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Abstract— Nowadays, 3D video applications and services are 

emerging, as a result of several technological advances that 

have led to a significant reduction in the cost of 3D 

acquisition devices and 3D displays. New visualization 

experiences, such as Free Viewpoint Video (FVV) are now 

possible providing more immersive, interactive and 

appealing experiences to the end user than those provided by 

the classic 2D video. FVV enables the user to interactively 

control the viewpoint of a scene, without disruptions in the 

displayed video while changing the different viewpoints. 

However, due to bandwidth constraints, only a few views are 

transmitted and the rest are synthesized in the receiver side. 

The synthesis of intermediate viewpoints is usually made 

with a Depth Image Based Rendering (DIBR) technique, 

which requires the transmission of additional depth data to 

render intermediate views. Thus, in the synthesized views, 

several artifacts may occur, due to the lack of accuracy in 

the depth acquisition, compression or transmission errors in 

the depth maps, and errors due to the view synthesis solution 

(especially relevant in occluded areas). For the full 

acceptance of FVV, a high users’ QoE should be 

guaranteed. In order to allow an accurate estimation of the 

users’ perceived quality, this dissertation proposes a new 

quality assessment metric (full-reference) for synthesized 

images.  The goal of this novel metric is to identify the 

synthesis artifacts which most affect the QoE (e.g., edges 

distortions). The metric was evaluated using two distinct 

databases, and compared with conventional 2D Quality 

Metrics, as well as with metrics specifically addressing the 

quality assessment of synthesized images. The results show 

that the proposed metric provides a good prediction of the 

quality of the image perceived by the users’, outperforming 

the considered state-of-the-art metrics. 
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I.  INTRODUCTION  

Nowadays, 3D video applications and services are emerging, 

as a result of several technological advances that have led to a 

significant reduction in the cost of acquisition devices (e.g., 3D 

cameras and arrays of cameras) and 3D displays (e.g., stereo 

TV sets and mobile terminals with 3D enabled capacities). 

New visualization experiences, such as Free Viewpoint Video 

(FVV) are now possible providing more immersive, interactive 

and appealing experiences to the end user than those provided 

by the classic 2D video. However, applications involving 3D 

images and video goes beyond entertainment (like films, TV, 

and games), playing an increasingly important role in other 

areas, such as medicine, education and surveillance. Figure 1 

illustrates some examples of current 3D image and video 

applications. In this context, two promising 3D video 

representations are the multiview video (MVV) and multiview 

video plus depth (MVD) formats. The multiview video 

representation consists in two or more views that are 

simultaneously acquired from different viewpoints. The 

transmission of multiview video requires that all views be 

compressed and transmitted, which is a challenge in terms of 

memory, computational power and bandwidth. The MVD 

format consists of multiview video and an associated depth 

map for each view. This format was proposed to reduce the 

number of views in comparison with multiview video, thus 

saving bitrate. In the MVD format, a limited number of views 

(much lower than multiview video) of texture and depth videos 

are encoded, and one or more intermediate views are 

synthesized for any arbitrary viewpoint. This opens the door 

for novel applications, such as FVV, where several virtual 

views are synthesized at the decoder (without requiring any 

information from the encoder) providing a smooth transition 

(spatially) from one view to another and a selection by the user 

of any arbitrary view. 

 

 
Figure 1- Promising 3D applications; starting from the left: home 

television, video gaming, and remote surgery. 

One of the main barriers to the widespread adoption of 

MVD video in telecommunications services is the ability to 

ensure satisfying quality of experience (QoE) to the end user. 

Still, MVD video is rather demanding in terms of bitrate and 

thus must be efficiently compressed before being transmitted 
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over the network channel. Furthermore, when the transmission 

channel has limited bandwidth and time varying 

characteristics, compression and transmission impairments can 

lead to artifacts, with a higher subjective (and negative) 

impact on perceived quality than in conventional 2D video. 

Also, FVV applications require a huge number of viewpoints 

(up to a few thousand views) to enable free navigation within 

the video scene. However, due to bandwidth constraints, only 

a few views are transmitted and the rest are synthesized in the 

receiver side. The synthesis of intermediate viewpoints is 

usually made with a Depth Image Based Rendering (DIBR) 

technique, which requires the transmission of additional depth 

data to render intermediate views. Thus, in the synthesized 

views, several artifacts may occur, due to the lack of accuracy 

in the depth acquisition, compression or transmission errors in 

the depth maps and errors due to the view synthesis solution 

(especially relevant in occluded areas). Therefore, the 

development of accurate and practical methods to assess the 

MVD video quality is of the upmost importance for content 

and service providers, who need to optimize the 3D video 

delivery process. In this process, subjective assessment is 

expensive, time consuming and it is not possible to conduct in 

real time, so an objective and automatic reliable quality 

assessment, which takes into account the human visual 

system, remains an open problem. 

Thus, the context of this work is in the MVD video quality 

assessment field which is, nowadays, a very hot topic and 

important to ensure successful MVD systems which are 

constantly monitored and optimized with a reliable quality 

evaluation procedure. Indeed, the success of 3D video 

applications, namely FVV, depends on the ability of MVD 

systems to provide high quality content with a satisfying 

Quality of Experience (QoE).   

The image quality assessment techniques available in the 

literature have left open doors to explore, regarding the 

identification of synthesis artifacts and the quantification of 

their impact on QoE. In this context, the main objective of this 

work is to propose a new full reference quality assessment 

metric for DIBR-based synthesized images.  This new metric 

should mainly model the distortions introduced in perceptually 

sensitivity areas such as edges and disoccluded regions. To 

achieve this goal, existing edges distortion metrics - available 

in the literature and developed with different purposes - will 

be implemented and assessed, to evaluate their 

appropriateness for the quality evaluation of synthesized 

images. The best solution will be then combined with an 

existing 2D metric, for an overall quality metric of synthesized 

views impaired by synthesis specific artifacts and compression 

specific artifacts (these last ones inherit from the source views, 

if compressed).  

II. RELATED WORKS 

Nowadays, there are many objective video quality 

assessment (VQA) metrics developed for 2D video. However, 

they are not accurate enough to assess the visual quality of the 

3D synthesized views. The 2D VQA metrics underestimate 

some dominant distortions of the synthesized view such as 

inconsistent object shifting and edge distortion, which are very 

annoying and noticeable for the end user. Also, tiny geometric 

distortions, consistent object shifting, inter-view camera noise 

and illumination difference, which can hardly be perceived by 

human subjects, might be overestimated by traditional VQA 

metrics [1] [2].  In consequence, several VQA models for 3D 

synthesized views have been recently proposed (e.g., [1] [2] [3] 

[4] [5] [6] [7]), and some key findings have emerged that, 

besides justifying the rational for the proposed methods, may 

also drive the development of new quality metrics. These 

findings are summarized below. 

A. Applicability of 2D video quality assessment to DIBR 

synthesized views: 

1. Subjective assessment procedures developed for 2D 

video are still valid for the subjective quality assessment 

of DIBR synthesized views; Paired Comparisons (PC) 

and Absolute Categorical Rating (ACR) results are 

highly correlated, but fewer observers are required for 

PC [1]. 

2. Objective assessment metrics developed for 2D video 

hardly correlate with subjective assessments of DIBR 

synthesized views. This is because artifacts resulting 

from DIBR algorithms are different from those resulting 

from compression, and are located in specific areas 

(those resulting from compression are typically 

scattered) [48]. 

B. DIBR artifacts origin: 

1. Artifacts are mainly due to disocclusions which are 
more likely to occur around sharp discontinuities 
(objects borders); disoccluded areas have to be 
extrapolated, through inpainting techniques, resulting in 
contours discontinuities and texture blurring [1]. 

2. Incorrect depth values (due to inaccurate depth 

estimation or/and depth compression) lead to objects 

shifts and/or resizing in the synthesized views; however, 

"consistent" shifts/resize (i.e., the object maintains its 

original structure), have little impact on the perceived 

quality [3], [7]. 

3. View synthesis yields high distortions that mask those 

due to depth map compression, suggesting that depth 

map can be compressed at low bit rates [5]. 

4. Texture compression results in blur and block effects 

on the reference views, that are inherited by the 

synthesized views [2]. 

5. Lack of temporal consistency between successive 

frames of the synthesized views creates flickering [4].  

C. DIBR artifacts versus cameras position: 

1. With the increasing distance between two consecutive 

cameras the quality of the intermediate synthesized 

views decreases [5]. 

2. Low depth areas are more vulnerable to rendering 

distortions than high depth areas [4]. 

D. Perception of DIBR specific artifacts by the Human 

Visual System (HVS): 

1. The main distortions affecting the perceived quality are 

ghost-type errors, inconsistent object shifts and 

temporal flickering [2] [7]. 

2. The HVS is more affected by distortions happening on 

the front part of the scene (lower depth) [6]. 

3. The HVS sensitivity in flat areas is higher than in 

textured regions (areas with high spatial activity); 

however, errors in object contours have high perceptual 

impact [2] [6]. 
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4. The synthesis distortions around the object contours are 

more noticeable for moving objects than for static ones 

[2]. 

5. Viewers are very sensitive to artifacts occurring around 

human representations; a higher weight should be 

applied to errors in human representations [3]. 

III. PROPOSED MODELS FOR QUALITY ASSESSMENT OF 

SYNTHESIZED IMAGES 

The proposed model is composed by two main modules: 

2D Image Quality Metric and Structural Quality Metric; 

Figure 2 illustrates its block diagram. The 2D Image Quality 

Metric module aims to predict the impact, on the perceived 

image quality, of the artifacts resulting from compression; the 

objective of Structural Quality Metric module is to predict the 

impact of edges distortions. 

Each main module receives two images has input: a 

reference view and the synthesized view under assessment. 

The reference view can be the original image  corresponding 

to the synthesized view, resulting in a quality metric typically 

refereed as “full reference”, or one of the lateral views used 

for the synthesis process. Both metrics are block based, i.e., 

the two views are split into non-overlapping blocks and two 

quality scores (one from each module) are computed for each 

block.  These scores are then combined by the Fusion module, 

resulting in a single score for the predicted quality of the 

synthesized view. The motivation behind using block based 

metrics is the fact that a specific region in an image can be 

more degraded than other areas and by assessing the image as 

a whole it could fade important image errors. 

 
Figure 2 – Block Diagram of the Proposed Quality Metric. 

The following sections describe the solutions designed and 

implemented for each module of Figure 2, highlighting the 

rationale behind them.  

A. 2D Image Quality Metric 

The 2D Image Quality Metric is based on a traditional 
quality metric developed for 2D images and video, like the 
SSIM or the PSNR, since these techniques aim to assess the 
perceptual impact of compression artifacts. These metric are 
assessed pixel-by-pixel, so, before calculate them, consistent 
shifts introduced by the synthesis process need to be firstly 
estimated and then compensated.  As mentioned previously, 
this compensation is necessary to insure that the quality 
prediction is not being penalized due to those shifts which do 
not affect the users’ quality of experience. An example of this 
situation is presented in Figure  3 a displacement of 44 pixels is 
signalized by comparing the coordinates of a same point in the 
original and synthesized images, signalized in Figure 3 a) and 
b), respectively. Yet the quality of the rendered image in the 
neighborhood of the signalized point is quite good. 

 

 
Figure 3 – Comparing the shift for the same point between: a) 

Synthesized image; b) Reference image. 

Figure 4 illustrates the block diagram of the 2D Image 

Quality Metric module. The inputs are the synthesized image 

and the reference image. The shifts between the input images 

are estimated by computing the displacement vectors between 

the reference and synthesized images, using a traditional 

block-based motion estimation technique. These vectors are 

then applied to the synthesized image in order to produce a 

shift compensated texture image, spatially synchronized with 

the reference one, and then a classic 2D quality metric is used 

to evaluate the synthesized image.   

 
Figure 4 – Block Diagram of the 2D Image Quality Metric. 

 Consistent Shift estimation: to estimate the displacement 

vectors, the block matching algorithm with Exhaustive 

Search (BM-ES) was considered. Although being more 

computationally demanding then sub-optimum search 

procedures (e.g.,  Four Step Search, Diamond Search, 

Three Step Search, New Three Step Search, Adaptive 

Rood Pattern Search), the resulting PSNR between the 

compensated texture and the synthesized one is higher; 

also, real time implementation of the metric was not a 

target of this work.  

To increase the reliability of the estimated 

displacement vectors, a hierarchical BM-ES procedure was 

implemented: in a first iteration, the BM-ES is applied 

with large block sizes (e.g. 128×128 pixels) and a large 

search window (e.g., 50 pixels), which are progressively 

decreased in the following iterations. Figure 5 illustrates 

the search scheme, with the following definitions: 

 p1 – maximum  search displacement on the vertical 

direction (below and above the current block); 

 p2 – maximum  horizontal displacement on the 

horizontal direction (to the right and left sides of the 

current block); 

 mbSize1 – vertical block size; 

 mbSize2 – horizontal block size.  

The parameters p1 and p2 are defined independently in 

order to have a more flexible window search size. In fact, 

since the cameras are positioned at the same vertical line 

(in parallel), the disparity is mostly only significant in the 

horizontal direction, for this reason p1 is approximately 0. 

After applying the first iteration of the hierarchical 

BM-ES, each block will have an associated displacement 

vector; in the next iteration, the search window will be 
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centered on the position pointed by that vector, and this 

procedure is also applied in the following iterations (i.e., 

each iteration has a search window centered on the 

position pointed by the displacement found till the end of 

the previous iteration). 

The motion vectors estimated by hierarchical BM-ES 

are more reliable than using a non-hierarchical method, 

since at each iteration different levels of detail are 

addressed. This method aims, at first, to estimate the most 

consistent and bigger shifts and progressively estimates the 

most meticulous and detailed shifts. Also, this hierarchical 

method has the advantage of being more computational 

efficient comparatively to computing an Exhaustive Search 

using smaller block size and a larger window search. 

 
Figure 5 – Search block illustration. 

The implemented hierarchical BM-ES has three 

iterations and, at each iteration, the block size is halved in 

each direction. The final displacement  vector for each 

block results from the sum of the displacement vectors 

obtained in each iteration, as illustrated in Figure6: for the 

block on the left side, the estimated displacement after the 

first iteration is 𝑣1⃗⃗⃗⃗ ; this block is split in four blocks in the 

second iteration, and the estimated displacement for the 

upper-left block is 𝑣2⃗⃗⃗⃗ ; in the third iteration, the four blocks 

of the second iteration are split again, resulting in sixteen 

blocks and in vector 𝑣3⃗⃗⃗⃗  for the upper-left block.  The final 

displacement vector for the block signalized in green in 

Figure6 is then given by 𝑣 = 𝑣3⃗⃗⃗⃗ + 𝑣2⃗⃗⃗⃗ + 𝑣1⃗⃗⃗⃗ . 

 
Figure 6– Motion vectors for each estimation. 

 Texture Shift Compensation: after displacement 

estimation, the consistent shifts of the synthesized image 

are then compensated according to the found displacement 

vectors. 

 Classic 2D Quality Metric: finally, the quality of the 

compensated synthesized image is then evaluated using a 

2D full-reference quality metric. This procedure is applied 

at the block level and the 2D metrics considered are: 

SSIM, MSE (mean squared error) and FSIM (feature 

similarity metric, [8]). Although less known, the FSIM 

uses, as  image features, the  phase congruency (PC) and 

the gradient magnitude (GM), exploiting the fact that 

image positions with high values of PC and GM are those 

most discernible by the  human visual system. 

B. Structural Quality Metric 

The Structural Quality Metric module aims to quantify 
edges distortions; comparatively to the 2D module, it has an 
higher focus in the objects structure, with the goal of 

measuring the objects deformations. In order to quantify the 
edges distortions, two approaches have been studied, the first 
one based on the Hausdorff distance [9] and the second one 
based on the histogram of the image gradient. 

1) Hausdorff distance based approach 

The Hausdorff distance (HD) based approach targets to 

automatically detect and quantify non-consistent edge shifts 

and edges deformations, which may have a negative impact on 

the QoE. It is based on the classical HD but some 

modifications were proposed in order to improve the results. 

Figure7 illustrates the general block diagram of the HD based 

approach; its main building modules are detailed in the 

following text.  

 
Figure 7 – Block diagram of the Hausdorff based approach. 

 Shift estimation and compensation: The HD is computed 

between the edges of the reference and synthesized 

images; however, as for the 2D Quality Metric, consistent 

shifts need to be compensated beforehand. For this, the 

displacement estimation algorithm described for 2D Image 

Quality Metric is also used. Since the HD relies on images 

edges, the displacement vectors are estimated using the 

texture images, and the edge detector is also applied to 

those images; finally the displacement compensation is 

applied to the edge map of the synthesized image. This 

solution is presented in Figure 8. 

 

Figure 8 – Block Diagram of the shift estimation and 

compensation. 

 Edges detection: In this work, edges are detected using 

the Canny edge detector [10], available in Matlab; it is one 

of the most powerful edge detectors, in terms of edge 

detection rate, edge location and noise robustness. The 

method starts with a Gaussian filtering, to smooth the 

noise on the image, and the gradient is computed for each 

image pixel. The gradient magnitude is then assessed, in 

order to classify each pixel as an edge or non-edge 

position. The algorithm uses two different thresholds, T1 

and T2, with T1< T2. Points with gradient value above T2 

are considered as "strong edges", whereas points with 

gradient below T1 are considered "non-edges"; points with 

a gradient between T1 and T2 are considered "weak 

edges". Finally, the method performs edge linking, which 

considers as edges, "weak edges" that are 8-connected to a 

"strong edge". The thresholds can be adapted to the image 

content, using the Otsu’s Method [11]. 

 Hausdorff distance: The Hausdorff distance (HD) 

measures how far two subsets are from each other. 

Assuming the distance between two points a and b is 

defined as the Euclidean distance 𝑑(𝑎, 𝑏) = ‖𝑎 − 𝑏‖. The 
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distance between a point a and a set of points 𝐵 =
{𝑏1, … , 𝑏𝑁} is defined as 𝐷(𝑎, 𝐵) = min𝑏∈𝐵‖𝑎 − 𝑏‖. There 

are different procedures to define the distance between two 

points from set 𝐴 = {𝑎1, … , 𝑎𝑁} and from set 𝐵 =
{𝑏1, … , 𝑏𝑁}. The common Hausdorff distances, proposed 

by Huttenlocher [12], are presented from eq. (1) to (6). 

ℎ1(𝐴, 𝐵) = min
𝑎∈𝐴

𝐷(𝑎, 𝐵) (1) 

ℎ2(𝐴, 𝐵) = 𝐾𝑎∈𝐴
𝑡ℎ 𝐷(𝑎, 𝐵)50  (2) 

ℎ3(𝐴, 𝐵) = 𝐾𝑎∈𝐴
𝑡ℎ 𝐷(𝑎, 𝐵)70  (3) 

ℎ4(𝐴, 𝐵) = 𝐾𝑎∈𝐴
𝑡ℎ 𝐷(𝑎, 𝐵)90  (4) 

ℎ5(𝐴, 𝐵) = max
𝑎∈𝐴

𝐷(𝑎, 𝐵) (5) 

ℎ6(𝐴, 𝐵) =
1

𝑁𝑎
∑ 𝐷(𝑎, 𝐵)

𝑎∈𝐴

 (6) 

In this Thesis some variations for Hausdorff distance were 

also considered. From eq. (7) to eq. (9) the considered 

modifications for Hausdorff distance are presented. 

ℎ7(𝐴, 𝐵) = ∑ 𝐷(𝑎, 𝐵)

𝑎∈𝐴

 (7) 

ℎ8(𝐴, 𝐵) = ∑ 𝐻(𝐷(𝑎, 𝐵), 𝛿)

𝑎∈𝐴

 (8) 

ℎ9(𝐴, 𝐵) = ∑ 𝐷(𝑎, 𝐵) × 𝐻(𝐷(𝑎, 𝐵), 𝛿)

𝑎∈𝐴

               (9) 

Where 𝐻(𝐷(𝑎, 𝐵), 𝛿) is the Heaviside function defined by 

eq. (10) and 𝛿 is a distance threshold.  

𝐻(𝐷(𝑎, 𝐵), 𝛿) = {
0, 𝐷(𝑎, 𝐵) > 𝛿

1, 𝐷(𝑎, 𝐵) < 𝛿 
               (10) 

Since Hausdorff distance is asymmetric, different 

considerations were taken into account to combine the 

distance from set 𝐴 to set 𝐵 (ℎ(𝐴, 𝐵)) and the distance from 

set 𝐵 to set 𝐴, (ℎ(𝐵, 𝐴)), represented as 𝐻(𝐴, 𝐵). From eq. 

(11) to (14) the variations of 𝐻(𝐴, 𝐵) are presented.  

𝐻1(𝐴, 𝐵) = min (ℎ(𝐴, 𝐵), ℎ(𝐵, 𝐴)) (11) 

𝐻2(𝐴, 𝐵) = max(ℎ(𝐴, 𝐵), ℎ(𝐵, 𝐴)) (12) 

𝐻3(𝐴, 𝐵) =
ℎ(𝐴, 𝐵) + ℎ(𝐵, 𝐴)

2
 (13) 

𝐻4(𝐴, 𝐵) =
𝑁𝑎ℎ(𝐴, 𝐵) + 𝑁𝑏ℎ(𝐵, 𝐴)

𝑁𝑎 + 𝑁𝑏
 (14) 

The Hausdorff distance is then calculated using the possible 

combinations of ℎ(𝐴, 𝐵) and 𝐻(𝐴, 𝐵). 

In this work, the subsets 𝐴 and 𝐵 correspond to pixels in 

the image where edges are detected, 𝐴 refers to the synthesized 

image edges and 𝐵 to the reference image edges. 

To find the Hausdorff distance between set A and B, 

D(a, B), the knnsearch function, available in Matlab, is used to 

search the nearest point of set A to set B. Then, a zero matrix, 

with the same size as the image, is created and in the pixels 

where an edge is found the matrix stores the value of D(a, B). 

Since the Hausdorff distance is asymmetric, the same 

procedure is applied to find the distance between set B and A. 

Thus, in the end, two matrices are obtained, one with the 

nearest distance between set A and B and other with distance 

between set B and A. After obtaining the matrix of distances, 

the matrix is divided into blocks and the Hausdorff distance is 

calculated per block, obtaining an Hausdorff distance for each 

block. Then, to achieve a score between 0 and 1, the HD is 

normalized by 32 in case of eq. (1) to (6), 400 in eq. (7), 15 in 

eq. (8) and 100 in eq. (9). Thereafter, depending of the 

normalization factor, the score, S, can be higher than 1. To 

prevent this problem, eq. (15) is used: 

Snormalized = min(H(A, B), 1) (15) 

After ensuring that the score is contained between 0 and 1, 

the 0 most agree with the lowest image quality and 1 with the 

highest quality. In this particular case, 1 is obtained if H(A, B) 

has a high value, which also indicates that the image quality is 

low, reflecting that the distortion is high. So, to make 0 the 

worst quality and 1 the best quality, eq. (16) is applied.  

S =  1 − Snormalized (16) 

At this moment, the final Structural score resulting from 

Hausdorff distance based approach is obtained. As mentioned 

before, this score is obtained for each block of an image, so 

the output of this module is a matrix, where each index is the 

correspondent Structural score for that block, which after will 

be combined with other scores in the Fusion module. 

2) Gradient based Approach 

The gradient based approach uses the histogram of the 
gradient to assess the edge distortions. This approach computes 
the histogram of the gradient for the reference and for the 
synthesized images and then a technique to compare 
histograms is used. Figure 9 presents the block diagram of 
gradient based approach, which main modules are detailed in 
the following text.  

 

Figure 9 – Block diagram of Gradient based approach. 

 Consistent Shifts Estimation: As for the HD based 
approach, consistent shifts between reference and 
synthesized images should be firstly estimated and 
compensated. The displacement vectors are estimated using 
the texture images and the hierarchical BM-ES algorithm 
described in the 2D Image Quality Metric; the gradient 
corresponding to the synthesized image is then 
compensated using the estimated vectors 

 Gradient calculation: Being I the intensity of a digital 

image (i.e., any color component from the space of colors) 

and I(i, j) its value in position (i, j). The gradient of I results 

in applying the differential operator to image I, expressed in 

eq. (17). 

∇I(i, j) = (Ix(i, j), Iy(i, j)) (17) 

The magnitude of I and its phase are obtained through eq. 

(18) and eq. (19), respectively: 

|∇I(i, j)| = √(Ix(i, j))
2
+ (Iy(i, j))

2
 

(18) 

θ(i, j) = tan−1
Iy(i, j)

Ix(i, j)
 (19) 

where, Ix(i, j) =
∂I(i,j)

∂x
 and Iy(i, j) =

∂I(i,j)

∂y
. 

In the discreet domain, the gradient operator is typically 

implemented through a convulsion of the image using a 2D 

filter. In this work, Sobel was used as 2D filter and the 

magnitude and direction of gradient were computed using 

the Matlab function: imgradient.   

 Histogram computation: The histogram computation was 
conducted using the histogram of oriented gradients 
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(HOG). The HOG counts the occurrences of gradient 
orientation in an image. First the image gradient is 
computed and then each pixel within the image contributes 
with a weighted vote for an orientation-based histogram 
based on the values found in the gradient computation. The 
histogram bins, corresponding to the gradient orientation, 
are evenly spread over 0 to 360 degrees. The weighted vote 
considered in this work was the sum the gradient amplitude 
which belongs to the same gradient direction.  

The image gradients have higher magnitudes in the 
borders of objects than in other spots of an image, where 
there are no edges, and that lower magnitudes are 
considered noise which will affect the computation of 
HOG. In an attempt to reduce the image noise, the pixels 
with magnitude higher than 75 were the only considered. 
This value was defined by inspecting the magnitude values 
in smooth areas of the image. The threshold of 75 was 
concluded to be a reasonable value since it would filtrate 
the most part of the noise.  

Similarly with HD based approach, the image gradient 
is calculated for the whole image but then the HOGs are 
computed per block, that is, the comparison of histograms 
is assessed at the block level. To compute the gradient of an 
image, the Matlab function imgradient was used. 

After computing the HOG for reference and 

synthesized views, the “Histogram Comparison” module 

compares the histogram between original and synthesized 

views. In this step, different histogram comparisons 

algorithms are considered: 

 Edge Comparison (component E of ESSIM): the 

edge comparison, 𝑒, can be obtained by using eq. 

(20), where 𝑥 and 𝑦 represent the HOG of the 

reference image block and the synthesized one 

respectively, 𝜎𝑥 and 𝜎𝑦 are the standard deviation of 

the histogram of original and synthesized views and 

𝜎𝑥𝜎𝑦 is the covariance. In this equation, 𝑐 is equal to a 

smaller value only to prevent to have a division by 

zero. 

𝑒 =
𝜎𝑥,𝑦 + 𝑐

𝜎𝑥𝜎𝑦 + 𝑐
 (20) 

 Kolmogorov-Smirnov (KS): this technique is 

calculated by subtracting the cumulative function, 

𝐶𝐹, of each histogram and then find its maximum. 

Eq. (21) describes the technique, where 𝐶𝐹𝑥 and 

𝐶𝐹𝑦 represent the cumulative function of the HOG of 

the reference image block and the cumulative 

function of the synthesized one respectively. 

𝐾𝑆 = max( |𝐶𝐹𝑥 − 𝐶𝐹𝑦|)  (21) 

 Bhattacharyya (BC): this technique measures the 

amount of overlap between two histograms. Eq. 

(22)(22) describes this technique, where 𝑥𝑖 and 𝑦𝑖  are 

the bins of reference and distorted HOGs divided by 

the total are of the histograms, in order to return a 

value between 0 and 1.  

𝐵𝐶 = ∑√𝑥𝑖 × 𝑦𝑖

𝑛

𝑖=1

  (22) 

 Chi-Square statistic (CS): this technique compares 

two variables, in this case, the reference and 

synthesized HOGs, and calculates how much relation 

exists between each other. Eq. (23) illustrates this 

technique: 

𝐶𝑆 = ∑
(𝑥𝑖 − 𝑚)2

𝑚

𝑛

𝑖=1

, 𝑚 =
𝑥𝑖 + 𝑦𝑖

2
  (23) 

 Histogram Intersection (HI): this technique 

measures the amount of bins of reference HOG that 

are intersected with the bins of synthesized HOG. Eq. 

(24) presents this technique: 

𝐻𝐼 =
∑ min (𝑥𝑖 , 𝑦𝑖)

𝑛
𝑖=1

∑ 𝑥𝑖
𝑛
𝑖=1

  (24) 

 Tanimoto (TM): this technique sums the absolute 

difference between the reference and synthesized 

HOGs and divides by the sum of the maximum value 

in each bin, illustrated in eq. (25). 

𝑇𝑀 = 1 − 
∑ |𝑥𝑖 − 𝑦𝑖|

𝑛
𝑖=1

∑ max (𝑥𝑖 , 𝑦𝑖)
𝑛
𝑖=1

  (25) 

 Match Distance (MD): this technique calculates the 

average difference between the cumulative functions 

of reference and synthesized HOGs per bin, depicted 

in eq. (26), where 𝑛 represents the number of bins for 

each HOG. 

𝑀𝐷 = 1 −
 ∑|𝐶𝐹𝑥 − 𝐶𝐹𝑦|

𝑛 − 1
 (26) 

Using one of the previous presented techniques for 

histogram comparison, a structural score is obtained per 

block. The final result for the assessed image is a matrix 

where each index is the gradient score for the 

correspondent block. All the algorithms of histogram 

comparison return a score between 0 and 1, so the score 

matrix is composed by values between 0 and 1.  

C. Fusion 

After obtaining the scores of 2D Image Quality Metric and 

Structural Quality Metric the final result is achieved by fusion 

of these two scores. The fusion module, presented in Figure 2, 

is a delicate step because it ponders how much weight is given 

to each metric. Since the assessment of each metric is 

measured per block, the inputs in the fusion module are two 

matrices, a matrix per metric. Each matrix index is the result 

of the previous metrics for the respective block. Figure 10 

shows an example of two images divided into four blocks, 

Figure  a) is the synthesized image and Figure  b) is the 

original image. Since the image resolution is 1024x768, each 

block has 384 of width (mbSize1) and 512 of height 

(mbSize2). 

 
Figure 10 – Example of image division into blocks: a) Synthesized 

image; b) Reference image. 

Since the metrics presented in the previous sub-chapters 

compute at the block level, the assessment result of the 

synthesized image illustrated in Figure 10 a) for the 2D Image 
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Quality Metric, 𝑄, is a 2x2 matrix, as also for the Structural 

Quality Metric, 𝑆. Figure 11 illustrates the respective matrices. 

 
Figure 11 – Matrices of block results for: a) 2D image quality metric 

(Q); b) Structural quality metric (S). 

After obtaining the results for each block, the two matrices 

are combined using eq. (27). The α parameter defines how 

much weight is assigned to each metric. Subsequently, a final 

matrix is attained, where each index is the block result already 

combined.   

𝑓𝑖𝑛𝑎𝑙 𝑟𝑒𝑠𝑢𝑙𝑡𝑖𝑗 =  𝛼 × 𝑄𝑖𝑗 + (1 − 𝛼) × 𝑆𝑖𝑗 (27) 

Hence, to achieve a final unique result per image, the 

matrix indexes, corresponding to the blocks, are sorted in an 

ascending order. From these blocks the lowest p% blocks are 

averaged, reaching the final result per image, shown in eq. 

(28). 𝑁𝑝 is the number of blocks, this value depends on the 

percentage of considered blocks, p%, and 𝐹𝑅 is the final result 

per block vector.  

𝑓𝑖𝑛𝑎𝑙 𝑟𝑒𝑠𝑢𝑙𝑡𝑖𝑚𝑎𝑔𝑒 =
∑ 𝐹𝑅𝑛

𝑁𝑝

𝑛=1

𝑁𝑝
 (28) 

The final result per image, which is also a score between 0 

and 1, is the predicted quality of the synthesized view, as 

defined in Figure 2.  

IV. PERFORMANCE ASSESSMENT 

In order to develop and evaluate the proposed metric, two 

known databases of synthesized images were used: the 

IRCCyN database [1], provided by the Institut de Recherche 

en Communications et Cybernétique de Nantes, and the SIAT 

database [13], provided by the Shenzhen Institute of 

Advanced Technology. The IRCCyN database is composed by 

still images which were synthesized with different DIBR 

algorithms and using original reference images (i.e., without 

texture or depth maps compression). The SIAT database is 

composed by video sequences, that were synthesized with 

VSRS-1D-Fast software [14], using reference videos with 

different combinations of texture and depth maps compression 

levels. These two databases complement themselves, since 

they result in different artifacts on the synthesized 

images/videos. The performance of the proposed metric is also 

evaluated relatively to known metrics, developed for common 

2D images or for the specific case of synthesized images. 

A. Logistic Function and Metrics Performance 

Measurement 

In image quality assessment is common for people to have 

difficulties to distinguish high quality images from themselves 

and the same happens for images with low quality. Taking 

into account this difficulty of distinguishing images with high 

or low quality, the Video Quality Expert Group (VQEG) [15] 

recommends the use of nonlinear regression so that the 

objective scores are mapped to the subjective scores, thus 

obtaining the predicted MOS value, MOSp. The logistic 

function used to fit the scores in this work is presented in eq. 

(29).  

MOSp =  𝛽1 +
𝛽2 − 𝛽1

1 + 10(𝛽3−𝑥)𝛽4
 (29) 

The β values are obtained through a regression step to 

minimize the error between MOSp and MOS: 

 β1: Is the minimum value of the curve; 

 β2: Is the maximum value of the curve; 

 β3: Is the middle value of the objective score; 

 β4: Is the slope of the curve. 

After applying the logistic function described in eq. (29) to 

the objective scores, the predicted MOS are obtained. To 

validate the veracity of the obtained scores, different statistical 

measurements were used between MOSp and MOS scores, 

which are the following: 

 Pearson linear correlation coefficient (PLCC): is 

described in eq. 30, where x is the MOSp and 𝑁 the 

number of observations (i.e. images). 

PLCC =
∑ (𝑀𝑂𝑆𝑖 − 𝑀𝑂𝑆̅̅ ̅̅ ̅̅ )(𝑥𝑖 − �̅�)𝑁

𝑖=1

√∑ (𝑀𝑂𝑆𝑖 − 𝑀𝑂𝑆̅̅ ̅̅ ̅̅ )2𝑁
𝑖=1 √∑ (𝑥𝑖 − �̅�)2𝑁

𝑖=1

 
(30) 

 Spearman’s rank order correlation coefficient 

(SROCC): this coefficient evaluates how well a 

monotonic function [16] can represent the relation 

between the two variables. The SROCC is described 

in eq. (31):  

SROCC = 1 − [
6

𝑁 × (𝑁2 − 1)
∑(𝑑0(𝑥𝑖 , 𝑦𝑖))

2

𝑁

𝑖=1

] (31) 

with, 

𝑑0(𝑥𝑖 , 𝑦𝑖) = 𝑟𝑎𝑛𝑘(𝑥𝑖) − 𝑟𝑎𝑛𝑘(𝑦𝑖) (32) 

where xi and yi are the MOS and the predicted MOS 

(MOSp) for each image, respectively. The rank(xi)  

and the rank(yi) represent the positions that each 

value of xi and yi assume in their sorted list of values 

and N is the number of observations (i.e. images). 

 

 Root Mean Square Error (RMSE): measures the 

amount of difference between the values of MOS and 

MOSp. The RMSE is given by eq. (33): 

RMSE = √∑
(xi − yi)

2

N

N

i

 (33) 

where, 𝐍 is the total number of images, 𝐱𝐢 is the 

MOSp and 𝐲𝐢 is the MOS values. 

B. Performance Assessment Methodology 

In order to validate the proposed quality assessment 

metric, it is necessary to evaluate how well this metric predicts 

the MOS scores. Remembering the block diagram of the 

metric, presented in Figure 2, more than one solution was 

advanced for each module, and each solution has parameters 

which need to be tuned: in the Structural Quality Metric 

module, the approach can be based on the Hausdorff distance 

or on the Gradient Histogram;  the 2D Quality Metric module 

can use the MSE, the SSIM or the FSIM, as 2D metric;  the 

Fusion module combines the results of the two previous 
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module, and for this process the relevant parameters are α and 

p; these different possibilities are summarized in Table 1. 

Table 1 – Approaches and parameters for the different modules of 

the proposed metric. 

Structural QA 
2D Quality 

Metric 
Fusion 

Hausdorff 

based approach 

Combine 

ℎ(𝐴, 𝐵),  
𝐻(𝐴, 𝐵) MSE 

SSIM 

FSIM 

α 

p 
Gradient based 

approach 

Test the 

histogram 

comparison 

techniques 

As described previously, the implemented algorithm for 

motion estimation is performed in three iterations, and the 

block size and the window search size may change at each 

iteration. After inspecting the IRCCyN database, the 

maximum displacement found between an original image and 

its corresponding synthesized image was around 44 pixels in 

the horizontal direction; on the vertical direction, no 

displacement was detected. Thus, the horizontal window 

search, p2, was set to 50 in the first iteration, to 25 in the 

second iteration, and to 13 in the third iteration. The vertical 

window search, p1, was set to 5 in the first iteration, to 3 in the 

second iteration and to 2 in third iteration. The block size was 

set to 128 in the first iteration, to 64 in the second iteration, 

and to 32 in third iteration, in both horizontal and vertical 

directions.  

C. Results and Analysis 

After combining all the parameters presented in Table 1 

for the different modules of the proposed metric, two results 

were obtained: one using the Hausdorff based approach and 

other using the Gradient based approach. These values were 

obtained using IRCCyN database as material test. 

Table 2 presents the parameters that maximize the 

correlation between the MOSp and the MOS scores as also the 

respective correlation values for PLCC, SROCC and RMSE, 

for the both approach of the Structural Quality Metric. Since 

the best results for the Hausdorff based approach were 

achieved for (h9, H3), which depends from 𝛿. Hence, the value 

of 𝛿 which maximizes the results is 5.5. Using the Gradient 

based approach, from all the considered histogram 

comparisons algorithms, the best results were achieved using 

the Histogram Intersection (HI) algorithm. 

Table 2 - Resulting PLCC, Spearman and RMSE for the best 

combination of metrics and parameters 

Structural 

Quality 

Metric 

 

2D   

Quality 

Metric 

α p PLCC SROCC RMSE 

Hausdorff 

distance 

with  

(ℎ9, 𝐻3)  SSIM 

0.3 0.4 0.7643 0.7158 0.4088 

Gradient 

based 

(using HI) 

0 0.6 0.6852 0.6513 0.4617 

Figure 12 presents the scatter plot of the fitted metric 

values (MOSp) versus MOS scores using the parameters that 

maximize the correlation results for Hausdorff based 

approach. 

 

Figure 12 – Scatter of MOSp versus the MOS values for Hausdorff 

based approach. 

Figure 13 shows the the scatter plot of the fitted metric 

values (MOSp) versus MOS scores using the parameters that 

maximize the correlation results for Gradient based approach. 

 

Figure 13 – Scatter of MOSp versus the MOS values for Gradient 

based approach. 

By inspecting Table 13 and comparing to Table 12 it is 

possible to see that for the same MOS score of 1, the MOSp 

range from 0.5 to almost 3, which did not happen for the 

Hausdorff based approach. The synthesized images that have 

MOS scores of 1 are those corresponding to the A7 DIBR 

technique, for which there is no inpainting for  the holes 

resulting from occlusions. The gradient based approach 

showed to have difficulties in identifying and penalize the 

holes from the synthesized images. This happens because the 

holes are originated from occluded areas, which creates a 

shadow effect around the objects borders. This shadow has the 

same gradient direction and a similar magnitude as the object 

border from where the hole was created, the only difference is 

the displacement, but unlike the Hausdorff based approach the 

HOG does not takes into account the displacement, so the 

HOG from the original and synthesized image will look 

similar and the metric will not be able to distinguish the 

existence of holes. 

 

D. Metrics Comparisons 

The proposed metric was compared with conventional 

quality metrics developed for 2D images and video, and also 

with quality metrics developed specifically for synthesized 

images. These comparisons were conducted in two phases that 
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use, respectively, the IRCCyN database and the SIAT-based 

database. 

1) Metrics comparison using the IRCCyN database 

Table 3 presents the PLCC between MOS scores and the 

predicted MOS values, for conventional 2D quality metrics 

and for the proposed one; all the metrics use the same logistic 

function, expressed in eq. (29); the improvement brought by 

the proposed metric is evident. For the 2D quality metrics no 

shifts compensation was applied, the metrics were used in 

their traditional way. 

Table 3 - Correlation results between MOS and objective values 

for conventional 2D Quality Metrics using the IRCCyN database. 

 

PSNR SSIM VSNR MSSIM 

PLCC 0.5415 0.4888 0.4071 0.3249 

SROCC 0.5415 0.4888 0.4071 0.3249 

RMSE 0.4835 0.3352 0.1442 0.2995 

The proposed metric was also compared with the 

following quality assessment metrics for synthesized images, 

existing in the literature: DSQM [17], 3DSwIM [18], SSIM-

based VSQA [6] and VCIP2013 [7]. Except for the former 

one, all the metrics were also developed using the IRCCyN 

database. Table 4 presents the resulting PLCC for each metric. 

In this assessment, the objective scores were reproduced using 

the source code provided by the authors, except the VCIP2013 

which was implemented in the thesis and the SSIM-based 

VSQA which results were picked-up from [6]. Apart of the 

proposed metric, which used MOS score as subjective score, 

the remaining metrics used DMOS. For the DSQM metric, the 

considered reference view was the original one, while on 

DSQM [17] one of the source views was used. In fact the 

PLCC result for DSQM is higher (PLCC=0.7588) when the 

reference is the source view as proposed in [17]. The 

remaining conditions are the same as described in the papers. 

Also in this case, the proposed metric has the best 

performance. 

Table 4 – Correlation results between the subjective and objective 

quality scores for IRCCyN database. 

 
DSQM 3DSwIM 

SSIM-

based 

VSQA 

VCIP 

2013  
Proposed 

PLCC 0.6192 0.6864 0.6142 0.6281 0.7643 

SROCC 0.4106 0.6156 - 0.5779 0.7158 

RMSE 0.5228 0.4842 - 0.5181 0.4088 

2) Metrics comparison using the SIAT-based database 

In order to assess how the proposed metric would perform 

in other datasets, the SIAT-based database was used. As 

described previously, this database is composed by 

synthesized images whose source views were also 

compressed. The resulting PLCC are presented in Table 5, for 

the proposed technique and also for two of the existing metrics 

used previously. These results show that the proposed metric 

does not perform so well in SIAT-based dataset as in IRCCyN 

database; this has to do with the fact that, for this database, the 

synthesized images have many compression artifacts, that 

were inherit from the (compressed) source views, which 

reduces the impact of synthesis artifacts, to which the 

proposed metric is adapted. 

Table 5– Correlation results between the subjective and objective 

quality scores for SIAT-based database. 

 
DSQM 3DSwIM VCIP2013 Proposed 

PLCC 0.7138 0.6751 0.6867 0.6707 

SROCC 0.7321 0.6333 0.6521 0.6489 

RMSE 0.6699 0.7055 0.6602 0.6643 

Table 6 shows the PLCC obtained for the conventional 2D 

quality metrics, which allow concluding that the best metric to 

assess this database, is a conventional 2D metric, namely 

MSSIM. 

Table 6 – Correlation results between MOS and objective score for 

traditional 2D Quality Metrics for SIAT-based database. 

 
PSNR SSIM VSNR MSSIM 

PLCC  0.6860 0.7496 0.3998 0.816 

SROCC 0.6733 0.7565 0.3300 0.8003 

RMSE 0.6517 0.5928 0.8210 0.5178 

3) Final Remarks   

Since the results for the proposed metric are not consistent 

between the two assessed databases, some alterations were 

made to prevent this situation. Considering that the proposed 

metric was developed using a database without compression 

artifacts the synthesized images have many compression 

artifacts, (that were inherit from the (compressed) source 

views), the parameter α would naturally weight more the 

structural metric, since is the metric which evaluates better the 

synthesis artifacts. Some intermediate assessments showed 

that the PLCC is similar for α = [0.1, 0.5]. Therefore, in order 

to have a more consistent metric in terms of predicting the 

quality of synthesized images, including the compression 

artifacts, the α was set to 0.5. The new value of α gives more 

weight to the 2D image quality metric resulting in a better 

evaluation of compression artifacts. Table 7 presents the new 

results for both databases.  

Table 7 – Correlation results between MOS and objective score for 

IRCCyN database and SIAT-based database, using α=5. 

 Proposed 

 
IRCCyN database SIAT-based database 

PLCC 0.7624 0.6944 

SROCC 0.7106 0.6707 

RMSE 0.4102 0.6445 

V. CONCLUSION 

Recently, new applications based on 3D video have gain 

momentum, due to several technological improvements such 

as the display of 3D content with higher quality as well as low 

cost 3D acquisition equipment. Free view point video (FVV) 

is one of the 3D video applications which is currently 

emerging and still has a high potential to be explored. 

However, for the full acceptance of FVV, a high user QoE 

should be guaranteed. This requires the development of 

objective video quality metrics for the DIBR-based 
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synthesized images, allowing an accurate estimation of the 

perceived video quality. 

To evaluate the performance of the proposed metric, two 

databases were used: IRCCyN database and SIAT-based 

database. The first database was built only with synthesized 

images resulting from no compressed source images, and  

rendered using seven different DIBR algorithms, creating 

different synthesis artifacts;  the second database was built 

with synthesized images resulting from compressed and 

uncompressed source images.  

The metric performance evaluation was conducted using 

the Pearson correlation coefficient, the Spearman correlation 

coefficient and the RMSE between the metric objective scores 

and the subjective scores resulting from subjective tests. The 

results showed that the proposed metric performed well for the 

IRCCyN database, showing a good performance in 

quantifying the synthesis artifacts. On the other hand, the 

performance for the SIAT-based database was not so good; in 

fact,   the   compression artifacts (inherit from the source 

views) masks the synthesis artifacts, making it harder to 

identify them.  

 The performance of the proposed metric was also 

compared with other solutions existing in the literature, 

developed for conventional 2D images or for the specific case 

of synthesized images. The results showed that for the 

IRCCyN database, the proposed metric outperforms the other 

considered state-of-the-art metrics; for the SIAT-based 

database, and due to the compression artifacts, the 2D metrics 

(e.g. SSIM or MS-SSIM) perform better than the metrics 

developed specifically for synthesized images. In fact, this 

happens because the conventional 2D quality metrics are still 

the best metrics to evaluate of compressed images, since the 

synthesis artifacts become less evident when an image is 

compressed. 
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