost 30%. 

Figure 5.11 depicts the relation between the true NMOS and the NMOSp (𝑆𝐶𝐹6), and Table 5.33 

presents the resulting PLCC, SRCC e RMSE values. These results show that the parameterizations of 

𝑐6 and 𝛾6 obtained with LOOCV can be inserted into 𝑆𝐶𝐹6 generating a reliable objective metric for the 

spatial resolution impact on quality, despite the high relative errors found between the parameters 𝑐6 

and 𝛾6 and their predictions with LOOCV (see Table 5.32). 
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Table 5.32 - Comparison between the parameters 𝑐6 and 𝛾6 obtained from NMOS with model fitting and the 

predicted parameters 𝑐6′ and 𝛾6′ obtained with LOOCV. 

Sequence 𝒄𝟔 𝒄𝟔′ 𝜸𝟔 𝜸𝟔′ 
Relative error 

of 𝒄𝟔
′  [%] 

Relative error 

of 𝜸𝟔
′  [%] 

RMSE 

of 𝒄𝟔’ 
RMSE 

of 𝜸𝟔’ 

PoleVault 91.220 100.267 0.635 0.821 9.92 29.29 

4.93 0.10 

Harbor 38.020 30.136 0.850 0.776 20.74 8.71 

SkateboardInLot 30.140 29.523 0.999 1.000 2.05 0.10 

ChairliftRide 38.490 38.683 0.918 0.882 0.50 3.92 

SkateboardTrick 80.090 78.938 0.679 0.783 1.44 15.32 

Train 31.370 30.900 0.888 0.848 1.50 4.51 

 
Only PoleVault and SkateboardTrick present results that are more distant from the line 

NMOS=NMOSp, result of the high relative errors in the prediction of 𝛾6 with LOOCV, presented on 

Table 5.32. 

 
Figure 5.11 - NMOS vs NMOSp with 𝑁𝑀𝑂𝑆𝑝 =  𝑆𝐶𝐹6(𝑠, 𝑐6 = 𝑐6

′ , 𝛾6 = 𝛾6′ ). 

Table 5.33 - Performance of 𝑆𝐶𝐹6 with 𝑐6′ and 𝛾6′ relatively to NMOS. 

Model PLCC SRCC RMSE 

𝑺𝑪𝑭𝟔(𝒔, 𝒄𝟔 = 𝒄𝟔
′ , 𝜸𝟔 = 𝜸𝟔′) 0.91 0.91 0.10 

 

The best model was considered to be the 𝑆𝐶𝐹3(𝑠, 𝑐3) because it presents higher PLCC and SRCC 

than 𝑆𝐶𝐹6(𝑠, 𝑐6, 𝛾6), and it has only one prediction parameter instead of two. The fact that 

𝑆𝐶𝐹6(𝑠, 𝑐6, 𝛾6) considers two sequence dependent parameters might explain why, despite the high 

adaptation of this model to high spatial resolutions, its assessment results are worse than for 

𝑆𝐶𝐹3(𝑠, 𝑐3). 

 

5.4.2 Quantization Models 

To fit the MOS versus quantization behavior presented in Figure 4.11 a), two models, listed in Table 

5.34, were tested; in this table, QCF stands for Quantization Correction Factor, 𝑞 is the quantization 

stepsize, and 𝑞𝑚𝑖𝑛 is the minimum quantization stepsize used on the compression subjective test 

session (3.564). Like for TCF, these models produce values between 0 and 1. 

The quantization stepsize, 𝑞, relates to Qp according to: 
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𝑞(𝑄𝑝) = 2
𝑄𝑝−4

6  (5.37) 

Model 1 (refer to Table 5.34) was proposed in [66]; however, as happened in the spatial resolution 

case, since the majority of videos does not reach a NMOS of 1 for the reference video, model 2 

proposed in [65] was also evaluated, with an additional γ parameter to better fit the NMOS for low Qp 

values. Other models with variable up boundary could have been tested but this one was chosen 

given the very low RMSE obtained after model fitting (see Table 5.34). 

Table 5.34 - Tested quantization models. 

 PoleVault Harbor SkateboardInLot ChairliftRide SkateboardTrick Train 

Model 1 𝑄𝐶𝐹1 =  
𝑒

−𝑎1(
𝑞

𝑞𝑚𝑖𝑛
)

𝑒−𝑎1
, 𝑞𝑚𝑖𝑛 = 3.564 

RMSE 0.16 0.06 0.05 0.02 0.12 0.09 

Model 2 𝑄𝐶𝐹2 = γ2 
1 − 𝑒

−𝑎2(
𝑞𝑚𝑖𝑛

𝑞
)

1 − 𝑒−𝑎2
, 𝑞𝑚𝑖𝑛 = 3.564 

RMSE 0.03 0.04 0.03 0.01 0.04 0.05 

 

A. Model 1 

The first tested model was model 1 (5.38). Table 5.35 presents the values of parameter 𝑎1 found 

with model fitting to the NMOS values.  

𝑄𝐶𝐹1(𝑞, 𝑎1) =  
𝑒

−𝑎1(
𝑞

𝑞𝑚𝑖𝑛
)

𝑒−𝑎1
, 𝑞𝑚𝑖𝑛 = 3.564 (5.38) 

Table 5.35 - Parameter 𝑎1 obtained from the MOS curves for each video. 

Sequence 𝒂𝟏 RMSE Sequence 𝒂𝟏 RMSE 

PoleVault 0.048 0.16 ChairliftRide 0.042 0.02 

Harbor 0.033 0.06 SkateboardTrick 0.041 0.12 

SkateboardInLot 0.021 0.05 Train 0.035 0.09 

 
Figure A. 11 in Appendix 2 depicts the resulting 𝑄𝐶𝐹1(𝑞, 𝑎1) curves, after model fitting, together 

with the normalized MOS (NMOS) values obtained in the compression subjective tests. As expected 

from Table 5.35, the videos PoleVault and SkateboardTrick are the ones whose 𝑄𝐶𝐹1(𝑞, 𝑎1) curves 

show the highest deviation from the NMOS values. 

In these results, (refer to Figure A. 11) it was assumed a minimum Qp of 15 (or a 𝑞𝑚𝑖𝑛 = 3.564). 

However, such a low Qp value is very unlikely in a real application scenario. Also, for the considered 

test videos, the loss of quality when the Qp value changes from 15 to 30 is barely perceived, with a 

MOS variation below 0.5 (see Figure 4.11 a)). Accordingly, and seeking a better fit of the 𝑄𝐶𝐹1(𝑞, 𝑎1) 

curves to the NMOS values, the procedure was repeated using a minimum Qp of 30 (or a 𝑞𝑚𝑖𝑛 of 

approximately 20.15) removing the sequences associated with Qp of 15. Table 5.36 presents the 

resulting values of parameter 𝑎1 and confirm an improvement on the RMSE values. However, this step 

was only applied to verify the performance gain (in terms or RMSE) of removing a quantization step 
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unlikely to be used. The following procedure was done including the initial consideration of minimum 

Qp of 15. For future work, it is proposed to repeat the same procedure for a higher minimum Qp. 

Table 5.36 - Parameter 𝑎1 obtained from the NMOS curves for each video, after removing the sequences with Qp 

of 15. 

Sequence 𝒂𝟏 RMSE Sequence 𝒂𝟏 RMSE 

PoleVault 0.048 0.08 ChairliftRide 0.042 0.02 

Harbor 0.033 0.03 SkateboardTrick 0.041 0.06 

SkateboardInLot 0.021 0.04 Train 0.035 0.03 

 

As can be concluded from Table 5.35, the model parameter, 𝑎1, is sequence dependent; to predict 

it from the video characteristics, the stepwise regression was applied assuming a linear model 

between 𝑎1 and the content-dependent video features described in section 5.3.1. Using all the video 

sequences considered on the subjective tests, that were conducted to evaluate the quantization 

impact on quality, the resulting model for the prediction of parameter 𝑐 was: 

𝑎1
′ = 𝑥1 + 𝑥2𝑁𝑇𝐼 + 𝑥3 log10(𝑁𝑇𝐼) + 𝑥4 log10(𝑁𝑆𝐼) (5.39) 

with a highly significant p-value of 1%, thus lower than 5%, meaning that there is sufficient 

evidence to reject the null hypothesis (Ho: “The regression does not explain 𝑎1.”). The model 

coefficients are presented in Table 5.37. 

Table 5.37 - 𝑥 coefficients used in 𝑎1′. 

Coefficient 𝒙𝟏 𝒙𝟐 𝒙𝟑 𝒙𝟒 

Value 0.116 -0.089 0.076 0.018 

 

In terms of performance, 𝑎1′ predicts 𝑎1 very accurately with relative errors near 1% (see Table 

5.38) and a very low RMSE. 

Table 5.38 - Comparison between the parameter 𝑎1 obtained from NMOS with model fitting and the predicted 

parameter 𝑎1
′  obtained using all videos for training. 

Sequence 𝒂𝟏 𝒂𝟏′ Relative error of 𝒂𝟏
′  [%] RMSE of 𝒂𝟏’ 

PoleVault 0.048 0.048 0.32 

0.01 

Harbor 0.033 0.033 0.18 

SkateboardInLot 0.021 0.021 1.12 

ChairliftRide 0.042 0.041 2.75 

SkateboardTrick 0.041 0.041 0.38 

Train 0.035 0.036 3.28 

 
The previous models, and their coefficients (presented in Table 5.37) were obtained with all test 

videos. To validate the models, the LOOCV technique was then applied, with five rounds. Table 5.39 

contains the values found with the new prediction of 𝑎1’. As expected, the relative errors are higher 

than the ones from Table 5.38, especially for PoleVault and SkateboardInLot. 
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Table 5.39 - Comparison between the parameter 𝑎1 obtained from NMOS with model fitting and the predicted 

parameter 𝑎1′ obtained with leave one out cross validation. 

Sequence 𝒂𝟏 𝒂𝟏′ Relative error of 𝒂𝟏
′  [%] RMSE of 𝒂𝟏’ 

PoleVault 0.048 0.055 14.14 

0.01 

Harbor 0.033 0.033 1.38 

SkateboardInLot 0.021 0.019 11.43 

ChairliftRide 0.042 0.040 4.55 

SkateboardTrick 0.041 0.041 0.76 

Train 0.035 0.036 5.09 

 
Figure 5.12 depicts the relation between the true NMOS and the predicted NMOS (NMOSp), and 

Table 5.40 presents the resulting PLCC, SRCC e RMSE values. These results show that the 

parameterizations of 𝑎1 can be inserted into 𝑄𝐶𝐹1 generating a reliable objective metric for the 

quantization impact on quality. Also, Figure 5.12 shows a higher divergence from the linear 

NMOS=NMOSp of the point relative to the sequences PoleVault and SkateboardInLot, which were the 

ones presenting a higher relative error between 𝑎1 and 𝑎1’. 

 
Figure 5.12 - NMOS vs NMOSp with 𝑁𝑀𝑂𝑆𝑝 =  𝑄𝐶𝐹1(𝑞, 𝑎1 = 𝑎1

′  ). 

Table 5.40 - Performance of 𝑄𝐶𝐹1 with 𝑎1 relatively to NMOS. 

Model PLCC SRCC RMSE 

𝑸𝑪𝑭𝟏(𝒒, 𝒂𝟏′) 0.95 0.93 0.09 

 

B. Model 2 

The second model tested was model 2 (5.40) (refer to Table 5.34) to allow 𝑄𝐶𝐹 to converge to a 

value lower than 1 when the quantization step tends to its minimum value, since most videos does not 

reach a NMOS of 1 for the reference video. Table 5.41 presents the values of parameters 𝑎2 and 𝛾2, 

found with model fitting according to the NMOS. 

𝑄𝐶𝐹2(𝑞, 𝑎2, 𝛾2) =  𝛾2

1 − 𝑒
−𝑎2(

𝑞𝑚𝑖𝑛
𝑞

)

1 − 𝑒−𝑎2
, 𝑞𝑚𝑖𝑛 = 3.563 (5.40) 

Figure A. 12 in Appendix 2 depicts the resulting 𝑄𝐶𝐹2(𝑞, 𝑎2, 𝛾2) together with the NMOS values 

from the subjective tests. 
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Table 5.41 - Parameters 𝑎2 and 𝛾2 obtained from the MOS vs quantization curves for each video. 

Sequence 𝒂𝟐 𝜸𝟐 RMSE Sequence 𝒂𝟐 𝜸𝟐 RMSE 

PoleVault 18.200 0.715 0.03 ChairliftRide 11.630 0.973 0.01 

Harbor 18.270 0.877 0.04 SkateboardTrick 18.630 0.780 0.04 

SkateboardInLot 24.660 0.938 0.03 Train 18.840 0.853 0.05 

 

In this case, all 𝑄𝐶𝐹2(𝑞, 𝑎2, 𝛾2) curves follow the MOS very precisely, fact expected from the very 

low RMSE values present on Table 5.41; accordingly, the results for Qp of 15 were kept, although its 

use in common application scenarios is not expected (as mentioned previously). As can be concluded 

from Table 5.41, the model parameters, 𝑎2 and 𝛾2, are sequence dependent; to predict it from the 

video characteristics, a stepwise regression with bidirectional elimination was applied assuming linear 

models between 𝑎2, 𝛾2 and the content-dependent video features described in section 5.3.1. Using all 

the video sequences considered on the subjective tests, conducted to evaluate the quantization 

impact on quality, the resulting models for the prediction of parameters 𝑎2 and 𝛾2 were: 

𝑎2
′ =  𝑥1 + 𝑥2𝑆𝑇𝐷 + 𝑥3NSI × NTI + 𝑥4 log10(𝑁𝑇𝐼) (5.41) 

𝛾2
′ = 𝑥5 + 𝑥6 log10(𝑁𝑇𝐼) + 𝑥7 log10(𝑁𝑆𝐼) + 𝑥8(log10(𝑁𝑇𝐼))2 + 𝑥9(log10(𝑁𝑆𝐼))2 (5.42) 

The prediction 𝑎2′ (5.41) presented a highly significant p-value of 2% and 𝛾2′ (5.42) presented a 

marginally significant p-value of 7%. In the first case, the p-value being lower than 5% indicates that 

there is sufficient evidence to reject the null hypothesis (Ho: “The regression 𝑎2
′  does not explain 𝑎2.”). 

In the second case, with the p-value slightly higher than 5% indicates that the null hypothesis (Ho: “The 

regression 𝛾2
′  does not explain 𝛾2.”) can be rejected with a high probability. The models coefficients are 

presented in Table 5.42. 

Table 5.42 - 𝑥 coefficients used in 𝑎2′ and 𝛾2′. 

Coefficient 𝑥1 𝑥2 𝑥3 𝑥4 𝑥5 𝑥6 𝑥7 𝑥8 𝑥9 

Value 30.041 0.567 43.143 -12.762 0.621 -0.768 -3.311 -1.041 -6.984 

 

In terms of performance, 𝑎2′ predicts 𝑎2 less accurately than 𝛾2′ predicts 𝛾2 (see Table 5.43), 

although presenting both very low relative errors and RMSE. 

The previous models, and their coefficients (presented in Table 5.42) were obtained with all test 

videos. To validate the models, the LOOCV technique was then applied, with five rounds. Table 5.44 

contains the values found with the new prediction of 𝑎2’ and 𝛾2. As expected, the relative errors are 

higher than the ones from Table 5.43 although yet considerably low, except for the prediction of 𝛾2′ for 

PoleVault. 
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Table 5.43 - Comparison between the parameters 𝑎2 and 𝛾2 obtained from NMOS with model fitting and the 

predicted parameters 𝑎2′ and 𝛾2′ obtained using all videos for training. 

Sequence 𝒂𝟐 𝒂𝟐′ 𝜸𝟐 𝜸𝟐′ 
Relative error 

of 𝒂𝟐
′  [%] 

Relative error 

of 𝜸𝟐
′  [%] 

RMSE 

of 𝒂𝟐’ 
RMSE 

of 𝜸𝟐’ 

PoleVault 18.200 18.008 0.715 0.715 1.05 0.00 

0.45 0.01 

Harbor 18.270 18.751 0.877 0.878 2.63 0.11 

SkateboardInLot 24.660 24.590 0.938 0.934 0.28 0.43 

ChairliftRide 11.630 11.700 0.973 0.971 0.60 0.21 

SkateboardTrick 18.630 17.740 0.780 0.775 4.78 0.64 

Train 18.840 19.245 0.853 0.861 2.15 0.94 

 
Table 5.44 - Comparison between the parameters 𝑎2 and 𝛾2 obtained from NMOS with model fitting and the 

predicted parameters 𝑎2′ and 𝛾2′ obtained with LOOCV. 

Sequence 𝒂𝟐 𝒂𝟐′ 𝜸𝟐 𝜸𝟐′ 
Relative error 

of 𝒂𝟐
′  [%] 

Relative error 

of 𝜸𝟐
′  [%] 

RMSE 
of 𝒂𝟐’ 

RMSE 
of 𝜸𝟐’ 

PoleVault 18.200 17.517 0.715 1.000 3.76 39.86 

0.90 0.13 

Harbor 18.270 19.588 0.877 0.934 7.21 6.59 

SkateboardInLot 24.660 24.421 0.938 0.912 0.97 2.78 

ChairliftRide 11.630 12.194 0.973 0.884 4.85 9.13 

SkateboardTrick 18.630 17.301 0.780 0.757 7.14 2.95 

Train 18.840 19.587 0.853 0.866 3.96 1.51 

 
Figure 5.13 depicts the relation between the true NMOS and the NMOSp, and Table 5.45 presents 

the resulting PLCC, SRCC e RMSE values. These results show that the parameterizations 𝑎2′ and 𝛾2′ 

can be inserted into 𝑄𝐶𝐹2 generating a reliable objective metric for the quantization impact on quality. 

Also, Figure 5.10 shows a higher divergence from the linear NMOS=NMOSp of the point relative to the 

sequences PoleVault, which was the one presenting the highest relative error between 𝛾2 and 𝛾2’. Due 

to the bad prediction 𝛾2
′  for PoleVault, 𝑄𝐶𝐹2 ends with performance correlation values way lower than 

the ones obtained for 𝑄𝐶𝐹1, despite the better fitting of NMOS, reason why 𝑄𝐶𝐹1 should be preferred. 

 

Figure 5.13 - NMOS vs NMOSp with 𝑀𝑂𝑆𝑝 =  𝑄𝐶𝐹2(𝑞, 𝑎2 = 𝑎2
′ , 𝛾2 = 𝛾2′). 

Table 5.45 - Performance of 𝑄𝐶𝐹2 with 𝑎2′ and 𝛾2′ relatively to NMOS. 

Model PLCC SRCC RMSE 

𝑸𝑪𝑭𝟐(𝒒, 𝒂𝟐 = 𝒂𝟐
′, 𝜸𝟐 = 𝜸𝟐′) 0.89 0.84 0.10 
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5.4.3 Combined Models Assessment 

As case study, the models (5.24), (5.32) and (5.38) where combined to verify the independency (5.43), 

low-bounded to 1 and up-bounded to 5, of the three distortion causes. In each individual prediction 

model, were used the parameters obtained with LOOCV and in the 𝑇𝐶𝐹 were used the 𝑏′′ 

parameterization.  

𝑀𝑂𝑆𝑝 = 5 × 𝑆𝐶𝐹 × 𝑇𝐶𝐹 × 𝑄𝐶𝐹 (5.43) 

MOSp, (5.43), was applied to the same sequences used in section 5.3.3 and then compared to 

the respective MOS results. The comparison results lie on Table 5.46, which demonstrates that, 

despite the high RMSE, the combination of effects, namely spatial, temporal and compression can be 

modelled as a product of individual impairment models presenting a high linear and non-linear 

correlation. Figure 5.15 a) shows the relation between the MOS and the MOSp, (5.43). The points 

follow a linear trend, however mostly above the line MOS=MOSp, what was expected due to the 

relatively high RMSE of 0.72. This fact might that indicate that the three distortions causes are not 

completely independent from each other’s. 

Table 5.46 - Assessment of the fully metric based MOSp with the MOS considering the three effects. 

Model PLCC SRCC RMSE 

𝑴𝑶𝑺𝒑 0.92 0.94 0.72 
 

With the high correlation between MOS and MOSp, to reduce the RMSE, was found a factor that 

could improve the RMSE outcome. Figure 5.14 presents the RMSE between MOS and MOSp in 

function of a multiplicative factor. 

 

Figure 5.14 - RMSE of MOSp as function of a multiplicative factor. 

Using the factor of 1.2, the one that minimizes the RMSE in Figure 5.14, the new MOSp comes: 

𝑀𝑂𝑆𝑝′ = 6 × 𝑆𝐶𝐹 × 𝑇𝐶𝐹 × 𝑄𝐶𝐹 (5.44) 

again low-bounded to 1 and up-bounded to 5. With the multiplicative factor (see Table 5.47) and 

due to the boundaries, the PLCC changed but not significantly. The RMSE however was reduced in 

approximately 33%. Figure 5.15 b) shows the relation between the MOS and MOSp’, where the points 

show a better track of the MOS=MOSp line, thus explaining the sharp decrease in RMSE. 

Table 5.47 - Assessment of the fully metric based MOSp with the MOS considering the three effects, considering 
multiplicative factor. 

Model PLCC SRCC RMSE 

𝑴𝑶𝑺𝒑’ 0.94 0.94 0.48 
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Figure 5.15 - Comparison between MOS and a) MOSp; b) MOSp’ with scale factor of 1.2. 
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Chapter 6                                                       

Omnidirectional Video Streaming: 

Selecting the Best Representations 

 

6.1 Introduction 

To achieve a high Quality of Service (QoS) in a streaming environment it is necessary a methodology 

to perform rate-adaptation considering the available network bandwidth. This adaptation can be 

obtained by encoding the same video with different characteristics like the spatial/temporal resolution 

and the Qp, which creates a tradeoff between the network bandwidth and media quality. In a 

bandwidth constrained streaming environment, it may not be possible to transmit video with the 

highest spatial/temporal resolutions and quality, and one possible and rather common strategy is to 

allow the decoder to select the best video representation (i.e. the video characteristics and the quality 

associated to the quantization process), considering the network conditions such as the available 

bandwidth. 

In [36], a solution to find the best video representations to be stored at a server is proposed for an 

adaptive streaming delivery system such as the ones described in section 2.3. As usual in such video 

streaming systems (e.g. HTTP DASH video streaming) a representation is defined as a combination of 

spatial resolution (𝑠), temporal resolution (𝑓) and quantization parameter Qp in the format (𝑠, 𝑓, 𝑄𝑝). In 

[36], it is proposed an algorithm that maximizes a user satisfaction function, based on the VQM, with a 

given set of spatial resolutions, the user bandwidth and network capacity, the type of the video content 

(if it is cartoon, sports, etc.), the maximum number of representations that can be stored and the 

amount of users served (as fraction). From the experimental results, it is shown that the satisfaction 

grows faster in lower bit rates than in higher bit rates and that the number of representations (and their 

definition) are content-dependent and that more complex videos (e.g. with high motion) should have 

more representations.  

The selection of best representations to store from the server is not predefined and there are no 

specific general rules that can be applied since it depends on the network characteristics and the 

content to be stored; thus, usually different content providers may recommend different 

representations to be stored at the server side. A study published in [67] shows that selecting different 

representation sets may have a significant impact on user’s satisfaction (here measured with SSIM), 

which can be viewed in Figure 6.1 a) where the representation sets provided by the study of Toni at al. 

[36] achieve better user’s satisfaction than the sets recommended by YouTube, Netflix and Apple, 

presented in Figure 6.1 b).  

To select which representations (number and their definition) should be selected (in terms of QoE) 

it is necessary to have suitable models to assess video quality and the bit rate necessary to represent 
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each representation. These models are most important since it is rather unpractical to perform 

subjective experiments to assess the video quality to encode the video for every possible 

representation (combination of (𝑠, 𝑓, 𝑄𝑝)). For example, in [65], an algorithm for the best 

representation selection using bit rate and quality predictive models is presented. In this case, this 

chapter describes a model to perform a bit rate prediction as well as procedure to find the best set of 

representations that should be stored at the server. 

 
a) 

 
b) 

Figure 6.1 - a) Average satisfaction over a time-lapse between 3 a.m. and 3 p.m. for a bottleneck bandwidth of 

100Mb/s The blue area indicates the number of concurrent users; b) recommended representations sets from 

YouTube, Netflix and Apple [67]. 

Some works in the literature have already addressed the problem of bit rate prediction. For 

example, in [65] the authors found possible to predict the bit rate with a model that evaluates the 

impact on bit rate of spatial resolution, temporal resolution and quantization parameter independently. 

The model parameters used in the predictive model are obtainable by combination of video features, 

such as the ones presented in Chapter 5. However, most of the work developed address the 2D video 

case with relatively low spatial resolutions (in [67] up to 1080p). This chapter makes the transition from 

2D video to the high resolution 360º video. This chapter starts by testing the same bit rate prediction 

model as in [65], but this time considering high resolution video. It is then described an algorithm 

based on the quality prediction model (5.44) of Chapter 5 fully based on features and on the bit rate 

prediction model that will be described in section 6.2 that selects the best representations to be stored 

in a server considering two use cases: first where the user satisfaction (QoE) is maximized 

constrained to a set of available bit rates and a second where the bit rate is minimized constrained to 

given set of qualities (MOS values). 

 

6.2 Bit Rate Prediction Model Based on Uncompressed 360o Video 

Having a bit rate prediction model based only on the original (uncompressed) video, is useful since it 

allows knowing the bit rate of a video with a different set of characteristics (spatial/temporal resolution 

and quantization parameter) from the original, without having to spend time compressing it or storage 

space is required to store the different video representations. The bit rate prediction model (6.1) 

proposed in [65] is here employed in the omnidirectional video context to verify its applicability to this 

type of content. This model follows a structure similar to the one used in section 5.4.3. Thus, a global 

bit rate prediction (6.1) that considers the independent impact on the bit rate of the three types of 

distortion effects is proposed. 
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𝑅𝑝(𝑞, 𝑓, 𝑠) = 𝑅𝑚𝑎𝑥 (
𝑞

𝑞𝑚𝑖𝑛

)
−𝛾𝑞

(
𝑓

𝑓𝑚𝑎𝑥

)
𝛾𝑓

(
𝑠

𝑠𝑚𝑎𝑥

)
𝛾𝑠

 (6.1) 

In (6.1) 𝑅𝑚𝑎𝑥 is the maximum bit rate for a video with no distortions, 𝑞 is the quantization stepsize, 

𝑞𝑚𝑖𝑛 is the minimum quantization stepsize used to encode sequences, 𝑓 is the frame rate, 𝑓𝑚𝑎𝑥 is the 

video maximum frame rate, 𝑠 is the frame resolution (𝑤𝑖𝑑𝑡ℎ × ℎ𝑒𝑖𝑔ℎ𝑡) in pixels, 𝑠𝑚𝑎𝑥 is the video 

maximum frame resolution and 𝛾𝑞, 𝛾𝑓 and 𝛾𝑠 are model parameters. 

 

6.2.1 Experimental Framework Description 

 Each model parameter (𝛾𝑞, 𝛾𝑓 and 𝛾𝑠 ) can be obtained with (6.1) by isolating each distortion 

effect, namely spatial/temporal down sampling and/or increasing quantization stepsize. In fact, to 

model the quantization stepsize, 𝑞, can be assumed 𝑓 = 𝑓𝑚𝑎𝑥 and 𝑠 = 𝑠𝑚𝑎𝑥 and thus, the bit rate can 

change according to (6.2). 

𝑅𝑝(𝑞) = 𝑅𝑚𝑎𝑥 (
𝑞

𝑞𝑚𝑖𝑛

)
−𝛾𝑞

 (6.2) 

In the same way, a bit rate model can be obtained for the temporal resolution keeping the 

maximum spatial resolution and minimum 𝑞 and the bit rate model for the spatial resolution can also 

be obtained keeping the maximum temporal resolution and minimum 𝑞 with (6.3) and (6.4), 

respectively. 

𝑅𝑝(𝑓) = 𝑅𝑚𝑎𝑥 (
𝑓

𝑓𝑚𝑎𝑥

)
𝛾𝑓

 (6.3) 

𝑅𝑝(𝑠) = 𝑅𝑚𝑎𝑥 (
𝑠

𝑠𝑚𝑎𝑥

)
𝛾𝑠 

 (6.4) 

The 𝑅𝑚𝑎𝑥 parameter can be obtained by encoding the videos with maximum spatial/temporal 

resolution and minimum quantization stepsize. 

To obtain the bit rate model parameters (𝑅𝑚𝑎𝑥, 𝛾𝑞, 𝛾𝑓 and 𝛾𝑠) all the ten video sequences 

available, presented on Table 4.1, can be used. Contrary to what was described in Chapter 4, there 

was no limitation regarding the duration of the tests, reason why the all group of videos was used. 

However, partial sequences with one second out of the total duration of each video were used, due to 

the time it would take to encode all needed sequences at full duration. Note that there is no scene 

transition in any of the video sequences and so, the bit rate was considered constant throughout them. 

Also, note that one second corresponds to 30 or 60 frames, depending on each video original 

temporal resolution. Considering GoPs of one I frame to fifteen B frames, this encoded time was able 

to catch not only one entire GoP but up to three entire GoPs depending on each video original 

temporal resolution. After each transformation (changes in spatial, temporal resolutions and 

compression) the bit rate was computed with (6.5), where 𝑆 is the size of the generated video 

sequence, 𝑁𝑓 is the number of generated frames and 𝑓 is the temporal resolution. 

𝑅 = 𝑓
𝑆

𝑁𝑓

 (6.5) 
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6.2.2 Experimental Results and Analysis 

The following sections present the estimation of the maximum bit rate and the model parameters 𝛾𝑞 , 𝛾𝑓 

and 𝛾𝑠 for each video. The content-dependent parameters 𝛾𝑞 , 𝛾𝑓 and 𝛾𝑠 are estimated with a full search 

algorithm described in section 6.2.2.B that finds predictions for the referred parameters that minimize 

the relative error between the model (6.1) and the real bit rates. These predictions are considered the 

real values for the model parameters. Then, estimations of 𝛾𝑞 , 𝛾𝑓 and 𝛾𝑠 are found with the same 

generalized linear model and LOOCV, using video features, as previously done to find quality 

prediction models. 

A. Estimation of the maximum Bit Rate 

The maximum bit rate 𝑅𝑚𝑎𝑥 parameter that is necessary for the model (6.1) was found by encoding 

the original video sequences with minimum quantization stepsize, 𝑞 = 𝑞𝑚𝑖𝑛 = 3.546, maximum 

temporal resolution, 𝑓 = 𝑓𝑚𝑎𝑥, maximum spatial resolution, 𝑠 = 𝑠𝑚𝑎𝑥, and then computing (6.5). The 

maximum bit rates obtained are presented on Table 6.1. 

Table 6.1 - Maximum bit rate per video sequence. 

Sequence 𝑹𝒎𝒂𝒙 [Mbit/s] Sequence 𝑹𝒎𝒂𝒙 [Mbit/s] 

AerialCity 250.063 KiteFlite 247.458 

DrivingInCity 159.811 SkateboardInLot 369.384 

DrivingInCountry 221.102 ChairliftRide 284.768 

PoleVault 243.745 SkateboardTrick 351.566 

Harbor 145.443 Train 205.614 

 

B. Computation of Model Parameters 

To predict the model parameters 𝛾𝑞 , 𝛾𝑓 and 𝛾𝑠, independently, the real bit rates are fitted with the 

model (6.1). In this case, it was considered to be more adequate to use the relative error criterion for 

model fitting instead of absolute error, used in the model fittings of the previous chapter, to measure 

how close the predicted bit rates are to the real ones. The relative error is more suitable, since it 

measures the difference between the predicted and real bit rates in percentage, assessing how close 

the prediction is to the real value. For example, between a predicted bit rate of 1 kbit/s and a real bit 

rate of 2 kbit/s there is a relative error of 100% and an absolute error of 1 kbit/s. Also, between a 

prediction of 201 kbit/s and an observation of 200 kbit/s there is a relative error of 0.5% and again an 

absolute error of 1 kbit/s. In the first case, a difference between prediction and observation of 1 kbit/s 

has much more relative impact than in the second case.  

Therefore, was developed a Full Search (FS) greedy algorithm to find the model parameters 𝛾𝑞 , 𝛾𝑓 

and 𝛾𝑠 that minimize the relative error between the predicted and real bit rates. Generically, to estimate 

a model parameter 𝛭 (which can stand for 𝛾𝑞 , 𝛾𝑓 and 𝛾𝑠), the algorithm follows the next steps, using a 

generic video characteristic value set 𝑋 (to find the model parameters 𝛾𝑞 , 𝛾𝑓 and 𝛾𝑠, the set of video 

characteristic values 𝑋 are, a set of quantization stepsizes, a set of temporal resolutions and a set of 

spatial resolutions, respectively): 
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1. Consider a set of values relative to a video characteristic 𝑋, a set of real bit rates 𝑅𝑜 (one for 

each 𝑥𝑖 ∈ 𝑋) and the prediction model 𝑅𝑝 of (6.1). In (6.1), fix 𝑓 = 𝑓𝑚𝑎𝑥 and 𝑠 = 𝑠𝑚𝑎𝑥 so the 

prediction model can be reduced to (6.2). 

2. Define an initial threshold relative error, for example 0.5%. Define a range of values where 𝛭 

should be inside of. 

3. Pick the first value in the range of 𝛭. 

4. Compute the predicted bit rate, using (6.5), with 𝑅𝑝 with the selected 𝑀 for each 𝑥𝑖 ∈ 𝑋. 

5. Compute the relative error between the real bit rate 𝑟𝑜,𝑥 ∈ 𝑅𝑜 and the predicted bit rate for each 

𝑥𝑖 ∈ 𝑋. 

6. If the relative error for each 𝑥𝑖 ∈ 𝑋 is equal or lower than the threshold relative error, the best 

𝑀 is found and the process stops. Otherwise continue. 

7. Increase the 𝛭 value. If 𝛭 is still inside its range repeat the steps 4, 5 and 6. Otherwise 

continue. 

8. In case all 𝛭 values tested previously didn’t met the threshold relative error condition (for all 𝑥𝑖 

the bit rate relative errors have to be lower or equal than the relative error threshold), this 

value increases 0.1% and steps 3, 4, 5 and 6 are repeated. 

 

C. Estimation of the Bit Rate Model Parameter 𝜸𝒒 

To estimate the bit rate in function of the Qp, each video was encoded with Qp of 15, 30, 35, 40 

and 45, each with the original temporal and spatial resolution. After, the real bit rates (𝑅(𝑞)) were 

computed with (6.5) and are presented in Table 6.2. 

Table 6.2 - Real bit rates obtained for each sequence for each considered Qp. 

𝑹(𝒒) [MB/s] 
Qp 

15 30 35 40 45 

Sequence 

AerialCity 250.064 4.470 1.535 0.716 0.343 

DrivingInCity 159.812 9.381 4.191 1.996 0.922 

DrivingInCountry 221.102 19.887 7.817 3.103 1.108 

PoleVault 243.746 14.923 4.630 1.761 0.725 

Harbor 145.444 8.709 4.177 1.911 0.801 

KiteFlite 247.458 23.189 11.459 5.539 2.481 

SkateboardInLot 369.385 45.603 20.186 7.955 2.863 

ChairliftRide 284.768 18.149 8.324 3.865 1.749 

SkateboardTrick 351.567 36.815 17.796 8.307 3.565 

Train 205.615 16.684 8.637 4.604 2.385 

 
Then the algorithm proposed in section 6.2.2.B was applied considering the model (6.2) to find the 

content-dependent parameters 𝛾𝑞 that better fit the bit rates obtained in function of the quantization 

stepsize. The 𝛾𝑞 parameters found with the proposed algorithm and their threshold relative errors are 

presented on Table 6.3. Figure A. 13 in Appendix 3 shows the fittings of the real bit rates obtained with 

𝑅𝑝(𝑞) with 𝛾𝑞. As shown, the behavior of the real bit rates can be well modeled by an inverted power 

function such as the one employed by the proposed model. Note, in the same figure, the fitting tends 

to distance himself from the observation more for the 𝑞 value corresponding to a Qp of 15 which may 

explain the high relative error thresholds found. 
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Table 6.3 - 𝛾𝑞 parameters obtained with the FS algorithm with their relative error threshold. 

Sequence 𝜸𝒒 
Relative Error 
Threshold [%] 

Sequence 𝜸𝒒 
Relative Error 
Threshold [%] 

AerialCity 2.086 50.62 KiteFlite 1.330 6.83 

DrivingInCity 1.538 18.14 SkateboardInLot 1.343 21.93 

DrivingInCountry 1.483 15.92 ChairliftRide 1.508 14.62 

PoleVault 1.668 11.29 SkateboardTrick 1.308 5.25 

Harbor 1.541 15.68 Train 1.343 20.87 

 

As shown from Table 6.3, the model parameter, 𝛾𝑞, is sequence dependent and thus to predict it 

from the video characteristics, a stepwise regression with bidirectional elimination was applied 

assuming a linear model between 𝛾𝑞 and the content-dependent video features described in section 

5.3.1. Using all the video sequences considered in Table 6.2, the resulting model for the prediction of 

parameter 𝛾𝑞 was: 

𝛾𝑞
′ = 𝑥1 + 𝑥2𝑆𝑇𝐷 + 𝑥3𝑁𝑇𝐼 + 𝑥4(𝑁𝑆𝐼 × 𝑁𝑇𝐼) + 𝑥5 log10(𝑁𝑇𝐼) + 𝑥6(log10(𝑁𝑇𝐼))2 (6.6) 

with a significant p-value of 4%, thus lower than 5%, indicating that there is sufficient evidence to 

reject the null hypothesis (Ho: “The regression 𝛾𝑞
′ does not explain 𝛾𝑞 .”). The model coefficients are 

present in Table 6.4. 

Table 6.4 - 𝑥 coefficients obtained with (6.6). 

Coefficient 𝐱𝟏 𝐱𝟐 𝐱𝟑 𝐱𝟒 𝐱𝟓 𝐱𝟔 

Value -17.409 0.053 17.648 -0.543 -28.29 -13.667 

 
The previous model, and their coefficients (presented in Table 6.4) was obtained with all test 

videos. To validate the model, the LOOCV technique was applied, with nine rounds (note that now 

there are ten videos being evaluated instead of 6 used in previous chapter). Table 6.5 contains the 

values found for the predictions of 𝛾𝑞′ and the predictions 𝛾𝑞
′′ obtained with LOOCV. As expected, the 

RMSE between 𝛾𝑞 and its predictions is higher for the prediction with LOOCV. 

Table 6.5 - Comparison between the parameter 𝛾𝑞 obtained with model fitting for each sequence, the prediction, 

𝛾𝑞’ obtained using all videos for training and the prediction 𝛾𝑞 ’’, obtained with LOOCV. 

Sequence 𝜸
𝒒
 𝜸

𝒒
′  RMSE of 𝜸

𝒒
’ 𝜸

𝒒
′′ RMSE of 𝜸

𝒒
′’ 

AerialCity 2.086 1.972 

0.07 

1.740 

0.29 

DrivingInCity 1.538 1.511 1.511 

DrivingInCountry 1.483 1.460 1.422 

PoleVault 1.668 1.812 1.905 

Harbor 1.541 1.551 2.290 

KiteFlite 1.330 1.395 1.431 

SkateboardInLot 1.343 1.363 1.370 

ChairliftRide 1.508 1.517 1.708 

SkateboardTrick 1.308 1.228 1.085 

Train 1.343 1.378 1.456 
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Table 6.6 presents the resulting PLCC, SRCC e RMSE and also the mean of the relative errors 

found between the original bit rate presented on Table 6.2 and the bit rates obtained with model (6.2) 

with 𝛾𝑞’’. The high mean relative error found might be related to the worse fitting of the model (see 

Figure A. 13) when the Qp is 15 (very high bit rates), which may have caused difficulty in the model to 

adapt to observations. 

Table 6.6 - Performance of 𝑅𝑝(𝑞) with 𝛾𝑞
′′ relative to the observed bit rates from Table 6.2. 

Model PLCC SRCC RMSE Mean Relative Errors [%] 

𝑹𝒑(𝒒, 𝜸
𝒒

= 𝜸
𝒒

′′) 1.00 0.94 4.08 37.81 

 

D. Estimation of the Bit Rate Model Parameter 𝜸𝒇 

To estimate the bit rate in function of the frame rate, three or four impaired sequences for each 

original video were generated with 7.5, 10, 15, 30 fps using temporal subsampling, depending on the 

temporal resolution; each original sequence was encoded with the original spatial resolution and 

minimum Qp of 15. The original sequences with frame rate of 30 fps or 60 fps were also used. After 

that the real bit rates (𝑅(𝑓)) were computed with (6.5) and are presented in Table 6.7. 

Table 6.7 – Real bit rates obtained for each sequence for each considered temporal resolution. 

𝑹(𝒇) [MB/s] 
Temporal resolution [fps] 

7.5 10 15 30 60 

Sequence 

AerialCity 84.674 99.396 142.630 250.064 - 

DrivingInCity 47.311 58.420 85.649 159.812 - 

DrivingInCountry 71.852 86.957 123.271 221.102 - 

PoleVault 76.236 91.824 131.729 243.746 - 

Harbor 61.016 70.437 93.458 145.444 - 

KiteFlite 112.500 128.585 166.644 247.458 - 

SkateboardInLot 107.735 132.403 196.260 369.385 - 

ChairliftRide 113.438 130.325 178.413 284.768 - 

SkateboardTrick 69.644 84.020 119.542 209.268 351.567 

Train 48.823 57.174 77.332 129.963 205.615 

 

Then the algorithm proposed in section 6.2.2.B was applied considering the model (6.3) to find the 

content-dependent parameters 𝛾𝑓 that better fit the real bit rates (shown in Table 6.7) in terms of 

temporal resolution, 𝑓. The 𝛾𝑓 parameters found with the proposed algorithm and their threshold 

relative errors are presented in Table 6.8. Figure A. 14 in Appendix 3 shows the fittings of the real bit 

rates obtained with 𝑅𝑝(𝑓) with 𝛾𝑓. As shown, data follow a power function behavior (for low bit rates) 

and then a linear behavior (for high bit rates) in function of the frame rate. This means that using the 

proposed model, for sequences with a linear correlation between frame rate and bit rate the parameter 

𝛾𝑓 found should be close to 1. As expected, due to the low relative error thresholds (see Table 6.8) the 

model found for bit rate estimation follows the real values rather accurately. 
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Table 6.8 - 𝛾𝑓 parameters obtained with the FS algorithm with their relative error threshold. 

Sequence 𝜸
𝒇
 Relative Error 

Threshold [%] 
Sequence 𝜸

𝒇
 Relative Error 

Threshold [%] 

AerialCity 0.808 3.66 KiteFlite 0.581 1.71 

DrivingInCity 0.895 2.34 SkateboardInLot 0.909 2.78 

DrivingInCountry 0.828 2.39 ChairliftRide 0.685 2.96 

PoleVault 0.884 6.14 SkateboardTrick 0.785 2.52 

Harbor 0.641 2.11 Train 0.700 2.62 

 

As it can be concluded from Table 6.8, the model parameter, 𝛾𝑓, is sequence dependent; to 

predict the parameter from the video characteristics, a stepwise regression with bidirectional 

elimination was applied assuming a linear model between 𝛾𝑓 and the content-dependent video 

features described in section 5.3.1. Using all the video sequences considered in Table 6.7, the 

resulting model for the prediction of parameter 𝛾𝑓 was: 

𝛾𝑓
′ = 𝑥1 + 𝑥2𝑁𝐹𝐷 + 𝑥3𝐷𝐹𝐷 + 𝑥4𝑁𝑆𝐼 + 𝑥5(𝑁𝑆𝐼 × 𝑁𝑇𝐼) + 𝑥6 log10(𝑁𝑆𝐼) (6.7) 

with a significant p-value of 3%, thus lower than 5%, indicating that there is sufficient evidence to 

reject the null hypothesis (Ho: “The regression 𝛾𝑓
′ does not explain 𝛾𝑓 .”). The model coefficients are 

present in Table 6.9. The previous model, and their coefficients was obtained with all videos. To 

validate the model, the LOOCV technique was applied, with nine rounds.  

Table 6.10 contains the values found for the predictions of 𝛾𝑓 with the all group of videos, 𝛾𝑓’, and with 

LOOCV, 𝛾𝑓’’, As expected, the RMSE is higher for the parameterization with LOOCV but without a 

significant increase. 

Table 6.9 - 𝑥 coefficients obtained for (6.7). 

Coefficient 𝐱𝟏 𝐱𝟐 𝐱𝟑 𝐱𝟒 𝐱𝟓 𝐱𝟔 

Value -1.912 -11.524 0.066 3.023 -1.521 -3.218 

 

Table 6.10 - Comparison between the parameter 𝛾𝑓 obtained with model fitting, the prediction 𝛾𝑓’ obtained using 

all videos for training and the prediction 𝛾𝑓’’ obtained with LOOCV. 

Sequence 𝜸𝒇 𝜸𝒇
′  RMSE of 𝜸𝒇’ 𝜸𝒇

′′ RMSE of 𝜸𝒇′’ 

AerialCity 0.808 0.808 

0.03 

0.806 

0.09 

DrivingInCity 0.895 0.854 0.790 

DrivingInCountry 0.828 0.816 0.768 

PoleVault 0.884 0.891 1.031 

Harbor 0.641 0.600 0.563 

KiteFlite 0.581 0.634 0.674 

SkateboardInLot 0.909 0.932 1.027 

ChairliftRide 0.685 0.709 0.725 

SkateboardTrick 0.785 0.736 0.700 

Train 0.700 0.740 0.740 
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Table 6.11 presents the resulting PLCC, SRCC and RMSE and the mean of the relative errors 

found between the original bit rates (as in Table 6.7) and the bit rates estimated with the model (6.3) 

with 𝛾𝑓
′′. As expected from the very low RMSE presented in Table 6.10 both the RMSE and the mean 

relative errors are extremely low between the model with 𝛾𝑓
′′ obtained with LOOCV and the real bit 

rates. 

Table 6.11 - Performance 𝑅𝑝(𝑓) with 𝛾𝑓
′′ relative to the observed bit rates from Table 6.7. 

Model PLCC SRCC RMSE Mean Relative Errors [%] 

𝑹𝒑(𝒇, 𝜸
𝒇

= 𝜸
𝒇

′′) 0.99 0.98 8.54 6.78 

 

E. Estimation of the Bit Rate Model Parameter 𝜸𝒔 

To estimate the bit rate model in function of the spatial resolution, two or three impaired 

sequences from each video were generated with 960×480, 1920×960, and 3840×1920 spatial 

resolution using spatial subsampling, depending on the native spatial resolution, each with the 

maximum temporal resolution and the minimum 𝑞. The original sequences with spatial resolution of 

3840×1920 or 7680×3840 were also included. After, the real bit rates (𝑅(𝑠)) were computed with (6.5) 

and results are shown in Table 6.12. 

Table 6.12 – Real bit rates obtained for each sequence for each considered spatial resolution. 

𝑹(𝒔) [MB/s] 
Spatial Resolution, 𝒔 

960×480 1920×960 3840×1920 7680×3840 

Sequence 

AerialCity 6.473 32.670 250.064 - 

DrivingInCity 8.088 32.973 159.812 - 

DrivingInCountry 11.756 48.643 221.102 - 

PoleVault 13.275 63.221 243.746 - 

Harbor 2.320 9.233 36.904 145.444 

KiteFlite 5.231 21.465 79.984 247.458 

SkateboardInLot 12.459 45.870 141.488 369.385 

ChairliftRide 7.598 26.680 88.913 284.768 

SkateboardTrick 9.665 36.043 106.397 351.565 

Train 5.269 17.255 54.556 205.615 

 
Then, the algorithm proposed in section 6.2.2.B was applied considering the model of (6.4) to find 

the sequence dependent parameters 𝛾𝑠 that better fit the real bit rate values of Table 6.12, in terms of 

the spatial resolution, 𝑠. The 𝛾𝑠 parameters found with the proposed algorithm and their threshold 

relative errors are presented on Table 6.12. Figure A. 15 in Appendix 3 shows the fittings of the real bit 

rates obtained with 𝑅𝑝(𝑠) with 𝛾𝑠, where it is noticeable an almost linear behavior of the bit rate in 

function of the spatial resolution. The model fitting obtains this characteristic values for 𝛾𝑠 near 1.  

As shown in Table 6.13, the model parameter, 𝛾𝑠, is sequence dependent; to predict it from the 

video characteristics, a stepwise regression with bidirectional elimination was applied, assuming a 

linear model between 𝛾𝑠 and the content-dependent video features described in section 5.3.1. 
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Table 6.13 - 𝛾𝑠 parameters obtained with the proposed algorithm and their relative error threshold. 

Sequence 𝜸𝒔 
Relative Error 
Threshold [%] 

Sequence 𝜸𝒔 
Relative Error 
Threshold [%] 

AerialCity 1.373 14.57 KiteFlite 0.924 13.58 

DrivingInCity 1.00 6.41 SkateboardInLot 0.805 13.88 

DrivingInCountry 1.072 3.19 ChairliftRide 0.872 4.34 

PoleVault 1.028 7.54 SkateboardTrick 0.846 7.60 

Harbor 0.987 2.10 Train 0.885 9.74 

 
Using all the video sequences considered in Table 6.12, the resulting model for the prediction of 

parameter 𝛾𝑠 was: 

𝛾𝑠
′ = 𝑥1 + 𝑥2𝐷𝐹𝐷 + 𝑥3(𝑁𝑆𝐼 × 𝑁𝑇𝐼) + 𝑥4 log10(𝑁𝑆𝐼) + 𝑥5(𝑁𝑉𝑀_𝑀𝐴𝐼 × 𝐷𝐹𝐷) (6.8) 

with a significant p-value of 2%, thus lower than 5%, indicating that there is sufficient evidence to 

reject the null hypothesis (Ho: “The regression 𝛾𝑠
′ does not explain 𝛾𝑠.”). The model coefficients are 

present in Table 6.14. 

Table 6.14 - 𝑥 coefficients obtained for (6.8). 

Coefficient 𝐱𝟏 𝐱𝟐 𝐱𝟑 𝐱𝟒 𝐱𝟓 

Value 1.427 0.112 -4.100 1.879 -0.004 

The previous model, and their coefficients (presented in Table 6.14) was obtained with all videos. 

To validate the model, the LOOCV technique was applied, with nine rounds. Table 6.15 contains the 

values found for the predictions of 𝛾𝑠 with the all group of videos, 𝛾𝑠’, and with LOOCV, 𝛾𝑠’’, As 

expected, the RMSE is higher for the parameterization with LOOCV but without a significant increase. 

Table 6.15 - Comparison between the parameter 𝛾𝑠 obtained with model fitting, the prediction 𝛾𝑠’ obtained using 

all videos for training and the prediction 𝛾𝑠’’, obtained with LOOCV. 

Sequence 𝜸𝒔 𝜸𝒔
′  RMSE of 𝜸𝒔’ 𝜸𝒔

′′ RMSE of 𝜸𝒔′’ 

AerialCity 1.373 1.293 

0.06 

1.456 

0.1 

DrivingInCity 1.00 1.035 0.988 

DrivingInCountry 1.072 1.164 1.281 

PoleVault 1.028 1.045 1.069 

Harbor 0.987 0.968 0.960 

KiteFlite 0.924 0.961 0.977 

SkateboardInLot 0.805 0.781 0.807 

ChairliftRide 0.872 0.902 0.913 

SkateboardTrick 0.846 0.927 0.971 

Train 0.885 0.814 0.735 

 
Table 6.16 presents the resulting PLCC, SRCC and RMSE and also the mean of the relative 

errors found between the real bit rate presented on Table 6.12 and the results obtained with the model 

(6.4) using the estimated 𝛾𝑠’’. As expected from the low RMSE presented in Table 6.15, both the 

RMSE and the mean relative errors are low between the model with 𝛾𝑠
′′ and the real bit rates.  
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Table 6.16 - Performance of 𝑅𝑝(𝑠) with 𝛾𝑠
′′ relative to the observed bit rates from Table 6.12. 

Model PLCC SRCC RMSE Mean Relative Errors [%] 

𝑹𝒑(𝒔, 𝜸𝒔 = 𝜸𝒔′′) 1.00 0.99 7.50 16.52 

 

6.2.3 Final Model Performance Evaluation 

To test the performance of the bit rate prediction model (6.1) with the three effects combined, the 

model (6.1) was used to compute the predicted bit rate of every sequence ever generated throughout 

this work with Qp of 15, 30, 35, 40, or 45, making a total of 194 decoded sequences, which are 

included in Table 6.17. 

Table 6.17 – List of encoded sequences used to assess the bit rate prediction model (see sequence labels in 
Table 4.2). 𝑠𝑚𝑎𝑥 and 𝑓𝑚𝑎𝑥 are the video original spatial and temporal resolutions and 𝑞𝑚𝑖𝑛 corresponds to 3.546. 

Sequence (by label) Encoding Conditions 

a,b,c,d,e,f,g,h,i,j (𝑠𝑚𝑎𝑥, 𝑓 = [30], 𝑞 = 𝑞(𝑄𝑝 = [15, 30, 35, 40, 45])) 

g,i,j 
(𝑠 = [960 × 480, 1920 × 960, 3840 × 1920, 7680 × 3840], 

 𝑓 = [15, 30, 60], 𝑞 = 𝑞(𝑄𝑝 = [15, 30, 35])) 

a,b,c,d,e,f,g,h,i,j (𝑠𝑚𝑎𝑥, 𝑓𝑚𝑎𝑥 , 𝑞𝑚𝑖𝑛) 

a,b,c,d,e,f,g,h,i,j (𝑠𝑚𝑎𝑥, 𝑓𝑚𝑎𝑥 , 𝑞 = 𝑞(𝑄𝑝 = [15, 30, 35, 40, 45])) 

a,b,c,d,e,f,g,h,i,j (𝑠𝑚𝑎𝑥, 𝑓 = [7.5, 10, 15, 30, 60], 𝑞𝑚𝑖𝑛) 

a,b,c,d,e,f,g,h,i,j (𝑠 = [960 × 480, 1920 × 960, 3840 × 1920, 7680 × 3840], 𝑓𝑚𝑎𝑥, 𝑞𝑚𝑖𝑛) 

For each decoded sequence from the list in Table 6.17 it was computed the real bit rate with (6.5) 

and the predicted bit rate with (6.1) using the corresponding maximum bit rate, maximum spatial and 

temporal resolutions, minimum quantization parameter and parameters 𝛾𝑞′′, 𝛾𝑓′′ and 𝛾𝑠′′. Then, the 

relative error between the real and predicted bit rates was computed. The combined model applied on 

the aforementioned sequences has a mean of relative errors of 30.84% and only 16.58% of the videos 

have a relative error above 50%. Figure 6.2 shows a cumulative distribution of videos which presented 

a bit rate relative error lower than x % with the amount of videos in percentage. This bit rate prediction 

doesn’t use any information about the decoded video sequence neither the bit stream and it is only 

based on the original uncompressed video sequence, which explains the relatively high mean relative 

error of 30.84%. However, for this type of streaming application this may be considered acceptable. 

 

 
Figure 6.2 – Cumulative distribution of the errors of the bit rate estimation model. 
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6.3 Best Representations Selection 

With predictive models of bit rate and subjective quality, it is now possible to define an algorithm to 

select best representations under certain conditions, for example, considering a limited bandwidth 

environment. Similarly to [36], an algorithm for selecting best representations was developed, which is 

described next. 

6.3.1 Representation Selection Algorithm Description 

The algorithm designed to select a set of the best representations of a video sequence uses the 

quality (5.44) and bit rate (6.1) prediction models previously presented in this thesis to obtain accurate 

bit rate and quality estimations for each possible representation. The algorithm receives the following 

inputs: 

 Set of possible spatial and temporal resolutions and qualities (via a set of Qp). 

 Maximum bit rate (obtained with 𝑠𝑚𝑎𝑥 , 𝑓𝑚𝑎𝑥 , 𝑞𝑚𝑖𝑛), original temporal and spatial resolutions values 

and minimum quantization parameter. 

 Model parameters previously estimated for each video, such as 𝑏′′, 𝑐3′′, 𝑎1
′′, 𝛾𝑞′′, 𝛾𝑓′′ and 𝛾𝑠′′. 

 A selection criterion: selection by perceptual quality or selection by bit rate. 

 For the selection by perceptual quality it receives the minimum and maximum MOS plus a 

MOSfluctuation. 

 For the selection by bit rate it receives as input a minimum and maximum bit rates. 

 A number of intervals 𝑁 between maximum and minimum MOS or bit rate, depending on the 

criterion selected. 

The output of the algorithm is a set of representations. Using the predictive quality and bit rate 

models presented in the previous sections, the algorithm can be described with the next steps: 

1. For each combination of spatial resolution, temporal resolution and quantization parameter in the 

inputs sets compute the predicted MOS and bit rate. Each combination is a possible 

representation. 

2. Pick a criterion: If the criterion is the selection by perceptual quality go to step 3. If the criterion is 

the selection by bit rate go to step 5. 

3. Divide the space between maximum and minimum MOS in N equally sized intervals. 

4. For each interval limit (MOSn), pick the representation that has the minimum bit rate and a MOS 

inside MOSn ∓ MOSfluctuation. 

5. Divide the space between maximum and minimum bit rate in N equally sized intervals. 

6. For each interval limit (Rn), pick the representation that has the highest MOS and a bit rate up to 

Rn.  

6.3.2 Representation Selection Algorithm Performance 

The following two sections present the two use cases of best representation selections, one for 

each selection criterion described above.  
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The sets of spatial resolutions (960×480, 1920×960, 3840×1920 and 7680×3840) and temporal 

resolutions (7.5, 10, 15, 30 and 60 fps) used to test the algorithm were the same as the sets used in 

the subjective quality test sessions. However, since the Qp might have a big impact on the bit rate and 

all values of Qp between 1 and 51 are possible, the Qp set includes all the values between 15 and 45. 

This Qp set can be used with the criterion of selection by bit rate. However, since the scores of the 

subjective tests were given to sequences with the following Qp set: 15, 30, 35, 40, 45, to test the 

criterion of perceptual quality, this Qp set was used. 

The quality and bit rate prediction models used were (5.44) with of (5.38), (5.24) and (5.32) and 

(6.1) respectively. The model parameters used in the prediction models were the ones obtained with 

LOOCV. 

A. Selection by Perceptual Quality 

In this case, the representation that for specific MOS (from a set of MOS) has the lowest bit rate 

is selected. The algorithm was tested using the sequences SkateboardInLot and ChairliftRide. Figure 

6.3 and Figure 6.4 present the result of the algorithm (blue circles) for a MOS range between 1 and 5, 

with 𝑁 = 7 and a fluctuation (MOSfluctuation) of 10% of the MOSn. In the figures, the red circles represent 

the real bit rates obtained after encoding the selected representations. Note that the error between 

predicted and real bit rate increases when the Qp decreases. This might be explained with the final 

result shown in section 6.2.2.C, where, for lower Qp values, the model 𝑅𝑝(𝑞) did not fit the 

observations so well, thus introducing some error. 

B. Selection by Bit Rate 

In this case, the representation that for a specific bit rate (from a set of bit rates) has the higher 

MOS is selected. The algorithm was evaluated only using the sequence Train, due to the low number 

of representations that can be outputted by the algorithm matching the sequences used in the 

subjective test sessions. Figure 6.5 presents the result of the algorithm for a bit rate range between 

140 kbit/s and 21.7 Mbit/s, with 𝑁 = 20. Each point of the figure is labeled with the representation that 

has the highest MOS and a bit rate up to the specified bit rate. Note that a comparison with all the real 

bit rates/MOS are not possible in Figure 6.5, since the combinations outputted by the algorithm were 

not used in the subjective test sessions. 

Since the range of quantization parameters used in the subjective tests was limited to 15, 30, 35, 

40 and 45, to test the algorithm, this set of Qp was used. The algorithm was run again for the same 

sequence with the new set of Qp, between 1.7 Mbit/s and 13 Mbit/s, with 𝑁 = 10. Figure 6.6 presents, 

in blue, the predicted quality for each bit rate and in red the MOS obtained in the subjective tests for 

the same representation. Though several representations were outputted by the algorithm, only the 

three presented points matched the scores from the set of representations used in subjective test 

sessions. The quality prediction tends to be rather close to the subjective score. 
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Figure 6.3 - Comparison between predicted (blue) and real bit rate (red) for selection by perceptual quality for the 
sequence SkateboardInLot. 

 

 
Figure 6.4 - Comparison between predicted (blue) and real (red) bit rate for selection by perceptual quality for the 
sequence ChairliftRide. 
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Figure 6.5 - Representations with the selection by bit rate algorithm using the sequence Train. 

 
 

 
Figure 6.6 - Comparison between predicted and real MOS when selecting representations with maximum MOS up 
to a specific bit rate using the sequence Train. 
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Chapter 7                                                   
Final Conclusions 
 

7.1 Summary 

It was proven that the conventional objective metrics and the ones designed for 360° video can assess 

with high accuracy the effects caused by spatial down sampling and Qp variations independently. On 

this topic, it also proved the advantage of using multi scale SSIM metrics to access a mix of spatial 

resolution and Qp variations. 

Also, it was verified that a quality prediction model based only on uncompressed video using 

features intrinsic to them can effectively measure the perceptual quality drop due to temporal/spatial 

down sampling and/or quantization increasing (in this video dataset). The developed quality prediction 

model developed considers as independent the three effects prorogued by changes in 

temporal/spatial resolution and Qp. As observed, might not exist a complete independency between 

the three effects as considered here and in the literature. The temporal model could also be added to 

objective metrics used to evaluate the impact of only the spatial resolutions down sampling and Qp 

increasing to evolve the second one, therefore making him capable of assess also the subjective 

impact of temporal resolution variations.  

In the subject of bit rate based on an independent three factor model considering the impacts of 

spatial/temporal down sampling and Qp increasing, was shown that a model based only on the original 

video can predict bit rate with a relative error 33% (in this video dataset) considering a not optimized 

procedures (see Future Work to see some optimization procedures suggested). 

After that, with quality and bit rate prediction models, it was possible to develop an algorithm for 

best representation selection using the prediction models. 

 

7.2 Future Work 

Despite the promising results presented on this thesis, some limitations were found. There are 

presented next some actions that could be taken in order to validate the work done on this thesis on a 

wider group of videos and might as well generate even better quality and bit rate prediction models 

with the same procedures described in the previous chapters: 

 Considering the omnidirectional video, the impact of the subjective assessment session duration 

on subject results is higher, due to fatigue and dizziness. Therefore, it should be shorter. 

However, due to his limitation, only a few sequences were generated from the original videos, 

implying that the predictions models were based on few video sequences, reason why a similar 

procedure should be done with a bigger amount of testing video sequences.  

 During the development of the quality prediction models, there was used a library of 20 

uncompressed sequence dependent features to define the model parameters prediction and at 
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most 6 videos, leading to the need of using LOOCV to avoid testing and training with the same 

video sequences. Naturally, using more videos to create prediction models might increase the 

consistency of the model parameter prediction parameterizations. 

 In the bit rate prediction, the bit rates used for modeling were obtained only from 1 second of 

each full video sequence. Since there were no scene transitions in any of them, the bit rate might 

be constant over the entire duration of each sequence. Probably, a solution based on the entire 

video sequence might be advantageous as well as divide videos in smaller segments, like groups 

of one or two GoPs and make a prediction for each group of GoPs with the features associated 

with them. 

 Moreover, the bit rate prediction model based on Qp variations has proved to have a considerably 

high mean relative error (around 30%), reason why it could be developed new fittings with a 

higher minimum Qp, (even though reducing the maximum quality, subjective tests have proven 

that there is no significantly increase of QoE between Qp of 15 and 30), meaning higher that 15, 

that might lead to a more accurate prediction quality model based on Qp. 

 A wide group of state of the art works in the literature has served to prove that users can be more 

prone to a certain distortion effect, like being more sensible to artifacts caused by changes in 

spatial resolution than by variating the Qp. So, it might be useful to include an additional 

consideration in the proposed best representation algorithm which was a distance between 

representations, that could be a combination of the distance between each representation 

characteristic (spatial/temporal resolution and Qp) each weighted by a factor according to the 

client´s preferences. 
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Appendix 1  

 
a) SSIM 

 
b) MS_SSIM 

 
c) W_SSIM 

 
d) WMS_SSIM 

 
e) PSNR 

 
f) SPSNR 

 
g) WS_PSNR 

 
h) VPSNR 

A. 1 - Logistic fit of the DMOS of the spatial resolution subjective assessment session with objective metrics 
applied to different spatial resolutions.  
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A. 2 - Comparison between DMOS of the spatial resolution subjective assessment session and DMOSp, where 
DMOSp refers to the objective metrics applied to different spatial resolutions after application of a logistic function.  
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A. 3 - Logistic fit of the DMOS of the compression subjective assessment session with objective metrics applied to 
different quantization parameters.  
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A. 4 - Comparison between DMOS of the compression subjective assessment session and DMOSp, where 
DMOSp refers to the objective metrics applied to different quantization parameters after application of a logistic 
function.  
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A. 5 - Logistic fit of the DMOS of the spatial resolution and compression subjective assessment sessions with 
objective metrics applied to different spatial resolutions and quantization parameters.  
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h) VPSNR 

A. 6 - Comparison between DMOS of the spatial resolution and compression subjective assessment sessions and 
DMOSp, where DMOSp refers to the objective metrics applied to different spatial resolutions and quantization 
parameters. 
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Appendix 2  

 

 
A. 7 - Fitting of the NMOS from the temporal resolution assessment subjective test with 𝑇𝐶𝐹(𝑓, 𝑏). 
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A. 8 - Fitting of the MOS obtained for sequences with variable spatial resolution and quantization step with the model 𝑀𝑂𝑆𝑝(𝜌, 𝑠 ). 
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A. 9 - Fitting of the NMOS from the spatial resolution quality assessment subjective test with the model 𝑆𝐶𝐹3(𝑠, 𝑐3). 
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A. 10 - Fitting of the NMOS from the spatial resolution quality assessment subjective test with the model 𝑆𝐶𝐹6(𝑠, 𝑐6, 𝛾6). 
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A. 11 - Fitting of the NMOS from the compression quality assessment subjective test with the model 𝑄𝐶𝐹1(𝑞, 𝑎1). 
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A. 12 - Fitting of the NMOS from the quantization quality assessment subjective test with the model 𝑄𝐶𝐹2(𝑞, 𝑎2, 𝛾2).
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Appendix 3  

 

 

A. 13 - Fitting of the bit rates observed by encoding original videos with different Qp with the model 𝑅𝑝(𝑞, 𝛾𝑞).
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A. 14 - Fitting of the bit rates observed by encoding original videos with different frame rates with the model 𝑅𝑝(𝑓, 𝛾𝑓). 
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A. 15 - Fitting of the bit rates observed by encoding original videos with different Qp with the model 𝑅𝑝(𝑠, 𝛾𝑠). 


