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Abstract — Nowadays, omnidirectional visual content is 

being explored to create new and more immersive services 

and applications, contributing for the popularity growth of 

virtual reality (VR). An omnidirectional image (ODI) 

represents the whole visual field surrounding the camera 

capture point;  to visualize it on a planar display, a fraction 

of this spherical image is projected on a plane, resulting in a 

2D image known as viewport. However, any sphere to plan 

projection introduces geometrical distortions, that manifest 

as bending of lines and/or stretching of objects on the 

rendered viewport, which may compromise the user quality 

of experience (QoE). These distortions become more 

noticeable when the viewport field of view (FoV) increases, 

which is a major issue for virtual reality applications where 

the sense of immersion requires large FoVs.  

In the lasts years, several efforts have been made to develop 

projections capable of representing large FoVs with 

enhanced quality. One of the most recent contributions to 

this topic are the content-preserving projections, which 

analyze the content to be rendered and adapt the projection 

parameters in order to minimize the perceived geometric 

distortion, providing more pleasant viewports.  

Two content-preserving projections for ODI rendering 

were developed.  Several geometric distortion metrics were 

proposed and assessed, in order to predict the user perceived 

quality, when he visualizes a geometrically distorted content. 

The metrics were incorporated on the developed projections, 

allowing the automatic tuning of the projection parameters. 

Using a dataset of representative ODIs, several viewports 

were generated - using the considered projections and also a 

selected set of benchmark projection - and were subjectively 

evaluated. The results show that although the developed 

projections do not always outperform the benchmark 

methods, they achieved the best results for certain types of 

image contents, and clearly outperform the rectilinear 

projection, which is the most used projection in VR 

applications. 

Keywords— Omnidirectional images; Virtual Reality; 
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I.  INTRODUCTION  

Omnidirectional image (ODI), spherical or 360º image, 

contains the visual information of all directions of an 360º 

environment represented in a spherical format. This multimedia 

format is very popular in virtual reality (VR) field since allows 

the visualization of any part of the 360º scene in an immersive 

way. Rendering is the process of representing a fraction of the 

spherical image on a two-dimensional (2D) image - the viewport 

- to be visualized by the user. Rendering is done by projecting 

the pixels of the fraction of the spherical image onto a 2D plane. 

Naturally, a transformation from a three-dimensional (3D) 

image to a 2D image introduces distortions on the viewport. The 

most notorious distortions are the bending of 3D straight lines 

and the stretching of objects. These distortions are more 

noticeable as the field of view (FoV) represented in the viewport 

increases. The FoV corresponds to the extent of the spherical 

image that is presented in the viewport.  Naturally, large FoVs 

are required by VR applications.  

Different projections have been developed to preserve certain 

images properties desired in the viewports. As an example, 

rectilinear projection is the unique projection capable of project 

all real-world lines without bending. However, it introduces a lot 

of stretching in objects, providing an annoying experience, 

especially for large FoVs. Rectilinear projection is a content-

independent, which means, that the projection is always done in 

the same way independently of the image content to project. 

Considering that in ODI different type of contents are 

represented, content-preserving (or content-dependent 

projections) have been developed. These projections varies how 

the content is projected in order to represent it in the viewport 

with less distortion. The main objective of this work is the 

development of a content-dependent technique for ODI 

rendering, aiming the generation of viewports with a good 

subjective quality. 

II. MAP PROJECTIONS OVERVIEW 

Maps projections is a systematic transformation of the 

latitudes and longitudes of locations from the surface of 

a sphere (or an ellipsoid) into locations on a plane [1]. This 

chapter describes a type of map projection largely used in VR. A 

tool to measure geometric distortion in projections is also 

presented. Finally, the process of rendering is described.  

A. General Perspective Projection 

General perspective projection (GPP), a projection commonly 

used in ODI rendering, is formally described herein. Consider 

the coordinate system presented in Figure 1, with a Cartesian 

referential (𝑋, 𝑌, 𝑍); the unit sphere, called viewing sphere (VS), 

centered at point O (0, 0, 0); and the plane ABCD, parallel to the 

plane 𝑋𝑌, called projection plane, which has a Cartesian 

referential (𝑥, 𝑦), centered at point (𝑋, 𝑌, 𝑍) = (0, 0, 1).  The VS 

can also be described using spherical coordinates (𝜙, 𝜃), where 

𝜙 ∈ [−𝜋, 𝜋] represents the longitude and 𝜃 ∈ [− 𝜋 2⁄ , 𝜋/2] 
represents the latitude. 

 
Figure 1 – General perspective projection geometry. 
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 Different perspective projections can be obtained by moving 

the perspective point along the 𝑍-axis, i.e., by varying the 𝑑 

value; the results obtained with  popular GPP are depicted in 

Figure 2, and described as follows: 

• Rectilinear projection: the perspective point is located on the 

VS center (𝑑 = 0). It is the unique projection that maps all 3D 

straight lines without bending [1].  However, it is the GPP that 

presents more stretching, a distortion very annoying for users - 

see the people near the limits of Figure 2.a).  

• Stereographic projection: 𝑑 = 1 is used. Stereographic 

projection is the only GPP which is a conformal projection [1], 

i.e., that represents the local shapes without distortion in the 

entire viewport. As shown in Figure 2.b),the people are 

represented correctly but straight lines are projected with 

bending. 

• Orthographic projection: 𝑑 = − ∞ is used. The objects are 

mapped with a large distortion in terms of area and shape, 

therefore it is neither equal-area (does not preserve relative area) 

nor conformal. The straight lines are projected with bending, as 

shown Figure 2.c).   

   
(a) (b) (c) 

Figure 2 - Examples of a 120ºx120º viewport rendered with (a) 

rectilinear, (b) stereographic and (c) orthographic projection. 

B. Tissot’s Indicatrix 

Given that geometrical distortions are always present in 

projections, tools that allow their characterization and 

measurement are very useful. Tissot´s indicatrix are used for that 

effect [2]. Consider an infinitesimal circle placed in the sphere 

surface; the Tissot’s Indicatrix is the ellipse resultant from the 

projection of this circle on the projection plane. It provides a 

graphical visualization of the stretching distortion and also a 

quantitative evaluation of it. See Figure 3.a), which represents 

the infinitesimal circle, with radius 𝑟, placed in  the VS, and 

Figure 3.b), represents the corresponding Tissot indicatrix, 

placed in the projection plane. Consider the following 

definitions:  

• 𝑎 and 𝑏 are, respectively, the scale factor of the Tissot’s 

indicatrix major-axis and minor-axis. When 𝑎 = 𝑏, the Tissot 

Indicatrix corresponds to a circle, which means that the local 

shape was preserved during its projection (has the same shape 

on the projection plane and in the VS). A conformal projection 

has 𝑎 = 𝑏 for every point of the projection. 
• Vectors 𝒉 and 𝒌  are, respectively, the differential vertical and 

horizontal vectors. Their orientation coincides with the 

orientation of the projected meridian and projected parallel.  

• ℎ and 𝑘 corresponds, respectively, to the scale factor along the 

projected meridian and the projected parallel. These factors are 

called, respectively, the vertical and horizontal scale factor, and 

correspond to the L2-norm of 𝒉 and 𝒌. 

  
                  (a) (b) 

Figure 3 - (a) Infinitesimal circle defined in the sphere; (b) its 

corresponding Tissot’s indicatrix, after projection on the plan. 

According to [3], 
 

𝑎 =  
𝑎 ́ +  �́�

2
, (1) 

 
𝑏 =  

𝑎 ́ −  �́�

2
 (2) 
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The partial derivates presented in (5) e (6), are computed using 

the forward projection transformation equations (𝑥, 𝑦) =
𝑃𝑟𝑜𝑗(𝜙, 𝜃). 

C. Omnidirectional Image Rendering 

The process of rendering a viewport for an ODI is described in 

this section. Consider a general projection and that the front 

viewport (which viewing direction coincides with the 𝑍-axis) is 

used.  First, the dimensions of the viewport in length units are 

determined. These dimensions are delimited by the selected 

FoV. Consider Figure 4, where  point 𝐾 has spherical coordinates 

𝜙 = 𝐹𝑣/2  and 𝜃 = 0, where 𝐹𝑣 corresponds to the vertical FoV 

(VFoV). Consequently, the projection of point 𝐾, i.e 𝐾′, is 

positioned at the limit of the vertical FoV, having Cartesian 

coordinates (0, 𝑉𝑣𝑠 2 ⁄ ), where  𝑉𝑣𝑠 is the viewport height in length 

units.   

 
Figure 4 - Field of View and viewport size representation in a GPP 

(based on [4]) 

Accordingly, 

 (0, 𝑉𝑣𝑠/2) = 𝑃𝑟𝑜𝑗(0, 𝐹𝑣/2), (7) 

and applying a similar rational to the horizontal FoV, results in  

 (𝑉ℎ𝑠/2,0) = 𝑃𝑟𝑜𝑗(𝐹ℎ/2, 0) (8) 



 

where 𝐹ℎ is the horizontal FoV (HFoV) and 𝑉ℎ𝑠 is the viewport 

width, in length units. After, the viewport is sampled in a grid of 

equally spaced pixels. Figure 5.a) depicts a viewport with 

dimensions 𝑉ℎ𝑠 x  𝑉𝑣𝑠, sampled in a grid of pixels (the orange 

points), where 𝑊 and 𝐻 is the viewport size, in pixels units, in 

the horizontal and vertical directions, respectively. Each pixel 

position is parameterized according to the coordinate systems 
(𝑚, 𝑛), in pixel units, and (𝑢, 𝑣) and (𝑥, 𝑦), in length units.  

 

 

(a) (b) 

Figure 5 – (a)  Viewport image with the related coordinate systems 

(based on [4]); (b) example of an equirectangular image. 

A pixel (𝑚, 𝑛) has coordinates (𝑢, 𝑣) and (𝑥, 𝑦), given by:  

 𝑢 = (𝑚 + 0.5) 𝑉ℎ𝑠/𝑊, 0 ≤ 𝑚 < 𝑊 (9) 

 𝑣 = (𝑛 + 0.5)𝑉𝑣𝑠/𝐻, 0 ≤ 𝑛 < 𝐻 (10) 

and, according Figure 5,  
 𝑥 = 𝑢 − 𝑉ℎ𝑠/2 (11) 

 𝑦 = −𝑣 + 𝑉𝑣𝑠/2  . (12) 

Each pixel is assigned to a point in the VS with coordinates 
(𝜙, 𝜃) using the backward projection, i.e. (𝜙, 𝜃) = 𝑃𝑟𝑜𝑗−1(𝑥, 𝑦). 

To render the viewport oriented according to the viewing 

direction (𝜙𝑣𝑑 , 𝜃𝑣𝑑), a rotation must be applied to the VS point 

previously obtained: 
 

(�́�, �́�, �́�)
𝑇

= 𝑅 (𝜙𝑣𝑑 , 𝜃𝑣𝑑) (𝑋, 𝑌, 𝑍)𝑇 , (13) 

where (𝑋, 𝑌, 𝑍) and (�́�, �́�, �́�)
 
 are the Cartesian coordinates of VS 

points, the former  correspondent to the front viewport and the 

latter correspondent to the viewport oriented according to 

(𝜙𝑣𝑑 , 𝜃𝑣𝑑). 𝑅(𝜙𝑣𝑑 , 𝜃𝑣𝑑) is the rotation matrix. Finally, it is 

necessary to copy the pixel values contained at position (𝜙, 𝜃) of 

the VS, to the associated viewport pixel, at position (𝑚, 𝑛). 

Normally, the equirectangular image (ERIs) is the most used format to 

represent the ODI (which contains the information of the VS). An 

example of an ERI is shown in Figure 5.b). The horizontal and 

vertical coordinates of the ERI represent, respectively, the 

longitude 𝜙 and latitude of the VS. 

III. CONTENT-AWARE PROJECTION OVERVIEW 

A brief review of some of the content-dependent techniques 

explored in this work is presented. The projection presented in 

III.A is content-independent but it is described since is the basis 

of the content-dependent projections presented in III.B and 

III.C.  

A. Pannini Projection  

The Pannini projection [5] uses a cylindrical surface as an 

intermediary surface to obtain the final viewport. The cylindrical 

surface is vertically oriented and coincides with the Equator line 

of the VS (intersection of the VS with plane 𝑋𝑍). The Pannini 

projection is obtained by projecting the VS content onto the 

cylindrical surface, with a rectilinear projection; posteriorly the 

content of the cylindrical surface is projected on the 2D 

projection plane using the GPP, with a certain 𝑑. The use of a 

cylindrical surface allows the projection of 3D vertical and radial 

straight lines without bending (straight lines that cross the 

viewport center), while horizontal lines (except that one that 

crosses the viewport center) are projected with bending ( see 

Figure 6.a)). The hard vertical compression (VC) transformation 

is used by Pannini to reduce the bending of horizontal lines. 

However, bending in 3D radial straight lines is introduced.  The 

balance between the bending of horizontal and radial lines is 

achieved using the VC factor, denoted 𝑣𝑐, with 𝑣𝑐 ∈ [0,1]. As 

larger 𝑣𝑐 values are used, the bending of 3D horizontal straight 

lines decreases, at the expense of increasing the bending on 3D 

radial lines. When 𝑣𝑐 = 1 is used, the 3D horizontal lines are 

projected completely straightened (see Figure 6.b) ).  

  
(a) (b) 

Figure 6 – Viewport rendered with Pannini projection with (a) (𝑑 =
1, 𝑣𝑐 = 0) and (b) with (𝑑 = 1, 𝑣𝑐 = 1) 

B. Optimized Pannini Projection 

The optimized general Panini projection (OP), proposed in [6], 

is a content-aware Pannini projection that uses VC and optimizes 

automatically 𝑑 and 𝑣𝑐 as a function of the viewport content.  

The image content elements considered in the OP parameters 

optimization are the straight lines and salient points (SP), i.e., 

points centered on perceptually relevant regions (e.g., a human 

face). Straight lines and SPs are automatically detected. The OP 

projection is obtained by minimizing a cost function, using 

𝑑 and 𝑣𝑐 as optimization variables, which combines two 

distortions metrics: the overall bending metric, based on the 

bending of detected 3D straight lines ; and the overall stretching 

metric, that measures the conformality of SPs (how much the 

local shape of regions around SP are deformed). By minimizing 

the cost function, the optimal Pannini parameters, 𝑑𝑜𝑝𝑡  and 

𝑣𝑐𝑜𝑝𝑡, are obtained and used for the viewport rendering, aiming 

to obtain the viewport with lowest perceived distortion.  

C. Multi-Optimized Pannini Projection 

The presented method is referred to as Multi-Optimized 

Pannini projection (MOP), and it is proposed in [6]. MOP 

explores the fact that objects and lines are represented with much 

less distortion when they are positioned close to the projection 

center. Thus, instead of using a single projection, MOP  uses 

multiple projections: a globally optimized OP projection 

(GProj), centered on the viewport center, thus aligned with the 

viewing direction; and a set of locally optimized OP projections 

(LProj), each one centered on a SP of the image, thus rendering 

the region around the SP with lower distortion than would result 

from applying GProj to this region. The LProjs are combined 

with GProj in order to the last benefits from the use of the 

undistorted regions of LProjs, being obtained a final viewport 

with more quality.  

IV. CONTENT -AWARE PANNINI PROJECTION 

 The first proposed projection is called content-aware Pannini 

projection (CA-PP). CA-PP is a Pannini projection whose 



 

parameter values, 𝑑 and 𝑣𝑐, are optimized based on the visual 

content to be represented on the viewport. CA-PP optimizes the 

Pannini parameters based on bending and stretching geometric 

features (which have a high perceptual impact on user) to 

generate a viewport with less perceived distortion. 

A. Architecture 

The architecture of CA-PP is presented in Figure 7. 

 
Figure 7 – Architecture of CA-PP 

The optimal parameters, denoted as (𝑑𝑜𝑝𝑡 , 𝑣𝑐𝑜𝑝𝑡), are obtained 

by selecting a combination from the 𝑁𝑝𝑝 possible combinations 

(𝑑𝑓 , 𝑣𝑐𝑔) between values of 𝑑 ∈ {0.1, 0.2, … , 1.0}, indexed by 𝑓, 

and 𝑣𝑐 ∈ {0.0, 0.1, … , 1.0}, indexed by 𝑔, Thus, (𝑑𝑓 , 𝑣𝑐𝑔) ∈

{ (0.1, 0.0) , (0.1,0.1) … , (1.0,1.0) }. The projection with 𝑑 = 0 

is not considered since it corresponds to a rectilinear projection, 

for any 𝑣𝑐 value. The architecture and the walkthrough is 

presented as follows:  

• Rectilinear Viewport Rendering: a viewport is rendered with 

the rectilinear projection since it preserves the straightness of the 

lines in the 3D world.  

• Line Detection and Merging: 3D straight lines are detected on 

the rectilinear viewport, using the line segment detector proposed 

in [7]. Detected straight lines roughly collinear and close to each 

other probably belong to the same real-world object or structure 

(e.g., ceiling limits). Thus, they are connected using a simple but 

effective merging algorithm, proposed in [8]. 

• Line Backward Rectilinear Projection: The detected and 

merged lines from the rectilinear viewport are mapped onto the 

VS using the backward rectilinear projection, being obtained a 

set of arcs 𝐴 on the VS. 

• Line Forward Pannini Projection: To compute the bending 

distortion metric, each arc on the VS  is projected using the 

forward Pannini projection, parameterized by (𝑑𝑓 , 𝑣𝑐𝑔) . Note 

that the projected lines may be represented with bending in the 

projection. 

• Bending Metric Computation: This module computes the 

viewport bending distortion metric, denoted as 𝐵𝐷(𝑑𝑓 , 𝑣𝑐𝑔), of a 

viewport rendered with the Pannini projection with (𝑑𝑓 , 𝑣𝑐𝑔); to 

measure it, the lines projected in the previous module are used. 

The viewport bending distortion metric is computed for the 𝑁𝑃𝑃 

different (𝑑𝑓 , 𝑣𝑐𝑔) values. This module and the previous one are 

done for the 𝑁𝑝𝑝 combinations. The 𝐵𝐷 computed for all the 𝑁𝑝𝑝 

combinations are stored in the bending matrix 𝐵𝑀, indexed by 𝑓 

and 𝑔 values, where 𝐵𝑀[𝑓, 𝑔]=𝐵𝐷(𝑑𝑓 , 𝑣𝑐𝑔). The output of this 

module is 𝐵𝑀, which contains the measured bending distortions 

for all 𝑁𝑝𝑝 values of (𝑑𝑓 , 𝑣𝑐𝑔). This module is described with 

more detail in IV.B. 

• Tissot Computation: The output of this module is the set of 

Tissot parameters, 𝑎 and 𝑏, for all viewport pixels positions 

associated to the Pannini projection using  (𝑑𝑓 , 𝑣𝑐𝑔). These 

parameters allow to compute the locally the stretching distortion 

introduced during the projection.  

• Stretching Metric Computation: This module computes the 

viewport stretching distortion, denoted as 𝑆𝐷(𝑑𝑓 , 𝑣𝑐𝑔), of the 

viewport rendered with the Pannini projection with (𝑑𝑓 , 𝑣𝑐𝑔), for 

all the 𝑁𝑝𝑝 combinations. To do that, the Tissot parameters, 𝑎 and 

𝑏, computed in last module are used. The 𝑆𝐷 values obtained for 

all 𝑁𝑝𝑝 combinations are stored in the stretching matrix 𝑆𝑀, 

indexed by 𝑓 and 𝑔, where 𝑆𝑀[𝑑𝑓 , 𝑣𝑐𝑔]=𝑆𝐷(𝑑𝑓 , 𝑣𝑐𝑔). The 

output of this module is 𝑆𝑀, The output of this module is 𝐵𝑀, 

which contains the measured stretching distortions for all 𝑁𝑝𝑝 

values of (𝑑𝑓 , 𝑣𝑐𝑔). This module is described in more detail in 

IV.C. 

• Pannini Parameters Optimization: this module identifies 

which are the optimal Pannini parameters (𝑑𝑜𝑝𝑡 , 𝑣𝑐𝑜𝑝𝑡) values.  

To achieve this, bending distortions and stretching distortions are 

considered. Therefore 𝐵𝑀 and 𝑆𝑀 are used in this module. This 

module is described in more detail in IV.DIV.B . 

• Pannini Viewport Rendering: the final viewport is rendered 

using the Pannini projection with parameters (𝑑𝑜𝑝𝑡 , 𝑣𝑐𝑜𝑝𝑡), i.e., 

with the proposed CA-PP projection.  

B. Bending Metric Computation 

Here is described how the viewport bending distortion metric, 

𝐵𝐷, is computed for a Pannini projection with (𝑑, 𝑣𝑐). First, it 

is computed a line bending distortion metric for each projected 

line using the Pannini projection. Posteriorly, the curvature of 

all lines are pooled to obtain 𝐵𝐷.  

Consider 𝑙 as a line that belongs to the 𝑁𝐿 lines previously 

projected by the module Line Forward Pannini Projection. The 

line bending metric, 𝐿𝐵, of 𝑙 corresponds to the maximum 

perpendicular distance 𝑃𝐷 between the bended line 𝑙 and the 

straight line 𝑠, in pixel units.  The measure is represented in 

Figure 8. 

 
Figure 8 -- Projected line 𝑙 representation where 𝐿𝐵 is the maximum 

perpendicular distance. 

To compute 𝐵𝐷, for an entire Pannini rendered viewport, the 

line bending values of all detected lines are pooled. Different 

pooling strategies were used, which are defined in Table 1, as 

well as the correspondent viewport bending distortions metrics, 

from 𝐵𝐷1 to 𝐵𝐷5. The viewport bending metric 𝐵6 is given by 

OP: 

  𝐵𝐷6 = ∑ 𝐿𝐵𝑚𝑖𝑑 
2  𝑁𝐿

𝑖=1   (19) 

where 𝐿𝐵𝑚𝑖𝑑 , corresponds to the perpendicular distance from the 

mid-point of 𝑙 to the straight line 𝑠. 

C. Stretching Metric Computation 

𝑆𝐷 aims to quantify the stretching distortion of a viewport to 

be rendered using the Pannini projection. First, it is computed a 

stretching distortion measure for all viewports pixels positions. 

Three local stretching metrics were defined. After, the viewport 

stretching distortion metric is computed by combining the local 

measures of all viewport pixels positions. 



 

Table 1 - Proposed viewport bending metrics  

Pooling Strategy Viewport Bending Distortion Metric Reference 

Maximum 𝐵𝐷1 = max
 

(𝐿𝐵1, 𝐿𝐵2, … 𝐿𝐵𝑁𝐿)   (14) 

Average 𝐵𝐷2 =  
∑ 𝐿𝐵𝑖

𝑁𝐿
𝑖=1

𝑁𝐿 
 (15) 

Weighted Average 𝐵𝐷3 =
∑ 𝑤𝑖 × 𝐿𝐵𝑖

𝑁𝐿 
𝑖=1

∑ 𝑤𝑖
𝑁𝐿
𝑖=1

 (16) 

Sum 𝐵𝐷4 = ∑ 𝐿𝐵𝑖
𝑁𝐿
𝑖=1   (17) 

Weighted Sum 𝐵𝐷5 = ∑ 𝑤𝑖 × 𝐿𝐵𝑖
𝑁𝐿
𝑖=1   (18) 

The local angle deformation 𝑑𝑎𝑛𝑔𝑙𝑒 and area distortion 

𝑑𝑎𝑟𝑒𝑎 are proposed in [9], and for a pixel (𝑚, 𝑛) in the 

viewport  they are given by: 

 𝑑𝑎𝑛𝑔𝑙𝑒 = 2 sin−1(|𝑎 − 𝑏 | (𝑎 + 𝑏⁄ )), (20) 

 𝑑𝑎𝑟𝑒𝑎 = 𝑎. 𝑏 − 1 (21) 

where 𝑎 and 𝑏 corresponds to the Tissot parameters measured in 

(𝑚, 𝑛). These metrics measures the following distortions:  

• 𝑑𝑎𝑛𝑔𝑙𝑒 measures how much deformed is the local shape in 

the viewport pixel position (𝑚, 𝑛). If 𝑑𝑎𝑛𝑔𝑙𝑒 is equal to zero, 

its projection is conformal; 

• 𝑑𝑎𝑟𝑒𝑎 measures the area inflation or deflation in viewport 

pixel position (𝑚, 𝑛). 𝑑𝑎𝑟𝑒𝑎 equal to zero implies that 𝑎. 𝑏 =
1, which means that the local region of pixel (𝑚, 𝑛) is not 

distorted in terms of area. 

The local stretching distortion used in OP was also 

implemented, which is referred herein as 𝑑𝑐𝑜𝑛𝑓𝑜𝑟𝑚𝑎𝑙.  For a 

viewport pixel position (𝑚, 𝑛), 𝑑𝑐𝑜𝑛𝑓𝑜𝑟𝑚𝑎𝑙 is defined by [6], 

 𝑑𝑐𝑜𝑛𝑓𝑜𝑟𝑚𝑎𝑙 = (cos(𝜃)
𝜕𝑥

𝜕𝜃
+

𝜕𝑦

𝜕𝜙
)

2

+ (cos(𝜃)
𝜕𝑦

𝜕𝜃
−

𝜕𝑥

𝜕𝜙
)

2

, (22) 

where the partial derivates correspond to the ones obtained with 

the Pannini projection equations. As long 𝑑𝑐𝑜𝑛𝑓𝑜𝑟𝑚𝑎𝑙 is closer 

to zero, the local region of (𝑚, 𝑛) is conformal.  

 Three viewport stretching distortions metrics 𝐷𝑆 were 

defined, namely, 𝐷𝑆𝑎𝑛𝑔𝑙𝑒, 𝐷𝑆𝑎𝑟𝑒𝑎 and 𝐷𝑆𝑐𝑜𝑛𝑓𝑜𝑟𝑚𝑎𝑙 . They are 

given by:  

 𝑆𝐷𝑎𝑛𝑔𝑙𝑒 =  
1

𝑊.𝐻
∑ ∑ 𝑑𝑎𝑛𝑔𝑙𝑒(𝑚, 𝑛)𝐻−1

𝑛=0
𝑊−1
𝑚=0 , (23) 

 𝑆𝐷𝑎𝑟𝑒𝑎 =  
1

𝑊.𝐻
∑ ∑ 𝑑𝑎𝑟𝑒𝑎(𝑚, 𝑛)𝐻−1

𝑛=0
𝑊−1
𝑚=0 , (24) 

 𝑆𝐷𝑐𝑜𝑛𝑓𝑜𝑟𝑚𝑎𝑙 =  
1

𝑊.𝐻
∑ ∑ 𝑑𝑐𝑜𝑛𝑓𝑜𝑟𝑚𝑎𝑙(𝑚, 𝑛)𝐻−1

𝑛=0
𝑊−1
𝑚=0 , (25) 

where 𝑑𝑎𝑛𝑔𝑙𝑒(𝑚, 𝑛), 𝑑𝑎𝑟𝑒𝑎(𝑚, 𝑛) and 𝑑𝑐𝑜𝑛𝑓𝑜𝑟𝑚𝑎𝑙(𝑚, 𝑛) 

corresponds to the local stretching distortions measures for pixel 
(𝑚, 𝑛). 

D.  Pannini Parameters Optimization 

The bending and stretching distortions have a significant 

influence on the viewport perceived quality, thus both 

distortions are considered to select (𝑑𝑜𝑝𝑡,𝑣𝑐𝑜𝑝𝑡). 𝐵𝑀 and 𝑆𝑀 are 

combined, being obtained the Perceived Distortion Matrix 

𝑃𝐷𝑀, which aims to measure the total perceived distortion, for 

any of the 𝑁𝑝𝑝 Pannini projections. The 𝑃𝐷𝑀 is given by:  

 𝑃𝐷𝑀[𝑓, 𝑔] =  𝐵𝑆𝑅 
𝐵𝑀[𝑓, 𝑔]

𝑏𝑚á𝑥
+

𝑆𝑀[𝑓, 𝑔]

𝑠𝑚𝑎𝑥 − 𝑠𝑚𝑖𝑛  
 (26) 

where: 

• PDM  is indexed by (𝑓, 𝑔), like 𝐵𝑀 and 𝑆𝑀. 𝑃𝐷𝑀[𝑓, 𝑔] is the 

measured overall distortion of the Pannini viewport to be 

rendered with (𝑑𝑓 , 𝑣𝑐𝑔); 

• 𝐵𝑀 may be computed with any 𝐵𝐷 presented in Table 1; and 

𝑆𝑀 with any 𝑆𝐷 presented in (23) to (25). Thus 6 (𝐵𝐷 metrics)× 

3 (𝑆𝐷 metrics) = 16 combinations can be used to computed 

𝑃𝐷𝑀.  

• 𝑏𝑚𝑎𝑥 , 𝑠𝑚𝑎𝑥  and 𝑠𝑚𝑖𝑛 , are the normalizing factors of the 𝐵𝑀 

and 𝑆𝑀; 

• 𝐵𝑆𝑅 is the bending-stretching ratio constant. Perceptually, 

the bending distortion may have greater importance than 

stretching or vice-versa for the user. To obtain more pleasant 

viewports, the 𝐵𝑆𝑅 value should reflect quantitatively the real 

perceptual importance that users give to bending distortion over 

stretching when a viewport is visualized.  

 Assuming that a certain combination between 𝐵𝐷 and 𝑆𝐷 is 

selected to compute 𝐵𝑀 and 𝑆𝑀, and a 𝐵𝑆𝑅 value is also selected, 

the 𝑃𝐷𝑀 is obtained using (25). After, (𝑑𝑜𝑝𝑡, 𝑣𝑐𝑜𝑝𝑡) that leads to 

the viewport with the lowest distortion is obtained by selecting 

the indexes that contains the minimum value of 𝑃𝐷𝑀.  

 The performance of all possible combinations between 𝐵𝐷 

and 𝑆𝐷 was tested in order to select the best one.  Also, a suitable 

𝐵𝑆𝑅 value was computed. This is presented in section VI.C.1). 

V. MULTI-PROJETION FUSION  

Multi-projections fusion (MPF) is proposed, a solution 

inspired by MOP [6]. The viewport rendered by MPF results 

from a combination process, called fusion, of multiple 

projections. Each projection is obtained from distinct viewing 

directions, representing different contents with unperceived 

deformation. The projections used in MPF are classified into two 

types: 

• Global Projection (GProj): a projection oriented with the 

viewing direction of the user.   

• Multiple Local Projection (LProj):  projections oriented with 

salient points (SP) defined on the VS. A SP is located in the 

center of a perceptually relevant content (ex: a face, a car) and 

a unique LProj is associated to it. The local region of a SP is 

represented by a LProj with few distortion. 

MPF takes advantage of multiple projections to obtain an 

overall viewport with improved subjective quality.  

A. Architecture 

The MPF architecture is shown in Figure 9.   

 
Figure 9 – Architecture of MPF. 

• Global Projection Construction: In this module, the 

spherical coordinates of the GProj are computed using the CA-

PP projection. GProj uses the CA-PP projection model to 

represent globally the scene with a good compromise between 

bending and stretching distortions, aiming to improve globally 

the final viewport. 

• Saliency Map Computation: SPs should be positioned in the 

center of objects that have perceptual importance. Saliency 

detection is performed to obtain a relative characterization of the 

areas of an image that attract the attention of humans. A saliency 



 

map for the ODI (equirectangular format is used) was computed, 

using The SalNet360 method, proposed in [10]. 

• Salient Points Computation: SPs are computed using the 

texture information of the ERI and its saliency map. First, the ERI 

is spatially segmented with a iterative clustering algorithm, based 

on SLIC [11]. SLIC clusters pixels based on their distance 

between the 2D ERI and on their color similarity. However, ERI 

represents a VS, whereby the distance of pixels along with the 

VS surface was considered. With this, robust clusters are 

obtained on the VS. A mean saliency value of each cluster is 

computed to measure its perceptual importance. The SPs are 

positioned in a central point of these high salient clusters. In 

Figure 10 are represented the clusters and the detected SPs for an 

ERI. 

 
Figure 10 - SPs (the squares) obtained for an ER image and clusters. 

• Multiple Local Projections Construction: A LProj is 

computed for each SP. Each LProj is constructed by applying a 

backward rectilinear projection onto the VS, considering the VS 

oriented with the SP. To enable a correct fusion between LProjs 

and GProj, the local salient regions of each LProj, are aligned 

over the same local salient regions representation (which may be 

shape distorted) on GProj (see Figure 11.a)-c)). In addition, due 

to stretching, GProj often projects salient regions with an area 

increase (depending on their position in the projection plane) and 

thus, a scaling process, by a factor of 𝑠𝑓 for each SP, is performed 

on LProj to zoom the projected region, allowing a better fitting 

with the corresponding area on GProj (see Figure 11.d)). The 

representation of local regions around the SP are the main 

information of LProj used in MPF. Due to that, rectilinear 

projection model is used since the stretching is low in image 

regions close to the projection center (where the SP is) and 

bending distortion is inexistent. 

• Spherical Coordinates fusion: for each viewport pixel 

position, a point of the VS is computed. They are computed using 

fusion, which corresponds to a weighted average between the VS 

coordinates obtained for the multiple projections (GProj and 

LProjs). The fusion process assures that viewport regions nearby 

a local salient region are more influenced by the corresponding 

LProj. Therefore, perceptually important content is presented 

with fewer distortions on the user viewport. The output are the 

VS points coordinates assigned to each viewport pixel location. 

This process is described with more detail in V.B 

• Rendering: the viewport is rendered by attributing to each 

viewport pixel the color information of its mapped VS point, 

computed in the last module. 

B. Spherical Coordinates Fusion 

Fusion is the process that maps a VS point to each pixel of the 

  
(a) (b) 

  
(c) (d) 

Figure 11 - (a) GProj viewport with a SP projected (the red square); 

LProjs viewports associated to the SP: (b) without alignment and 

scaling, (c) with alignment and without scaling, and (d) whit 

alignment and scaling  

final MPF viewport, using a weighted average of the VS points 

positions obtained for the GProj and LProjs. The VS point 

position associated to the final viewport pixel (𝑚, 𝑛) after 

fusion, (𝜙, 𝜃) = 𝑃𝑟𝑜𝑗(𝑚, 𝑛)𝑉 , is given by 

 

𝑃𝑟𝑜𝑗(𝑚, 𝑛)𝑉 =
𝑤𝐺(𝑚, 𝑛)

Ψ
𝑃𝑟𝑜𝑗(𝑚, 𝑛)𝐺

+ ∑
𝑤𝐿

𝑖 (𝑚, 𝑛)

Ψ
𝑃𝑟𝑜𝑗(𝑚, 𝑛)𝐿

𝑖
 

𝑁𝐿𝑃
 

𝑖=1

 

(27) 

where: 𝑃𝑟𝑜𝑗(𝑚, 𝑛)𝐺 
 corresponds to the VS point calculated for 

the pixel (𝑚, 𝑛) on GProj; 𝑃𝑟𝑜𝑗(𝑚, 𝑛)𝐿
𝑖

 
 corresponds to the VS 

point calculated for the same (𝑚, 𝑛) on the LProj, indexed by 𝑖; 
𝑤𝐺(𝑚, 𝑛) and 𝑤𝐿

𝑖 (𝑚, 𝑛) are, respectively, the absolute weight of 

GProj and LProj, indexed by 𝑖,  in the viewport pixel 

(𝑚, 𝑛); 𝑁𝐿𝑃 is the number of LProjs to consider for fusion; and 

finally, Ψ is the normalizing factor, equal to the sum of all 

absolute weights of GProj and LProjs. 

𝑤𝐺(𝑚, 𝑛) and 𝑤𝐿(𝑚, 𝑛), are computed based on a gaussian 

model as done in MOP [6], , and it is given by:  

 𝑤𝑝(𝑚, 𝑛) = 𝑐𝑝. 𝑒−𝑑𝑃𝐶(𝑚,𝑛)2 (2.𝜎𝑝.𝑊)⁄ , 𝑝 ∈ {𝐺, 𝐿} (28) 

where: 

• 𝑑𝑃𝐶(𝑚, 𝑛) is the Euclidian distance between the pixel (𝑚, 𝑛) 

and the projection center of the LProj or GProj. For LProj, the 

projection center is the pixel position where its SP is represented 

in the GProj (pixel where the LProj is aligned); and for GProj is 

the final viewport center. 𝑤𝑝(𝑚, 𝑛), increases as 𝑑𝑃𝐶(𝑚, 𝑛) 

decreases; therefore, image regions near SPs are more 

influenced by the corresponding LProj; and, the final viewport 

will benefit from the region of LProj with less geometric 

distortion. Image regions near the viewport center, are more 

influenced by the GProj. 

• 𝜎𝑝 controls how smoothly 𝑤𝑃(𝑚, 𝑛)  decays with 𝑑𝑃𝐶(𝑚, 𝑛). 

If higher values of 𝜎𝑝 are used, 𝑤𝑃(𝑚, 𝑛) decays slowly, and the 

viewport area influenced by the corresponding projection is 

larger. If low values of 𝜎𝑝 are used, 𝑤𝑃(𝑚, 𝑛) decays quickly 

and its area of influence in the viewport is smaller.  

• 𝑐𝑝  is the maximum weight of each projection, which occurs in 

the projection center of each GProj and LProj. As in [6], 𝑐𝐺 = 2 

and 𝑐𝐿 = 1, are respectively used in GProj and LProj.  
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Figure 12 - ODI images used in the subjective teste 

VI. PERFOMANCE EVALUATION 

The performance of the implemented rendering solutions, 

CA-PP and MPF, were assessed against other benchmark 

rendering techniques. The assessment was done through 

subjective tests. 

A. Common Tests Conditions 

For the subjective test, a dataset of viewports was obtained 

from ten ERI, which are presented in Figure 12. The ERIs were 

obtained from [6] and [12], and their spatial resolution are 

indicated in Table 2, as well as their names (to facilitate the 

reference). 

Table 2 - Name and spatial resolution of the ERIs selected for the 

subjective assessment. 

 

Several viewports were rendered using different projections. 

For all the ERI, were used the following projections: rectilinear, 

stereographic, Pannini using (𝑑 = 0.5, 𝑣𝑐 = 0), from now on 

referred as Pannini (𝑑 = 0.5); Pannini using (𝑑 = 1.0, 𝑣𝑐 = 0), 

from now on referred as Stereographic Pannini; the proposed 

CA-PP; and the proposed MPF. Also, for Bedroom, Dinner, 

Office and Workshop, two additional viewports, rendered using 

the OP and MOP projections, were used. Thus, the dataset used 

for the subjective tests was constituted by a total number of 

10 (ERI) × 6 (projections) + 4 (ERI) × 2 (projections) = 68 

viewports. The viewports were rendered with a HFoV of 

150° and a spatial resolution of 960x540 pixels (aspect ratio 4:3), 

as done in [6].  

A Dell P2715Q, with a spatial resolution of 3840x2160 pixels 

(Ultra HD), was selected to conduct the subjective test.  

1) CA-PP parameters 

For the viewports rendered with CA-PP the metrcis 𝐵𝐷3 and 

𝑆𝐷𝑐𝑜𝑛𝑓𝑜𝑟𝑚𝑎𝑙  and 𝐵𝑆𝑅=15.04 were used. Their selection is 

justified later in section VI.C.1). 𝑏𝑚𝑎𝑥 = 47.26,  𝑠𝑚𝑎𝑥 =
30.11 and 𝑠𝑚𝑖𝑛 =0.47 were used. 

2) MPF  parameters 

To obtain the MPF viewports 𝜎𝐺, 𝜎𝐿 and the factors of scale 

𝑠𝑓 for the SPs contained in the GProj were selected. 𝜎𝐺 =
0.45 and 𝜎𝐿 = 0.28 were used; they were selected by manually 

adjusting their values in order to replicate the viewports 

obtained by MOP technique, presented in [13]. The scale factor 

associated to each SP (and by consequence, to the associated 

LProj) were manually selected with the purpose of obtaining 

viewports that provide an acceptable representation of the scene 

(for a few cases this was not possible).  

B. Test methodology 

1) Stimulus Comparison Adjectival Categorical judgement 

For the subjective tests, Stimulus Comparison Adjectival 

Categorical Judgement (SCACJ) [14] was used. In the SCACJ 

method, a viewport, obtained from a certain projection, is 

evaluated relatively to a reference viewport, obtained using 

always the same (reference) projection. This is done since it is 

easier for the subject to evaluate how pleasant a viewport is by 

comparison with another viewport, than to evaluate it in 

absolute terms.. During the test, pairs of viewports (stimulus) 

were displayed side-by-side to the subjects. Each pair of 

stimulus represents viewports from the same ODI, with one 

viewport being the reference viewport and the other being the 

viewport under evaluation - the viewport evaluated relatively to 

the viewport reference. An application, with a graphical user 

interface (GUI), was developed to present the viewport pairs for 

the subjects. For each pair of stimulus the user selected the most 

pleasant viewport and gave it a score between +1 (slightly 

better) and +3 (much better), or a score 0 (same) if both 

viewports were very similar. If the viewport under evaluation 

was the most pleasant for the user, the chosen score was given 

to the viewport; otherwise it was given the symmetrical value. 

Therefore, each viewport under evaluation received a score 

between -3 and +3. 

The viewports obtained with CA-PP were used as reference 

because the main goal of the subjective test was the evaluation 

of how much pleasant the proposed rendering techniques were 

for the subjects.  

Before the test session, two steps were applied. First, it was 

asked to the subject to read a short document with the description 

of the general context of the problem addressed in this work, the 

goal of the subjective test, and the procedures to be followed 

during the test. After, the training session was held. This session 

is a short replication of the real test session, where a small 

number of stimuli (with a set of viewports different from the 

ones used during the test session) were shown to subject and 

evaluated by him; it servers mainly to familiarize the subject 

with the GUI and with the typical geometrical distortions that 

occur in ODI rendering. 

2) Data Processing 

The subjective test was performed by 18 subjects, aged 

between 21 and 40 years. The outlier detection method 

recommended in [14] was applied to exclude subjects whose 

scores had a large deviation from the other subjects. One outlier 



 

was detected and excluded. Overall, a total number of 17 (valid 

subjects) × 58 (stimulus) = 986 scores, between -3 and +3 were 

obtained. As recommend by [14], these scores were normalized 

to the interval [0,10]. An average score - the comparative mean 

opinion score (CMOS) -  was computed for each viewport under 

evaluation,  according to [15]:  

 CMOSi =
1

𝑁𝑠
∑ 𝜇𝑖𝑗

𝑁𝑠

𝑗=1

 (28) 

where CMOS𝑖  denotes the CMOS computed for the 𝑖𝑡ℎ viewport 

under evaluation, 𝑁𝑠 is the total number of valid subjects, and 

𝜇𝑖𝑗 is the score given by subject 𝑗 to the viewport 𝑖. A CMOS 

near 0, 5 or 10 means, respectively that, in average, subjects 

preferred clearly the reference viewport, both viewports 

provided the same quality, and the subjects preferred clearly the 

viewport under evaluation.  The 95%  interval of confidence 

(CI) associated to each CMOS is given by [CMOSi −
𝛿𝑖, CMOS𝑖 + 𝛿𝑖], with:  

 𝛿i = 1.96
𝜎𝑖

√𝑁𝑠 
  (29) 

and where 𝜎𝑖 corresponds to the standard deviation of scores for 

the viewport 𝑖, given by:  

 𝜎i = √∑
(CMOS𝑖 − 𝜇𝑖𝑗)

2

𝑁𝑆 − 1

𝑁𝑠

𝑗=1

  (30) 

It was verified that the smallest CI occurred for stimulus 

where one viewport is strongly distorted relatively to the other 

(for the viewports with CMOS close to 0 and 10), and also for 

a specific case where the CMOS obtained is close to 5. For this 

last case, was verified that both viewports were very similar. 

The highest values of CI occurred for stimulus where viewports 

have different type of distortions. In these cases, subjects had 

different opinions about which distortion type they prefer, being 

selected different scores among users. 

C.  CA-PP Assessment  

The results obtained for the CA-PP during the subjective test 

are presented and analyzed. Before that, the procedure used to 

select the metrics of viewport stretching and bending distortion, 

SD and BD, as well as the 𝐵𝑆𝑅 value, are presented. 

1) Metrics and Parameters Selection 

To obtain more pleasant viewports, the 𝐵𝑆𝑅 value was 

optimized/learned in order to reflect quantitatively the real 

perceptual importance that users give to bending distortion 

(measured by 𝐵𝐷) over stretching distortion (measured by 𝑆𝐷), 

when they visualize a viewport. Since different metric 

combinations {𝐵𝐷, 𝑆𝐷} may be used, the 𝐵𝑆𝑅 value (to be 

learned) will vary with the metrics combinations. The 𝐵𝑆𝑅 of 

each distortion metric combination is learned using a ground 

truth (GT) dataset, constituted by Pannini viewports whose 

parameters (𝑑, 𝑣𝑐) provide the viewports with best quality. The 

𝐾-folds cross-validation (CV) approach was used to learn 𝐵𝑆𝑅. 

K-folds is an iterative process performed over a dataset, equally 

divided into K folds, where: K-1 folds are used as to train the 

model (the training set) – in this scope, to learn 𝐵𝑆𝑅; then, the 

remaining fold (validation set) is used to test the trained model, 

measuring its error (performance) with the real model, provided 

by the dataset. The error measures how accurate was the trained 

model. The CV was applied for each metric combination 
{𝐵𝐷, 𝑆𝐷}. Thus, a 𝐵𝑆𝑅 for each metric combination was 

learned and as error was measured. The metric combination 

with lowest error was {𝐵𝐷3 , 𝑆𝐷𝑐𝑜𝑛𝑓𝑜𝑟𝑚𝑎𝑙}, with a learned 

𝐵𝑆𝑅 = 15.04: they were used to construct the viewports 

obtained with CA-PP.  

2) CA-PP Subjective Tests and Analsys 

In this section, e results of the subjective test for the viewports 

resulting from the CA-PP, rectilinear, stereographic, Pannini 

(𝑑 = 0.5), Stereographic Pannini and OP projections are 

presented and analyzed.  

After the subjective tests, a CMOS for each viewport under 

evaluation was computed. Table 3 presents the CMOS, 

normalized to [0,10], obtained for the viewports resulting from 

the projections addressed in this section. In order to facilitate 

the general analysis of the results, the viewports under 

evaluation were categorized considering its CMOS. Three 

categories are used: CA-PP is better, for viewports with CMOS 

∈ [0 , 4.2[, CA-PP is similar, for viewports with CMOS ∈
[4.2 , 5.8]; CA-PP is worse, for viewports with CMOS ∈
[5.8 ,10 ]. Table 3 also shows for each projection the number of 

viewports in each category, and also the median and the average 

of the CMOS. Each category is identified by a color, whose 

code is presented in the bottom of Table 3.The analysis of the 

results is done using the information presented in this table.  

a) CA-PP vs Rectilinear: CA-PP viewports were clearly more 

pleasant than rectilinear viewports, since the CMOS obtained for 

almost all viewports are quite below 5, and the average and 

median are also very low. Whit this result, it is shown that, 

despite of bending being inexistent in rectilinear projection, the 

heavy stretching distortion (introduced by rectilinear projection) 

is strongly annoying for users. 

b) CA-PP vs Stereographic: in general, since five viewports 

were classified as CA-PP is better, it was considered that CA-

PP viewports provided a better perceptual experience than 

stereographic. Also, although the average and median CMOS 

values for the stereographic projection are close to 5, some 

viewports got very low CMOS values. This occurred for 

Table 3 - CMOS of viewports resulting from rectilinear, stereographic, Pannini (d=0.5), Stereographic Panini and Optimized Pannini. Number of 

times that the reference viewport (CA-PP) is better than the viewport under evaluation; average and median of the CMOS obtained for viewports 

resulting from the same projection. 

 



 

Bedroom and Oriental Garden viewports, probably because the 

horizontal lines were presented without bending for CA-PP, in 

opposite to stereographic (see Figure 13). The straightness of 

horizontal lines occurred because CA-PP selected 𝑣𝑐 = 1 to 

avoid their bending distortion. This behavior is very positive 

since it shows the awareness of CA-PP about a specific content 

and its response to represent it without distortion, improving the 

experience of the user.  

  
(a) (b) 

Figure 13 – Oriental Garden viewport using: (a) CA-PP using (𝑑 =
0.3, 𝑣𝑐 =  1) and (b) stereographic projection. 

c) CA-PP vs Pannini (𝒅 = 𝟎. 𝟓): for this case, the Pannini (𝑑 =
0.5) projection generated five viewports that were more pleasant 

than the viewports resulting from CA-PP; however, the median 

and average CMOS are close to five. The same effect verified in 

Stereographic occurred with Pannini (𝑑 = 0.5), with horizontal 

lines being bended in Bedroom and Oriental Garden. In this 

cases, CA-PP wins. However, for Buildings1, Office and 

Workshop, the Pannini (𝑑 = 0.5) wins to CA-PP. These 

viewports present many 3D straight lines, whereby CA-PP 

selected small values of 𝑑. As consequence, some objects were 

presented with shape deformation (stretching) by CA-PP. This 

case is shown in Figure 14, for the image Workshop. The users 

preferred to see the shapes well preserved (provided by Pannini 

𝑑 = 0.5) ) rather than see the lines without bending, considering 

the CMOS of 6.6. 

  
(a) (b) 

Figure 14 - Workshop viewport using: (a) CA-PP using (𝑑 =
0.1, 𝑣𝑐 =  0.6) and (b) Pannini (𝑑 = 0.5) projection. 

d) CA-PP vs Stereographic Pannini: a draw was verified in all 

criteria. Since Stereographic Pannini uses 𝑑 = 1, the 

conformality of relevant objects and the curvature of lines are 

higher than in Pannini (𝑑 = 0.5). Thus, it would be expected 

that the CMOS obtained for Buildings1, Office and Workshop 

for Stereographic Pannini would be larger than the ones obtained 

in Pannini (𝑑 = 0.5). However, the opposite was verified, 

suggesting that too much bending distortion may annoy the user 

perception, even if the objects are more conformal. Thus, a good 

tradeoff between stretching and bending distortion is crucial.   

e) CA-PP vs OP: OP was preferred by the subjects. However, 

this result is not so reliable since the number of viewports 

assessed is quite small (only four) and the average and the 

median of CMOS are close to 5.  However, this result is not so 

reliable since the number of viewports assessed is small, and the 

average and the median of CMOS are close to 5. Nevertheless, 

for Bedroom users preferred the viewport resulting from CA-PP, 

which selected 𝑣𝑐 = 1 , projecting horizontal straight lines 

without bending, in opposite to what happens in OP (see Figure 

15).   

  
(a) (b) 

Figure 15 - Bedroom viewport using: (a) CA-PP using (𝑑 =
0.6, 𝑣𝑐 = 1) and (b) OP projection. 

After the analysis of the subjective results, the taken 

conclusions can be summarized as follow: 

• CA-PP obtained better results than rectilinear and 

stereographic projection; 

• Rectilinear projection is a bad projection for wide angles; 

• Pannini (𝑑 = 0.5) outperformed CA-PP in most part of 

images. However, for some images, namely Bedroom and 

Oriental Garden, the CA-PP’s capacity to properly adjust its 

parameters is clearly an advantage. 

• CA-PP is a good projection for viewports containing only 3D 

straight lines, as in Oriental Garden, or in Bedroom, (the 

stretching did not affect the objects since they were in the 

center of the viewport); 

• CA-PP is a bad projection for viewports containing 3D 

straight lines as objects, since it will use small values of 𝑑 to 

reduce the bending, but increasing the stretching in objects. It 

was seen for the image Workshop that users preferred to see 

the objects well preserved even if  lines were bended.  

D. MPF Assessment 

The results of the subjective tests relative to MPF are 

presented and analyzed. The is done by comparison with: CA-

PP, to verify if it is advantageous to use MPF for the user’s 

perception; and finally, with the results obtained for the 

viewports rendered with MOP and OP. Table 4 presents the 

CMOS for the mentioned projections, their categories, and the  

median and average of CMOS per projection. 

a) MPF vs CA-PP: for this case, following the categories 

defined previously, it is verified that MPF had better 

performance for more images than CA-PP, despite the average 

and the median are near five. Bedroom and Oriental Garden 

obtained a CMOS near 0. The main content of the viewports are 

Table 4 - CMOS of viewports resulting from MPF, OP and MOP projections. Number of times that the reference viewport (CA-PP) is better than 

the viewport under evaluation; average and median of the CMOS obtained for viewports resulting from the same projection. 

 



 

straight lines, where MPF represented them strongly bended, in 

opposite to CA-PP. This effect was not expected because GProj 

(CA-PP) represented this line without bending as well as LProjs 

(it uses rectilinear). To understand why this effect occurred, the 

GProj and LProjs of these images were analyzed. Using the 

Oriental Garden image as example, it is verified that the 

horizontal red structure is represented as straight line by GProj, 

as shown in Figure 16.a) whit two SPs overlapped. With Figure 

16.b) and Figure 16.c), it is shown that the associated LProjs 

represent the same red structure as straight but with different 

orientations. With the fusion of these three lines it is normal that 

the final result is a bended line. 

   
(a) (b) (c) 

Figure 16 -  Viewports of (a) GProj of Oriental Garden and SPs; (b) 

LProjs associated to the SP number three and (c) number four. 

For the viewports Buildings1, Museum, Office and Workshop, 

was verified that the conformality of some relevant objects was 

larger than in CA-PP. Due to this, the CMOS was larger than 

five for the MFP. In the case of the Workshop, it is verified that 

a SP was superposed upon the left chair, and the MPF 

represented that object with much less distortion (see Figure 17). 

  
(a) (b) 

Figure 17 – Workshop Viewport of (a) GProj with detected salient 

points and (b) with MPF.  

For the projections, it is important to note that user did not 

compare them directly (the viewport of reference was the 

viewport resulting from CA-PP) whereby reliable conclusions 

are not taken. Nevertheless, the average CMOS was near to five 

and in the median just MOP wins.   

After the analysis of the subjective results, the taken 

conclusions can be summarized as follow: i) MPF provided 

viewports more pleasant than CA-PP for the cases where SPs 

are positioned close to relevant objects and persons; ii) MPF 

introduces bending distortion if SPs are positioned near 3D 

straight lines viewports. This is a disadvantage, especially 

considering that GProj uses CA-PP as an effort to reduce the 

bending distortion. 

VII. CONCLUSIONS 

It was concluded that CA-PP and MPF can improve the QoE of 

viewports with specific types of contents when compared with 

some benchmark techniques. 
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