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Blind Omnidirectional Image Quality Assessment
Based on Structure and Natural Features

Yun Liu , Hongwei Yu , Baoqing Huang , Guanghui Yue , and Baoyan Song

Abstract— Omnidirectional image quality assessment (OIQA)
is a hot research topic in image processing. Besides, IQA
is also very important in the field of instrumentation and
measurement. In this article, we propose a new no-reference
OIQA model by analyzing the relationship between image fea-
tures and perceived quality. A gradient weighted local phrase
quantization map is built to complement the gradient map
to model the structure degradation of omnidirectional images
caused by various distortions. Considering the large amount of
information contained in the omnidirectional image, we extract
the luminance features, global entropy instead of local entropy,
and color features, which are ignored in most previous works
to estimate the naturalness quality of the omnidirectional image.
Finally, support vector regression is utilized to train and test
our model based on the image features and human subjective
quality assessment scores. The experiments on two databases
show that our model outperforms the state-of-the-art IQA models
and correlates well with subjective scores in the two databases.

Index Terms— Natural feature, omnidirectional image, quality
evaluation, structural feature.

I. INTRODUCTION

IN RECENT years, virtual reality (VR) technologies have
drawn much interest due to their wide range of applications,

such as medical care, industries, and multimedia [1]–[3].
VR contents, such as omnidirectional images, can bring people
an immersive and interactive visual experience by wearing a
special device, such as the head-mounted display. Unlike tra-
ditional content displayed in a fixed direction, omnidirectional
scene display provides viewers a spherical image based on an
unlimited field of view in all locations. In the VR environment,
viewers can freely see any location of the spherical image by
rotating the head orientation [4]. However, only a few parts of
the whole content are found at the same time [5]. Because
omnidirectional content has a high spatial resolution, large
storage, and a wide bandwidth [6], so how to optimize system
resources and ensuring the quality of experience is one of the
most challenging issues. Many efficient compression solutions
for omnidirectional content have been proposed [7]. However,
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distortion may occur in the projection and transmission process
of omnidirectional image [8]. Different noises make the image
ghost, blur, color, and geometric distortion. Viewers can see
the artifacts in the omnidirectional image, which often makes
people feel uncomfortable and sometimes even cause motion
sickness [9]. Therefore, how to effectively evaluate the quality
of omnidirectional images needs to be solved.

In general, the image quality assessment (IQA) model can
divide into the full-reference (FR) method, reduced-reference
(RR) method, and no-reference (NR) method. FR-IQA models
need to obtain all the information of the reference image [10],
while RR-IQA models need part information of the refer-
ence image. NR-IQA models only take the distorted image
as input [11]–[13]. By calculating peak signal to noise
ratio (PSNR) values in the spherical domain instead of on
the rectangular surface, a spherical-PSNR (S-PSNR) model
was built [14]. Considering the different weights to distor-
tions at different positions, weighted spherical PSNR (WS-
PSNR) [15] FR-IQA was built based on the S-PSNR model.
Zakharchenko et al. [16] then proposed a Craster parabolic
projection quality index (CPP-PSNR) to measure the omnidi-
rectional image quality. However, in general, reference images
are difficult to be obtained. The NR-IQA metric was pro-
posed to predict the quality of the omnidirectional image and
received extensive attention in recent years. Kim et al. [17]
constructed a convolution neural network (CNN)-based IQA
method based on two important parts: quality evaluator and
human perception guidance module. And the final quality
result is obtained by summing the weighted local scores.
Sun et al. [18] built a compressed VR image quality database
and proposed a blind omnidirectional IQA (OIQA) model
based on a multichannel CNN.

With the popularity of VR technology, the task of OIQA
becomes more and more significant. In this article, we build
an OIQA model by studying the relationship between human
visual perception and quality prediction. Considering the
simple and wide applicability of the equirectangular pro-
jection (ERP) method, our method is built based on the
omnidirectional image of the ERP format. We believe that
a combination of different image attributes can achieve better
evaluation performance than a single image attribute. We first
extract the texture and gradient information of omnidirectional
images as structural features to solve the structural distortion
problem of the omnidirectional image. Second, considering
that omnidirectional images contain more scenes than ordinary
images and have more complex features, we extract the
image’s luminance, color, and image entropy information as
the natural features. We evaluate our model on two databases
to show that the estimated quality correlates very well with
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the mean opinion scores (MOSs) of the database. The main
contributions of our work are as follows.

1) By calculating the local phrase quantization (LPQ) on
the gradient map, we design a novel structural fea-
ture that can effectively describe the omnidirectional
image structural degradation caused by various distor-
tions and play an important role in improving the overall
performance.

2) In extracting image entropy features, we use global
entropy instead of local entropy to obtain natural feature
information, which can significantly reduce the compu-
tational complexity.

3) The color features, ignored in most previous models,
are used to reflect the omnidirectional image quality
under various levels and types of distortions, which can
improve the accuracy of the proposed model.

The rest of this article is organized as follows. In Section II,
we discuss the motivations. The implementation of the pro-
posed model is introduced in Section III. In Section IV,
we declare the experimental results and performance compar-
ison. Finally, the conclusion is presented in Section V.

II. MOTIVATIONS

With the wide application of VR technology, to obtain
a better user experience, the quality of the omnidirectional
image has been paid more attention to. Higher image qual-
ity in principle allows better measurements to be obtained
from the image. Therefore, the evaluation of omnidirectional
image quality is of great significance in the field of mea-
surement. To facilitate storage and other processing, it is
necessary to expand the omnidirectional image information
into a 2-D plane in spherical space. This conversion process
is called omnidirectional image projection. Many projection
methods have been developed and introduced into the indus-
try. The ERP method is the most widely used way in the
image processing area because it is easy to store, visualize,
and generate, and therefore, we use omnidirectional images
based on the ERP format to assess the performance of our
model. Fig. 1 shows the omnidirectional image under JPEG
compression distortion in the ERP.

A. Structure Feature

Image structure carries important image information and
is an effective tool for image quality evaluation. HVS
automatically extracts structural information to perceive and
understand images [19]. Studies have shown that image gra-
dients were affected by image distortions, and its effec-
tiveness has been demonstrated on the IQA area [20]–[22].
In [23], the local binary pattern (LBP) descriptor in the
gradient-domain is adapted to represent structural information
by combining spatial intensity and spatial distribution. In [24],
a weighted LBP (WLBP) was extracted as a spatial fea-
ture. It can be found from the experimental results that the
WLBP has good performance in the image quality evaluation
model. Compared with the LBP descriptor, the LPQ index is a
more meaningful texture descriptor, which has strong robust-
ness, rotation invariance, and calculation simplicity. In this
article, we use the weighted gradient LPQ (GLPQ) index to
describe the structured content of the omnidirectional image

Fig. 1. Omnidirectional image under JPEG compression distortion in the
equirectangular format.

as one of the structural features. Besides, considering the rich
gradient information in the omnidirectional image, we use the
gradient feature of the omnidirectional image to supplement
the GLPQ feature as the structural feature of the image.

B. Nature Feature

1) Natural images have some statistical properties that arti-
ficial images do not have. When the image is damaged
by different types of distortion, these statistical charac-
teristics will change accordingly. The statistical features
of natural scenes have been proved to be an effective
quality index [25]–[27]. The omnidirectional image also
has the characteristics of a natural image, and therefore,
we use the natural scene statistics (NSS) features as one
of the natural features of the omnidirectional images.

2) Color information plays an important role in human
visual perception [23]. It is proven that 80% of the per-
ceptual content in the first moment of human perception
of the surrounding scene is color information [28]. How-
ever, many image quality evaluation algorithms ignored
color features [29], [30]. In [31], the potential effective-
ness of color as a quality-sensitive NSS feature in image
quality prediction has been demonstrated in [22]. The
above-mentioned studies show that color information
contains essential image quality prediction information
and can be adapted to evaluate image distortion. It is
reasonable to use color features as one set of natures in
our model.

3) Information entropy is a common index to measure
the amount of information in an omnidirectional image.
Different types and degrees of distortion will affect
the amount of information in the image. Therefore,
information entropy is an effective tool for image quality
evaluation. In [21] and [32], local entropy is used to
evaluate image quality. Compared with local entropy,
global entropy has lower computational complexity and
also can reflect the total information of the image, which
is suitable for omnidirectional images. A comparative
experiment was conducted to verify this conclusion.
More details of this study are described in Section IV-E.
Thus, we apply the global entropy as another set of
natural features of the omnidirectional image.

III. PROPOSED METHOD

In this work, we propose a novel blind OIQA (BOIQA)
method based on structure and natural features. The whole
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Fig. 2. Overview of the proposed BOIQA framework.

framework is shown in Fig. 2. We first utilize the GLPQ map to
describe the structure distortion of the omnidirectional image.
To more effectively capture structural distortions, we deploy
gradient features to complement the GLPQ map. Second,
to extract quality-related natural image properties, we capture
the luminance, color, and entropy information from the omni-
directional image to obtain the natural features. Third, in our
study, we apply the support vector regression (SVR) [33]
method to build the relationship between omnidirectional
image features and human opinion scores to get the final
quality score.

A. Structural Feature Extraction

1) Local Phrase Quantization on Gradient Domain: Pre-
vious studies have shown that the image structure car-
ries the visual information of the scene [34], and the
structure-based IQA method has achieved remarkable perfor-
mance [35], [36]. Therefore, it is of great significance to
extract and describe image structure information correctly for
perceptual quality evaluation. When the image is distorted,
the structure of the image gradient-domain changes and the
LPQ [37] operator can effectively describe the edge, line,
corner, and other structural features of the image. Therefore,
gradient magnitude and LPQ are combined in this article
to obtain the perceptual structure features of the omnidirec-
tional image. The omnidirectional image gradient magnitude
is calculated based on Prewitt filters due to its computational
simplicity, as follows:

Go =
√

(O ∗ Ph)
2 + (O ∗ Pv )

2 (1)

where O denotes the input omnidirectional image, Ph and Pv

are the Prewitt filters, and ∗ denotes the convolution operation.
Then, we use the LPQ operator on the gradient map to form

the GLPQ map, as follows:

GL P Q =

⎧⎪⎨⎪⎩
8∑

i=1

s(gi − g0), if U(L B P8) ≤ 2

9, otherwise

(2)

where gi represents the gray values of the pixels, L B P8 is a
rotation invariance LBP, and U(∗) is an uniformity measure.
The function s(.) is defined as

s(gi − g0) =
{

1, gi − g0 ≥ 0

0, gi − g0 < 0.
(3)

Finally, we combine the GLPQ map and gradient magnitude
to form the weighted GLPQ histogram by calculating the
accumulative value of the gradient magnitude in each pattern,
as follows:

GLPQ(k) =
N∑

i=1

ωi f (GLPQ, k) (4)

f (GLPQ, k) =
{

1, GLPQ = k

0, otherwise
(5)

where N represents the pixels number of the input omnidi-
rectional image, k is the possible GLPQ mode, and ωi is the
magnitude of the gradient at each pixel.

To illustrate the behavior of the combined GLPQ map
against distortions, Fig. 3 shows the statistical histograms of
the GLPQ map of the omnidirectional image under different
distortions. The abscissa is the value of GLPQ patterns, and
the ordinate is the sum of all pixel values in the gradient
map in the same GLPQ patterns. Fig. 3(a)–(d) is the reference
image and three distorted images (JPEG, AVC, and HEVC),
and Fig. 3(e)–(h) is the corresponding statistical histograms.
Fig. 3(i)–(l) is the reference image and three distorted images
under different degrees of “JPEG.” The degradation of distor-
tions in (i)–(l) increases in sequence. And Fig. 3(m)–(p) is the
corresponding statistical histograms. Since the analysis of the
GLPQ map of images with different distortions is similar to
that of images with JPEG, we omit it here. Fig. 3 demonstrates
that the pattern distribution in each bin of the statistical
histograms changes with different degrees and different types
of distortions “JPEG” and “AVC” tend to concentrate the
pixels in four patterns, while “HEVC” concentrate the pixels
in two patterns. The statistical histograms of the GLPQ map
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Fig. 3. (a) Original omnidirectional image. (b) Image with JPEG compression. (c) Image with AVC. (d) Image with HEVC. The subjective MOS scores of
the four images in (a)–(d) are 71.7413, 17.4931, 25.5271, and 28.7812, respectively. (e)–(h) Statistical histograms of gradient-weighted GLPQ map of image
(a)–(d), respectively. (i) Original omnidirectional image. (j)–(l) Three images with different of distortion JPEG, respectively. The subjective scores of the four
images in (i)–(l) are 71.7413, 64.6665, 50.0878, and 17.4931, respectively. (m)–(p) Statistical histograms of gradient-weighted GLPQ map of image (i)–(l),
respectively.

change with the distortion degree and can be used to reveal
the image quality degradation. Therefore, it is reasonable to
apply the gradient-weighted GLPQ map to conduct the quality
perception, so we utilize it as the spatial structure feature.
A total of 256 features are extracted.

2) Gradient Statistics: The gradient of the image gives rich
information about the distribution of edges and structures for
HVS [38], [39], which is applied to assess image quality and
achieve good results [20], [40]. In our method, the gradient is
calculated by convolving the image with a Sobel filter kernel
in both the horizontal and vertical directions. In this article,
we adapt the gradient map to describe the local structure of the
omnidirectional image to complement the above-mentioned
spatial structure feature, as follows:

|G| = |Gh | + |Gv | (6)

Gh =
⎡⎣ −1 0 +1

−2 0 +2
−1 0 +1

⎤⎦ ∗ I (7)

Gv =
⎡⎣ +1 +2 +1

0 0 0
−1 −2 −1

⎤⎦ ∗ I (8)

where I represents the input image, Gh and Gv represent the
partial derivatives of the input image in the horizontal and

vertical directions, respectively, and ∗ represents the convolu-
tion operation. It is well known that image gradients convey
significant visual information. There are some popular gradient
operators, such as Sobel, Roberts, Prewitt, and Laplacian
operators that can be applied to extract the image gradient.
We have applied the above four filter kernels to build IQA
models, and the model using the Sobel kernel yields the best
result. Therefore, in this article, we use the Sobel operator to
extract the image gradient.

In order to illustrate the behavior of the gradient map against
different distortions, we select four omnidirectional images
and their corresponding gradient map to prove it, which is
shown in Fig. 4. Fig. 4 indicates that the gradient map and the
vertical gradient map are clearly changed with the different
distortion types. In contrast, the changes and the effect on
quality assessment are not clear in the horizontal gradient
map, which had been proved in our experiment. In this article,
we use the gradient map and the vertical gradient map to reveal
the local structural features of the omnidirectional image.

Considering the knowledge of probability theory, if the
gradient magnitude distribution of the image is considered as
a probability distribution, the gradient distribution of an image
can be expressed by its moment [41], [42]. Thus, we adapt the
mean value of the gradient and the standard deviation of the
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Fig. 4. Original natural image and three distorted images; from the top row to bottom row are the reference image, gradient map, vertical gradient map, and
horizontal gradient map, respectively. From left to right of the first row are reference image with MOS = 8.6842, JPEG compressed image with MOS = 8.5500,
JPEG2000 compressed image with MOS = 8.1500, and Gaussian blur image with MOS = 6.9500, respectively.

vertical gradient as the local structural features, as follows:
Mean(G) = M(G) (9)

Standard(G y) = σ(G y) (10)

where G and G y denote gradient map and the vertical gradient
map, respectively. σ represents the standard deviation operator
and M is the mean operator. Finally, a total of two features
of local structure features are extracted.

B. Nature Feature Extraction

1) Statistics of Normalized Luminance: Studies show that
mean subtracted contrast normalized (MSCN) coefficients can
reflect the degradation degree of image quality [43], [44].
In this work, we use this method to extract global luminance
features. Given an omnidirectional image, at first, a normal-
ization process is conducted, as follows:

Ô(m, n) = O(m, n) − μ(m, n)

σ (m, n) + C
(11)

where O is the distorted omnidirectional image, and Ô is
the normalized omnidirectional image. m and n are spatial
coordinates, μ(m, n) and σ(m, n) are the local mean and the
standard deviation of the input image, respectively, and C
is a constant. As we all know, the statistic parameters can
be modeled by a mean of zero general Gaussian distribution
(GGD), as follows:

GGD(x; α, σ 2) = α

2β�(1/α)
exp

(
−

( |x |
β

)α)
(12)

where

β = σ

√
�(3/α)

�(1/α)
(13)

and �(.) is the gamma function:

�(α) =
∫ ∞

0
tα−1e−t dt, α > 0 (14)

where α represents the ’shape’ of the distribution, and σ 2

represents the variance. By introducing distortions into the
image, this distribution will change, which can be quantified
by using two parameters: α and σ 2.

To illustrate the behavior of the MSCN coefficients against
different distortions, Fig. 5 shows the histograms of the MSCN
coefficients of the omnidirectional image under various types
and degrees of distortions. Fig. 5 indicates that the kurtosis
and variance are changes with different distortions. With the
increase of distortion(I1-I5), the tail of the histogram decreases
gradually. Therefore, the MSCN coefficient can be used as
an effective descriptor to measure the effects of different
distortions on omnidirectional images. Considering the effect
of scale on quality perception, we extract the GGD parameters
under two scales in this article, and a total of four features (two
parameters × two scales) are extracted as luminance features.

2) Statistics of Colors: Compared with 2-D images, omni-
directional images contain rich color information. It has been
demonstrated that image quality can characterize by the feature
of the color [45]–[47]. In our previous work, we have added
color features to evaluate image quality and achieved good
results [48]. Therefore, we still believe that color informa-
tion is a necessary feature of our proposed model. In this
article, HSV color space is used to represent color informa-
tion. It needs to mention that we have proved that the H
channel signal can better describe image quality degradation
than the other two channels signal. It has proved that the main
color information is stored in the low-order color moments,
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Fig. 5. (a) Histograms of the MSCN coefficients with different distortions of the Omnidirectional image. Ori: original image. Jpeg: JPEG compres-
sion. Jp2k: JPEG2000. wn: Gaussian noise. Blur: Gaussian blur. (b) Histograms of MSCN coefficients under different degrees of the omnidirectional
image. I1–I5: different degrees of distortion of Gaussian noise, and the degree of distortion increase in sequence.

and therefore, we utilize the mean of the H channel signal of
the omnidirectional image as a color feature as follows:

Mean(I ) = M(I ) (15)

where I represents the H-channel map, M is the mean
operator, and 1-D vector is obtained through this step. Finally,
a total of one feature (the mean of the H channel signal) is
extracted.

To clearly illustrate the behavior of the H-channel signal
against various distortions, Fig. 6 shows the histograms of
the H-channel signal under different distortions. The ordinate
represents the frequency of each pixel value that occurs in
the H channel map and the abscissa represents the pixel
values in the map. Since the analysis of the H-channel map
of images with distortions is similar to that of images with
AVC, we omit it here. It can be found that the statistical
distribution changes with different distortions. For example,
the histogram distribution of the original image is relatively
balanced. JPEG distortion concentrates the pixel values in a
few main bars. HEVC and AVC distortion concentrates the
pixel values at both ends. The pixel distribution varies with
the degree of distortion. It can be found that the H-channel
map effectively reflects the influence of different distortions on
the omnidirectional image. Therefore, we utilize the H-channel
signal to extract the color feature.

3) Spatial Entropy: Information entropy contains abundant
natural scene statistic information, which is sensitive to image
distortions [35], [49]. Information entropy provides us with a
way to reflect image quality [50]. Considering a large amount
of information in the omnidirectional image, we adapt the
global image entropy to evaluate image quality. The spatial
entropy is computed by

EI = −
∑

n

p(n) log2 p(n) (16)

where n represents the pixel values, and p(n) is the probability
density. Fig. 7 shows the information entropies of omnidi-
rectional images with different distortion types and degrees
calculated by (16). The abscissa represents the type and the

TABLE I

SUMMARY OF EXTRACTED FEATURES

degree of distortion, and the ordinate represents the informa-
tion entropy value. Fig. 7 demonstrates that the information
entropy values in each group of bins change monotonically
with the increase of distortion degrees. This trend indicates
that the extracted information entropy feature has the ability
to describe the image distortion and can be used to evaluate
the quality of omnidirectional images. Overall, all extracted
quality perception features are summarized in Table I.

C. Quality Prediction

Through the above-mentioned steps, we obtained rich image
statistical features. According to the subjective quality score
and statistical features of omnidirectional image, SVR is used
for quality assessment [31], [51]. We divide the input data
into two nonoverlapping parts randomly. An 80% is used for
training, the rest is used for testing. To avoid performance bias,
we repeat this experimental procedure 1000 times and finally
report the median performance of these 1000 iterations.

IV. EXPERIMENT RESULTS AND

PERFORMANCE COMPARISON

A. Databases and Criteria

In this part, we use two publicly available OIQA databases
to evaluate the accuracy and effectiveness of the proposed
method.

1) CVIQD2018 Database [52]: 544 distorted images cre-
ated from 16 original images. There are three types of
distortions in the database: JPEG, AVC, and HEVC.

Authorized licensed use limited to: Peking University. Downloaded on September 02,2021 at 05:06:43 UTC from IEEE Xplore.  Restrictions apply. 



LIU et al.: BOIQA BASED ON STRUCTURE AND NATURAL FEATURES 5014011

Fig. 6. Histograms statistics of H channel map in HSV color space for omnidirectional image. (a) Reference image. (b) JPEG compressed image. (c) HEVC
compressed image. (d)–(f) Statistical histograms of different distortion degrees under AVC compression and the degree of distortion increase in sequence.

Fig. 7. Illustration of the information entropy features of the omnidirectional
image. The histograms ordered by the distortion severity (from left to right).

2) OIQA Database [53]: 320 distorted omnidirectional
images generated from 16 original images, which pro-
vide four types of distortions (Gaussian blur, JPEG2000,
JPEG, and Gaussian noise).

In this article, four common performance criteria are used
to evaluate the performance of IQA models: Pearson linear
correlation coefficient (PLCC), Spearman rank-order correla-
tion coefficient (SRCC), Kendall’s rank correlation coefficient
(KRCC), and root-mean-squared error (RMSE). The larger
KRCC, PLCC, and SRCC, and the smaller RMSE, the better
the performance. RMSE = 0 and PLCC = SRCC =
KRCC = 1 represent the best performance.

B. Performance Evaluation

In order to verify the performance of the proposed model,
we compare it with several state-of-the-art OIQA approaches
on the above two omnidirectional image databases, including
the following.

1) FR IQA Models: PSNR, SSIM [19], VIF [26], VSI [54],
GMSD [38], FSIM [45], FSIMc [45], CPP-PSNR [16],
S-PSNR [14], WS-SSIM [55], and WS-PSNR [15].

The last four models are objective evaluation met-
rics designed for evaluating the omnidirectional image
quality.

2) NR IQA Models: BRISQUE [51], NIQE [43], SSP-
BOIQA [56], MC360IQA [57], MC360IQA(20) [18],
and ASY-PIQA [58]. The last four models are quality
evaluation metrics of omnidirectional images.

Tables II and III list the comparison results on the
CVIQD2018 databases and OIQA database. The top two
performance indicators are highlighted in boldface. The results
of the SSP-BOIQA, MC360IQA, and ASY-PIQA metrics are
derived from their original works. The performance values
in [14]–[16] and [55] are derived from similar experiments
in [56] and [58], and the experimental results of other algo-
rithms are obtained through the publicly available MATLAB
code provided by the author. In implementing the corre-
sponding algorithm, all parameters and optional values are
selected as the default values in the algorithm to conduct the
experiments.

As shown in Tables II and III, the performance of the
proposed model is better than the 2D-IQA metrics, espe-
cially for the OIQA database, which presents that the models
based on 2D-IQA cannot effectively evaluate the quality of
omnidirectional images. Compared with the OIQA models,
our model ranks first in SRCC and KRCC, and second in
PLCC and RMSE on the CVIQD2018 database. Although the
MC360IQA(20) model performs well in PLCC and RMSE on
the CVIQD2018 database, it shows a common performance
on the OIQA database. Our proposed model yields the best
performance on the OIQA database, which means that the
proposed model has better stability and accuracy. Based on the
above-mentioned analysis, it can be found that the proposed
model, by extracting the structural features and natural features
of the omnidirectional image, is outstanding on both databases
and can better simulate human perceptual features.

C. Performance Evaluation on Single Distortion Type

To fully validate the effectiveness of our model on
predicting the individual distortion types, we compared
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TABLE II

PERFORMANCE EVALUATION ON CVIQD2018 IMAGE DATABASE

TABLE III

PERFORMANCE EVALUATION ON OIQA IMAGE DATABASE

TABLE IV

COMPARISON OF DIFFERENT DISTORTION TYPES ON THE CVIQD2018 DATABASE

the proposed algorithm and other representative state-of-
the-art IQA models on different distortion types on two
databases: CVIQD2018 and OIQA databases. The train-test
procedures are the same as the previous experiment. The
results are listed in Tables IV and V, and the top two indicators
are highlighted in bold.

It is observed that our method ranks first 18 times compared
with MC360IQA(20) (three times), VIF (four times), and
BRISQUE (four times), which indicates that our model can
accurately evaluate the omnidirectional image quality affected
by different distortions. Although some models achieve com-
petitive and accurate performance for certain distortion types

in the database, our model shows stable prediction accuracy
for all distortion types.

Fig. 8 shows the distribution diagrams of the objective val-
ues concerning subjective MOS values on the CVIQD2018 and
OIQA databases. The horizontal axis is the predicted quality
scores by our model, and the vertical axis represents the MOS
value. Each colored point represents one test image. The per-
formance of the model is indicated by the proximity of the
colored point to the black fitted curve. Fig. 8(a) and (b) is
the overall performance and the distortion performance of the
CVIQD2018 database, and Fig. 8(c) and (d) is that of the
OIQA database. Fig. 8 presents that there is well convergence
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TABLE V

COMPARISON OF DIFFERENT DISTORTION TYPES ON THE OIQA DATABASE

Fig. 8. Distribution diagrams of MOS values concerning objective scores on the CVIQD2018 and the OIQA databases. (a) Overall performance of the
CVIQD2018 database. (b) Distortion performance of the CVIQD2018 database. (c) Overall performance of the OIQA database. (d) Distortion performance
of the OIQA database.

between the distribution points and the fitting curve, which
shows the good consistency between the predicted score and
the MOS. Overall, the proposed model can stably and effec-
tively evaluate the quality of omnidirectional images affected
by various distortion types.

D. Performance Evaluation Among Different Features

In order to obtain the visual perception characteristics of the
omnidirectional image, the structural features and the natural
features are tested separately on the above-mentioned two
databases for quality prediction, and the correlation values are
reported in Table VI. According to Table VI, the structure
feature individually provides slightly higher performance than
the nature feature, and our model achieves the best perfor-
mance on the two databases, which shows that it is reasonable
and necessary to combine the nature and structural features
to evaluate the omnidirectional image quality. In general, our
model is an effective and stable tool in the quality evaluation
of an omnidirectional image database.

TABLE VI

PERFORMANCE COMPARISON OF DIFFERENT FEATURES

E. Time Complexity of Spatial Entropy

In order to compare the computational complexity differ-
ence between global entropy and local entropy, we conduct a
comparative experiment on the entire CVIQD2018 database.
The local spatial entropy of the omnidirectional image is
obtained based on work [32], and the experiments are imple-
mented by the platform of Intel Core i5-8265U CPU and
8 GB of RAM. The experimental results show that it takes
6069.429 s to extract the local entropy feature and 216.407 s
to extract the global entropy feature. It is indicated that the

Authorized licensed use limited to: Peking University. Downloaded on September 02,2021 at 05:06:43 UTC from IEEE Xplore.  Restrictions apply. 



5014011 IEEE TRANSACTIONS ON INSTRUMENTATION AND MEASUREMENT, VOL. 70, 2021

global entropy has a lower running time, which proves that it
is reasonable to use global entropy instead of local entropy to
extract entropy information.

V. CONCLUSION

In this article, a novel no-reference OIQA model is built by
considering the structure feature and nature feature. Consider-
ing the human visual perception mechanism, the GLPQ map
and gradient map are combined to obtain the structure features.
For natural features, three important natural image information
are used to simulate human visual behavior and extract natural
features. The experimental results on the CVIQD2018 and the
OIQA databases indicate that our model is superior to the
existing OIQA models.
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