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Modeling the Perceptual Quality of Immersive
Images Rendered on Head Mounted Displays:
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Abstract— We develop a model that expresses the joint impact
of spatial resolution s and JPEG compression quality factor q f

on immersive image quality. The model is expressed as the
product of optimized exponential functions of these factors.
The model is tested on a subjective database of immersive
image contents rendered on a head mounted display. High
Pearson correlation and Spearman correlation (>0.95) and small
relative root mean squared error (<5.6%) are achieved between
the model predictions and the subjective quality judgements.
The immersive ground-truth images along with the rest of the
database are made available for future research and comparisons.

Index Terms— Immersive image quality, quality model, spatial
resolution, JPEG, database.

I. INTRODUCTION

PANORAMIC and immersive images are becoming quite
popular, because of the recent introduction of a variety of

powerful virtual reality (VR) devices, such as the HTC Vive,
Oculus Rift, and the Samsung Gear VR. The basic element
of these systems is a binocular head mounted display (HMD)
equipped with head tracking hardware, as shown in Fig. 1(a).
The experience of viewing 2D or 3D immersive images in this
manner can be stunning, especially given a very wide field of
view (FoV), and free navigation with their virtual environment.
The sensation of a vividly changed reality can be dramatic
compared to traditional viewing of images on fixed display
screens having very limited FoVs.

A topic of interest in this context is predicting the perceived
quality of immersive VR images. There has been some work
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Fig. 1. Immersive image viewing on head mounted displays (HMD) with
panoramic (360 degree) navigation freedom (a) elements of a basic HMD
device (b) panoramic FoV vs. conventional FoV.

in this direction. For example, Yu et. al [1] proposed a
spherical peak signal to noise ratio (S-PSNR) and a weighted
version (WS-PSNR), to evaluate different projective mappings
on coding efficiency. The performances of objective quality
metrics on immersive images and videos were further studied
in [2] and [3]. The relevance of salient regions on the mea-
surement of quality on immersive content was investigated
in [4]. There are also a number of related datasets [5], [6]
that explore the use of saliency in VR applications. Rai and
Callet [7] also provide a dataset of head and eye movements
for VR. More immersive publicly available images and videos
can be found at ImmersiaTV [8], Salient 360 Dataset [7],
and SUN 360 Dataset [9]. Upenik et al. [10] developed a
testbed for immersive content subjective quality assessment.
However, there currently exists no effective analytic model
that directly expresses the impact of two main factors (spatial
resolution and compression ratio) on the perceptual quality
of immersive images. Such a model would be of great value
in the development of objective quality assessment predictors
for immersive images and videos, for analyzing the perceptual
impact of wireless transmission on immersive images and
videos, and so on.

Among other factors, immersive image quality strongly
relates to the spatial resolution and the compression ratio. We
have conducted a series of experiments to study how these two
factors influence overall perceptual quality. Towards this end,
we built a database of test images each composed of thousands
of snapshots, represented at four different spatial resolutions
(720p, 1080p, 2K and 4K), and encoded by three compression
ratios using JPEG compression quality factor (q f ) set at 25,
60 and 100 [11]. This yielded twelve individual samples for
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Fig. 2. Immersive (panoramic) images used for subject training (marked with star) and subject rating of quality (no star). (a) Ship∗ . (b) Exhibition Hall.
(c) River. (d) Aquarium. (e) Train. (f) Temple. (g) Concert∗ . (h) Football. (i) Beach. (j) Balcony. (k) Studio. (l) Memorial Hall.

each immersive image content that we used in the subjective
assessments study. All of the experiments were conducted
using an HTC Vive HMD to create the immersive viewing
experiences.

As mentioned earlier, immersive VR image rendering can
offer a 360 degree virtual environment that the user can
navigate within. However, this raises complications when
conducting human studies of immersive viewing. The subjects
experience such a richness and diversity of content, that they
require time to stabilize and focus their attention on each
task before giving a reliable opinion score. This is quite
different from traditional image quality assessment studies
involving very limited FoV. Towards better understanding this,
we collected data to determine assessment durations that are
adequate to allow users to report reliable subjective scores.
This is generally longer than the 5-15 seconds allowed in past
image quality assessment (IQA) studies [12]–[17].

Further we develop an analytic model that captures the
joint impacts of spatial resolution and JPEG quality factor,
expressed as a product of exponential functions of s and q f .
The parameter(s) can be predicted using features extracted
from the image content. There shows a high degree of correla-
tion between the scores predicted using the proposed objective
model and those collected by the subjective assessments,
in terms of Pearson correlation coefficient (PCC), Spearman
correlation coefficient (SRCC), and relative root mean squared
error (rRMSE). The performance evaluations are conducted on
a different image set than the images used to derive the model.

Our work is a systematic attempt to analyze the subjective
quality of immersive images viewed on HMD. The key con-
tributions of this paper are highlighted as follows:

• We develop a simple, closed form analytic model that
is able to accurately predict the subjective quality of
immersive images in regards to the joint impacts of spatial
resolution s and JPEG compression quality factor q f . All
of the model parameters can be predicted using content
features, including spatial activity measurements and the
moments of luminance;

• We are making our database of immersive images pub-
licly available as a resource for the picture quality and
virtual reality communities. Each immersive image
embodies thousands of snapshots in order to greatly
alleviate stitching errors and other distortions. The snap-
shots composing each immersive image are separated

by uniform angular increments of 2-degrees in both the
meridian and parallel dimensions. We envision that these
ground-truth samples will prove to be useful for future
subjective and objective quality assessment research
studies.

The remainder of this paper is organized as follows:
Section II describes our subjective assessment setup and the
protocol for data post-processing. Our predictive model is
developed and cross-validated in Section III and concluding
remarks are drawn in Section IV.

II. SUBJECTIVE QUALITY ASSESSMENT

AND DATA POST-PROCESSING

A. Test Sequence Pool

We firstly selected twelve immersive (panoramic)
images (“Ship,” “Exhibition Hall,” “River,” “Aquarium,”
“Train,” “Temple,” “Concert,” “Football,” “Beach,”
“Balcony,” “Studio,” and “Memorial Hall”) from the
SUN 360 Database [9] to conduct the subjective quality
assessment. The images contain diverse naturalistic content,
are all of native spatial resolution 9104 × 4552 and were
compressed without loss. These images are shown in Fig. 2.
Two of them (“Ship” and “Concert”) were selected as
the training contents on which the human subjects could
familiarize themselves with the subjective assessment
procedure while wearing the HMD. An immersive image
database created by ourselves was used to conduct the
cross validation study. More details regarding the study are
described in Section III-E.

Each original immersive image was down sampled to four
reduced spatial resolutions s: 4096 × 2160 (4K), 2560 ×
1440 (2K), 1920 × 1080 (1K or 1080p), and 1280 ×
720 (720p), using bicubic interpolation. We chose 4K as
the largest spatial resolution, since it matches the HTC Vive
system that we used in our study. The other spatial reso-
lutions were all rendered at 4K, by upsampling them using
bicubic interpolation, for fair comparison when investigating
the impact of resolution. Every image at each spatial resolu-
tion was then compressed using three different JPEG quality
factors [11]: q f = 25, 60 and 100, representing perceptual
separable heavy, intermediate and light compression levels,
respectively. Thus, a total of 144 immersive images were
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Fig. 3. Subjective test platform using the HTC Vive system for immersive
image experience (a) PC, (b) two tracking stations, (c) human subject, and
(d) a headset. This original image is from http://vrplay.com.au/.

created by diverse combinations of spatial resolutions and
compression ratio.

B. Test Protocol

1) Experimental Platform and Method: We employed the
HTC Vive system [18] as the subjective assessment platform
on which the human subjects viewed the created immersive
images. The configuration of the experimental system is shown
in Fig. 3. This system consists of three components, including
(a) a personal computer (PC) for high-performance rendering
via a dedicated graphics card, (b) a pair of tracking stations
to locate and track the interactions of (c) a subject wearing
(d) the HMD. The PC was configured with an i7-6700K CPU,
an NVIDIA GTX 1070 GPU, 32 GigaBytes of RAM and
a 1 TeraByte hard drive. The subject interacts with the PC
via wired connections from the HMD. In practice, users may
also use hand controllers to interact. However, to reduce the
possibility of additional rating noise, we choose to manage the
assessment manually without letting the subjects use the hand
controllers. The HTC Vive HMD, which is a representative
mainstream product, has resolution 2160 × 1200 with a 110◦
effective FOV. Rendered images are streamed from the PC to
the HMD through HDMI connections, while user interaction
data (e.g., head motions), are fed into the PC via USB 3.0
connections. We ensured that the subjects only experienced
motions arising from head movements.

A pilot test with a small number (10) participants was
performed prior to the formal subjective test. We observed
that all subjects selected to stand when experiencing the VR.
Perhaps they felt they could navigate more freely inside the
virtual environment when standing up. Thus, we recommended
all subjects to stand up when conducting the formal study.

The subjective assessment protocol that we followed in the
experiments was the ACR (Absolute Category Rating) Single
Stimulus method. Various parameters of each experiment are
illustrated in Fig. 4. Subject participated in two sessions. The
first was a training session, where the subjects viewed samples
of immersive images of diverse, representative quality levels
(with parameters ranging from 4K to 720P and from q f = 100

Fig. 4. Illustration of the subjective assessment protocol, showing the rating
scale (left), the training and testing session durations (upper right), and the
temporal spacing of immersive image presentations.

to q f = 25). During the training session, the subjects were
exposed to images of a wide range of quality levels. This
allowed the participants to experience the rating protocol and
to obtain a sense of the range of immersive picture qualities.
In the second session, different sets of randomly selected
images were shown to each subject on which they gave their
opinion scores verbally, while an assistant recorded them.

The rating scores ranged from 0 (Bad) to 100 (Excellent),
using the Likert marks shown in Fig. 4. The same methodology
was used in our previous work [19]. There are other rating
scales, such as the 5-level, or 10-level alternatives. However,
all of these rating scales yield similar outcomes without notice-
able statistical differences, as reported in [20]. The human
subjects were naive students from Nanjing University, from
widely diverse academic majors, of ages 18 to 25. Of these,
80% had no prior VR experience. All of the viewers were
tested and found to have normal visual (after correction) and
color perception. The numbers of male and female subjects
were 53 and 45, respectively.

2) Duration Time: Subjects can lose their focus when
experiencing rendered immersive images, even following
training sessions, if they are not given adequate time to
comfortably orient themselves. Thus we sought to determine a
proper viewing duration for the immersive images. Commonly,
a 10 seconds viewing duration has been used in conventional
image quality assessment studies [12], but we have observed
this to be insufficient when viewing immersive images.
By allowing an extended viewing duration, subjects could
stabilize their experience and deliver more reliable opinion
scores. In the following preliminary experiment, we fixed
the durations at 10s, 20s and 40s. The latter two durations
were chosen since we have empirically observed that people
commonly spend about 20s to acclimate themselves to a
fixed virtual world. To investigate the efficacy of allowing
longer durations, we selected the third duration to be twice
this nominal empirical value.

We selected the seven images: “Exhibition Hall,” “River,”
“Aquarium,” “Train,” “Temple,” “Football,” and “Beach,” each
processed to the same four spatial resolutions, as samples that
we used to directly analyze the effects of viewing duration.
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TABLE I

STANDARD DEVIATION σ OF MOS OF REPEATED IMAGE SAMPLES
OVER FIVE RANDOM VIEWING SEQUENCES (VS)

These 28 image samples were arranged into five viewing
sequences (VS) in different random orders. As a control,
we also randomly selected one image sample from each
VS and randomly inserted it into the VS six additional times,
but never consecutively. This yielded 34 image samples within
each VS.

Since three different viewing durations of each image
sample were used (10s, 20s and 40s), each VS required
approximately 9 minutes, 15 minutes and 26 minutes to rate.
In the preliminary study, thirty other subjects were engaged
to participate, ten for each viewing duration. However, only
six participants accomplished the “40s” viewing duration test,
since the others complained that experiencing a 26-minute
subjective assessment while wearing the HMD led to the onset
of dizziness. We asked the subjects to record their opinion of
each image sample based on their overall experience of quality
over the duration. As with the latter study, a brief training
session allowed them to familiarize themselves with the visual
quality variations.

We calculated the mean opinion score (MOS) values on just
the repeated image samples in each VS, then also found the
standard deviation σ of these values as a measure of whether
the duration was sufficient. The idea here is that if the duration
is adequate, then viewing of the same image samples should
produce similar opinion scores. Moreover, low values of σ
would indicate that the subjects did not experience fatigue
which could destabilize the scoring. In these regards, the MOS
standard deviation σ is a simple and reasonable means to
assess viewing duration.

Table I shows the MOS standard deviation σ of the repeated
image samples for the three different viewing durations and
five viewing sequences. On average, there was an almost 50%
reduction in σ as the viewing duration was increased from
10s to 20s. This strongly supports the notion that 10s is too
short a period for a subject to both acclimate to an immer-
sive environment and deliver an accurate quality judgement.
Conversely, when comparing the results for 20s and 40s
duration, we observed a slight performance degradation, which
likely arose from subject fatigue. Hence, in the main experi-
ment, we used a 20s viewing duration throughout.

C. Data Collection and Post-Processing

It would require a subject approximately 25×10×12/60 =
50 minutes to view all 12 versions of all of the ten test
images. Such a lengthy duration would be unbearable for most
subjects. Indeed, subjects often feel dizzy and uncomfortable
beyond 20 minutes. Therefore, we divided each assessment
experiment into two sessions. Each session contained six test
images, where two overlapped (i.e., “Temple” and “Football”)

both sessions. The first session included “Exhibition Hall,”
“River,” “Aquarium,” “Train,” “Temple,” and “Football,” while
the second one included “Temple,” “Football,” “Beach,”
“Balcony,” “Studio,” and “Memorial Hall.” For each session,
three subgroups were applied to further divide the test images
(with overlaps, where there were 49 subjects in each session
and about 16 subjects in each subgroup) to further reduce
the experimental duration of each participant. For example,
in the first session, subgroup one included “Exhibition Hall,”
“River,” “Aquarium,” subgroup two included “Aquarium,”
“Train,” “Temple,” and subgroup three included “Temple,”
“Football,” and “Exhibition Hall.” In the final design, each
subject rated three different image contents at four different
spatial resolutions (4K, 2K, 1080p, and 720p), and three quan-
tization settings (q f = 100, 60, and 25), resulting in 36 test
image samples viewed by each subject and each image sample
was evaluated by at least 16 individual subjects. We placed
the images randomly and ensured that images of the same
content would not appear twice consecutively. There were 5s
interval between each two test images, during which a gray
image was presented, helping to alleviate any influence of
previous images. Overall, including viewing of the training
images, about 20 minutes were required of each subject to
complete their subjective assessment tasks.

We processed the raw human data following the methods
described in [21]. We computed Z-scores [22] to normalize
the scores of each viewer:

Zmi = Xmi − μ(Xi )

σ (Xi )
, (1)

where Xmi and Zmi are the raw rating and the Z-score of the
m-th image sample rated by the i -th viewer, respectively. Xi

denotes all ratings given by the i -th viewer, and μ(·) and σ(·)
are mean and standard deviation operators.

We deployed the screening method first described in BT.
500 [12] to remove outliers whose ratings were inconsistent
with other viewers. As a result, nine subjects were removed
as outliers. The MOS of the remaining 89 participants were
utilized in model development.

We conducted the method in [23] to map each subgroup
appropriately. Finally, we scaled the mapped Z-scores to a
common range by:

Xmi,c =
(
m(XI

max) − m(XI
min)

)
· Zmi − Zi,min

Zi,max − Zi,min
+ m(XI

min),

(2)

where XI
max and XI

min are the maximum and minimum ratings
for image I from all subjects. Zi,max and Zi,min are the
maximum and minimum Z-scores from the i -th viewer, and
m(·) is the sample median operator. The MOS score for a
particular image sample is derived by averaging the common
scores after all the steps.

D. Results

Figure 5 plots the MOS (with 95% confidence intervals)
against spatial resolution s for different quality factors q f .
Clearly, MOS degrades consistently as s (or q f ) decreases,
for any fixed q f (or s). But the rate of degradation was
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Fig. 5. MOS with 95% confidence intervals ploted against spatial resolution s for three different quality factors q f .

Fig. 6. Normalized MOS with 95% confidence intervals ploted against spatial resolution s for three different quality factors q f .

Fig. 7. Normalized MOS with 95% confidence intervals ploted against quality factor q f for four different spatial resolutions s.

content dependent. For instance, “Exhibition Hall” degraded
much more quickly than “Memorial.” Also notice that the
degradation was slower at higher spatial resolutions (such as
2K and 4K), and faster at lower spatial resolutions (such as
1K and 720p). This holds for quality factors as well, i.e., MOS
degrades slower with light compression (such as q f = 100),
but faster with heavy compression (such as q f = 25).

We also plotted normalized MOS against spatial resolution
for several fixed values of the compression quality factor

in Fig. 6. Note that all resolutions were up-sampled to 4K.
The closer the resolution to 4K, the smaller quality difference
that could be perceived. The impact of spatial resolution can
be modeled by an exponential function. As shown in Fig. 7,
where the MOS is normalized with respect to the compression
quality factors for a fixed resolution, the same exponential
function form can be applied. Note that users are unlikely to
be able to distinguish differences between images compressed
with q f = 60 and q f = 100, as discussed in [10]. This is



6044 IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 27, NO. 12, DECEMBER 2018

why q f = 60 resulted in almost identical image quality as
q f = 100. All of these findings motivated us to attempt to
model the impacts of spatial resolution s and quality factor q f .
We sought a simple, closed-form parametric model that might
easily be brought to bear in practice.

III. QUALITY METRIC CONSIDERING SPATIAL

RESOLUTION AND QUANTIZATION

An analytic model Q(s, q f ) is desired to predict the per-
ceptual quality of immersive images, viewed on HMD, in a
manner that reflects the impacts of diverse spatial resolutions
and/or compression levels. Towards this goal, we attempted to
model the quality function Q(s, q f ) as a separable function
of s and q f :

Q(s, q f ) = Qmax · Q(s, q f
max)

Q(smax, q f
max)

· Q(s, q f )

Q(s, q f
max)

, (3)

where Qmax = Q(smax, q f
max) occurs when a test image

is presented at maximum spatial resolution with the least
compression quantization (i.e., with smax = 4096 × 2160
and q f

max = 100). The term Q(s, q f
max)/Q(smax, q f

max) is
intended to model normalized quality as a function of the
spatial resolution s (NQS), when q f = q f

max. The other term
Q(s, q f )/Q(s, q f

max) models normalized quality versus the
qualify factor q f (NQQ), for any given s. We develop the
elements of these two product factors in the following.

A. Model of Normalized Quality as a Function of
Spatial Resolution

As shown in Fig. 6, the empirical values of NQS (based
on MOS) degrade steeply at lower spatial resolutions, but
more gradually at high resolutions, which is characteristic of
exponential functions. Thus, we utilized the inverted falling
exponential function described in [19] with modification, and
found that the data is well modelled by this function:

Qs(s) = 1 − e
−a·

(
s

smax

)α

1 − e−a
(4)

having parameters a and α. Note that we assume q f = q f
max.

The parameter a for each image was determined through the
least square fitting method. It controls the rate of quality
degradation as s decreases, which essentially characterizes the
subjective sensitivity of quality degradation. The quantity α is
related to the viewing configuration: α = 1 for a conventional
flat panel display [19], [21], [24]. However, an HMD generally
displays immersive images with curved rendering, as shown
in Fig. 1(b). For this reason, the impact of spatial resolution
may be different and varies the parameter α. Based on our
extensive simulations, we found that α = 0.7 yielded the best
performance (with the least error). Figure 8 plots the NQS
and a model fit using Eq. (4), exemplifying the accuracy of
the model.

Fig. 8. Model of normalized quality versus spatial resolution (NQS) for
fixed values of q f

max: points are measured MOS (normalized); curve is fitted
model using Eq. (4). Parameter a controls the rate of quality degradation as s
decreases.

B. Model of Normalized Quality as a Function of
Quality Factor

NQQ models normalized quality as a function of the quality
factor, for a fixed spatial resolution. We applied a similar
model to define NQQ, but modified it to also depend on s.
Let

Qq f (q f ) = 1 − e
−b(s)·

(
q f

q
f

max

)

1 − e−b(s)
, (5)

with parameter b(s), which is intended to capture the influence
of the spatial resolution on NQQ. Specifically, it controls how
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Fig. 9. Model of normalized quality versus quality factor (NQQ) for fixed
values of s: points are measured MOS (normalized); curve is fitted model
using Eq. (5). Parameter b controls the rate of quality degradation as q f

decreases.

rapidly NQQ drops as q f is decreased. Normalized empirical
values of NQQ are plotted in Fig. 9, with superimposed curves
fitted using (5). As may be seen, the model captures the trend
of NQQ quite well. We have also found that the parameter b
is approximately linearly related to s as shown in Fig. 10.
Thus

b(s) = k1

(
s

smax

)
+ k2, (6)

where k1 and k2 are image content dependent parameters.

Fig. 10. Linearly fitted plot of parameter b against s.

C. The Overall Quality Model

Combining (3), (4), and (5), our overall quality model
becomes,

Q(s, q f ) = Qmax
1 − e

−a·
(

s
smax

)0.7

1 − e−a

1 − e
−b(s)·

(
q f

q
f

max

)

1 − e−b(s)
(7)

This model has three parameters: a, k1 and k2. Figure 12
shows that the average value of Qmax is indeed quite close
across content, with little variation. Thus, we assumed that
Qmax = 82 for all test images. This broadly assumes that
human viewers will have relative stable and consistent sub-
jective opinions of original content presented at the maximum
spatial resolution using the finest quality factor (since there
are no artifacts induced). We derived the optimal model
parameters following the least square error (LSE) criteria [22].
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TABLE II

SI AND MODEL PARAMETERS USING LSE FITTING WITH PERFORMANCE SHOWN BY rRMSE, PCC AND SRCC

Fig. 11. Measured MOS and curves predicted using (7). The curve parameters
were derived using the least squares. The model performance was assessed
using the rRMSE (e), PCC (ρ), and SRCC (rs ). Qmax = 82 was held fixed
over all images.

As a measure of prediction performance, we computed the
Pearson correlation coefficient (PCC) ρ and Spearman’s rank
coefficient (SRCC) rs between the true MOS and predicted
MOS (7) on the ten images used in the subjective experiments.
Figure 11 plots the MOS and model prediction curves. The
LSE parameters are shown in Table II along with PCC, SRCC

Fig. 12. Box plots of the distribution of Qmax (showing the mean and
standard deviation across subjects) for all images.

and relative RMSE (rRMSE = RMSE/Qmax). The model is
accurate for all test images, with small rRMSE and high PCC
and SRCC.

D. Model Parameter Prediction Using Content Features

As mentioned earlier and as observed in Table II, the model
parameters are content dependent. Therefore the model (7) will
be more useful in practice if its parameters could be predicted
from features extracted from the image content itself. Next
we describe such content features and derive a predictor for
each parameter. The parameter predictors are simple linear
combinations of the extracted features and all content features
are calculated globally.

Image quality is correlated with certain content statis-
tics [25], such as spatial activity [26]. Therefore, we analyze
image luminance and structure as follows.

1) Spatial Activity: Image spatial activity arises from image
structures that can also impact the perception quality [26],
e.g. by masking [27]. Spatial information (SI) is often used to
describe image structural details. A higher SI implies a more
complex image scene, and vice versa [28]. SI is commonly
computed as the standard deviation of performing the Sobel
operator, i.e.,

γSI = σ (Sobel(I)) , (8)

where I is an input image, Sobel(·) is the Sobel operator and
σ(·) is the standard deviation operator.

2) Moments of Luminance: The low-order central moments
of luminance distribution Y are useful descriptor of image
structure. The first-order central moment (mean) of Y,
the second-order central moment (variance) and the third-order
central moment (skewness) are given by

γYM1 = μ(Y), (9)

γYM2 =
√√√√ 1

mn

m−1∑
i=0

n−1∑
j=0

(Y(i, j) − μ(Y))2, (10)

γYM3 = 3

√√√√ 1

mn

m−1∑
i=0

n−1∑
j=0

(Y(i, j) − μ(Y))3, (11)
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Fig. 13. Immersive (panoramic) images used for cross validation: The images in the top two rows are from the SUN 360 Database, while the images in the
bottom row were generated by ourselves.

TABLE III

SI AND FEATURE PREDICTION MODEL PARAMETERS, rRMSE, PCC AND SRCC OF CROSS VALIDATION IMAGES

where Y(i, j) is the image luminance at coordinate (i, j) and
these features are calculated globally.

We then use a simple linear regression model to predict
the parameters P = [a, k1, k2]T from the extracted features
F = [γSI, γYM1, γYM2, γYM3, 1]T. Hence we found the stable
transfer matrix H

P = HF, (12)

yielding

H =
⎡
⎣

−0.06 −0.007 0.16 −1.84 16.7
−0.20 −0.046 1.58 −3.71 22.7
0.27 0.068 −2.74 8.21 −29.5

⎤
⎦.

E. Cross Validation

We performed cross validation to demonstrate the
effectiveness and efficiency of our model. Towards this
goal, we randomly selected two sets of test data. First,
we randomly selected an additional set of ten heretofore
unused immersive images from the SUN 360 Database, along
with another five 4K immersive images randomly selected
from a set of data (corresponding to both virtual and real
scenes) generated by ourselves. Thus a total of fifteen images,
resulting in 180 samples, were used to conduct the cross
validation study. These are shown in Fig. 13. These images

include various types of content and covered a wide range
of spatial complexities. Unlike the immersive images in
SUN 360, which were generated by stitching together a few
pictures captured using a camera equipped with a fisheye
lens, which can introduce distortion, our images were created
by stitching together thousands of snapshots from slightly
displaced camera positions using nondistorting lenses. These
images serve as effective ground-truth samples for both
subjective and objective immersive images quality assessment
research. More images can be found in [29].

The four images “Darkroom,” “Parlour,” “Brightroom,” and
“Brickhouse” were synthesized using the 3DS MAX [30]
system. We created a virtual camera tripod at the center
of each model, rotated the pinhole camera by two-degree
increments along both the meridian and parallel, capturing
16200 synthetic photorealistic pictures which we stitched into
a 360-degree panoramic immersive image. The final image
“Chamber” was created by shooting a real scene using a Canon
5D Mark3 camera affixed to a turntable tripod, which we
rotated the same way as in virtual scene, and capturing the
same number of pictures to produce the immersive image.

After obtaining all of the test materials, we collect opinion
scores from another 85 subjects, following the steps described
in Section II, then derived the MOS models (7), where the
model parameters were predicted using the extracted features
detailed in Section III-D.
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Fig. 14. Measured MOS and curves predicted using (7). The parameters were predicted using the content features from (12).

Fig. 15. Illustration of MOS prediction efficiency among various objective metrics: (a) proposed model, (b) PSNR, (c) WS-PSNR, (d) SSIM, (e) MS-SSIM,
(f) VIFP. Analytical model curves are presented via least square error fitting.

The model performance was assessed using rRMSE, PCC
and SRCC, which are reported in Table III. We also plotted
predicted model curves and the collected MOS in Fig. 14.
We provide scatter plots between measured MOS and pre-
dicted MOS in Fig. 15, along with scatter plots between
measured MOS and PSNR, WS-PSNR [1], SSIM, MS-SSIM
(Multi-Scale SSIM) [31] and VIFP (Visual Information
Fidelity in the Pixel Domain) [32]. We also present the
model curves via least square error fitting for each metric
and calculated rRMSE referring to ITU-T J.149 [33] and
ITU-T P.1401 [34]. Since Qmax = 82 for all test images, some
points corresponding to 4K content appear along a straight
line. But as may be seen, our model was able to predict the
subjective MOS quite accurately in general, with an collec-
tive rRMSE of less than 5.6% and with both the collective
PCC and SRCC taking values above 0.95, indicating both good

precision and monotonicity. Since our model belongs to the
no-reference category of quality predictors, this performance
is very good. This also highlights the success of predicting
the internal model parameters that reflect the influences of the
various content distributions.

IV. CONCLUSION

We have examined the joint impacts of spatial resolution s
and compression quality factor q f on the perceptual quality
of immersive images viewed using head mounted displays.
We express the joint impacts of these quality parameters as
a product of similar inverted exponential functions of s and
q f . Three parameters are linearly predicted using extracted
content features. Cross validation was performed using another
dataset, with MOS collected via a standard subjective rating
procedure. The predicted MOS was calculated using our
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simple product model using the parameters predicted from
the content features. The experimental results demonstrate the
high performance of our model.

We are also making freely available the immersive images
that were created from thousands of snapshots [29].

In the future, we plan to study the harder problem of
assessing the impacts of more general types of distortions,
such as blur, noise, and multiple distortions [35], as well as
temporal artifacts and how they affect on the perception of
immersive video. Towards that end, we plan to extend the
model here, as well as deploy concepts of temporal video
statistics [36] to produce accurate immersive video quality
predictors.
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