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Abstract—Traditional blind image quality assessment (IQA)
measures generally predict quality from a sole distorted image
directly. In this paper, we first introduce multiple pseudo reference images (MPRIs) by further degrading the distorted image in
several ways and to certain degrees, and then compare the similarities between the distorted image and the MPRIs. Via such
distortion aggravation, we can have some references to compare with, i.e., the MPRIs, and utilize the full-reference IQA
framework to compute the quality. Specifically, we apply four
types and five levels of distortion aggravation to deal with the
commonly encountered distortions. Local binary pattern features
are extracted to describe the similarities between the distorted
image and the MPRIs. The similarity scores are then utilized to
estimate the overall quality. More similar to a specific pseudo reference image (PRI) indicates closer quality to this PRI. Owning
to the availability of the created multiple PRIs, we can reduce
the influence of image content, and infer the image quality more
accurately and consistently. Validation is conducted on four mainstream natural scene image and screen content image quality
assessment databases, and the proposed method is comparable
to or outperforms the state-of-the-art blind IQA measures. The
MATLAB source code of the proposed measure will be publicly
available.
Index Terms—Blind image quality assessment, distortion
aggravation, pseudo reference image.

I. I NTRODUCTION
HE QUICK development of network and transmission
technologies have boosted various multimedia applications and broadcasting services [1], [2]. With so many easily
accessible multimedia services, end-users are expecting better and better quality of experience (QoE) from the service
provider. Then how to measure and improve the end-user’s
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perceived QoE becomes a urgent problem for both device manufacturer and service provider, and many methods have been
proposed to measure and enhance the perceived QoE [3]–[7].
Measuring QoE has aroused increasing attention in recent
years, such as QoE evaluation of images and videos [8]–[13].
Among them, blind image quality assessment (IQA) has
attracted much interest since it requires no prior knowledge
of the original image content and the distortion process, and
it can be easily deployed in practical visual communication
systems.
Blind or no-reference (NR) IQA is originated from fullreference (FR) IQA, in which the perfect quality reference
image is the foundation and the fidelity between it and the
distorted image is calculated to measure the quality [14]. FR
IQA is reduced to NR IQA to tackle the situation that the
reference image may not exist or easy to access. Typically,
natural scene statistics (NSS) is modeled, and the distorted
image’s deviation from the NSS is measured as the quality.
Generally, NR IQA measures can be less effective, stable and
consistent, since they have to estimate the quality from the sole
distorted image, whose characteristics are highly sensitive to
the image content. Thus FR IQA measures are preferred if the
reference is available.
To have an intuitive understanding of the above
phenomenon, we select six NR measures, including DIIVINE [15], BLIINDS2 [16], BRISQUE [17],
NFERM [18], IL-NIQE [19], BPRI [20], and six FR
measures, including SSIM [21], MS-SSIM [22], VIF [23],
GSI [24], FSIM [25], GMSD [26], PSIM [14]. We test their
performance on 10% randomly selected commonly distorted
(JPEG compression, JPEG2000 compression, Gaussian blur,
and white Gaussian noise distortions) images from the
TID2013 database [27]. This process is executed for 1,000
times, and the mean performance and standard deviation in
terms of Spearman rank-order correlation coefficient (SRCC)
are illustrated in Fig. 1. It is observed that FR measures
generally have higher performance and lower performance
uncertainty (smaller standard deviation) than NR measures,
which agrees with the above analyses. Note that the above
NR measures are well-trained. If we retrain them using the
rest images and test them using the selected images, the
uncertainty can be even higher.
Considering the benefits of using the reference, we introduce multiple pseudo reference images (MPRIs) for NR IQA
via distortion aggravation. The MPRIs are degraded from the
distorted image in several ways and to certain degrees. The
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II. R ELATED W ORK
A. Blind IQA Measures

Fig. 1. A comparison of the performance and performance uncertainty of
quality measures with and without a reference. The error bar indicates one
standard deviation.

pseudo reference image (PRI) is different from the traditional
reference image in that it is generated from the distorted image
and is assumed to suffer from severer but certain amount of
distortion, while the traditional reference image is assumed to
have a perfect quality. A systematic introduction of PRI has
been given in [20]. We extend PRI to MPRIs in this paper.
After distortion aggravation and MPRIs generation, we follow
the FR IQA framework and compare the similarities between
the distorted image and the MPRIs. More similar to a specific
PRI indicates closer quality to this PRI.
We introduce several types of distortion aggravation during
MPRIs generation to measure the possible distortions existing in the target image. Specifically, we further degrade the
distorted image using four types of commonly encountered
distortions, including JPEG compression (JPEG), JPEG2000
compression (JP2K), Gaussian blur (GB), and white Gaussian
noise (WN), to measure the blocking, ringing, blurring, and
noising artifacts. For each type of distortion aggravation, five
different but certain levels of distortion is added. A total of
twenty PRIs are generated to give references of the same
image content degraded by different distortions. Similar to FR
IQA, features are then extracted from the distorted image and
the PRIs, and the similarities between them are measured as
distortion-specific (the same distortion which is used to generate the corresponding PRI) qualities, which are finally fused
to an overall general-purpose quality. We name the proposed
method as blind MPRIs-based (BMPRI) measure.
The rest of this paper is organized as follows. In Section II,
we shortly review some related work, including representative blind IQA measures, and several works which follow a
similar technique routine as the proposed method. The details
of the proposed BMPRI measure are described in Section III.
Validation is given in Section IV, which shows that BMPRI
is comparable to or outperforms the state-of-the-art blind IQA
measures. Section V concludes this paper.

One typical category of blind IQA measures rely on
NSS [15]–[17], [19], [28]. These measures follow the
same technique routine. First the quality-aware features are
extracted in various domains, e.g., wavelet domain [15], DCT
domain [16], and spatial domain [17], [19], [28]. Then the
statistics of the features extracted from both perfect quality
natural images and the distorted image are modeled, respectively. Finally the quality is computed as the distorted image’s
deviation from natural scenes, and the deviation is described
via the modeled statistics. Another typical category of blind
IQA measures utilize machine learning techniques, e.g., feature learning [29], [30] and rank learning [31]. Depending on
the specific learning techniques, these measures predict quality
from the learned or manually extracted quality-aware features.
The last typical category of blind IQA measures are motivated by some characteristics of the HVS, e.g., the free energy
principle [18], [32], human visual perception of image structures [33], [34]. Some features are designed to simulate these
characteristics and these features are then fused to the final
quality.
B. Blind IQA via Distortion Aggravation
All the above blind IQA measures predict quality from
single distorted images. A few measures have tried to introduce a “reference” for the distorted image in a NR scenario.
Crete et al. [35] and Li et al. [36] proposed blur quality measures by comparing a blurred image and the re-blurred image.
The re-blurring is a distortion aggravation process, and the reblurred image acts a similar role as the PRI described in this
paper, but these two measures can only work for blur estimation. Min et al. [20], [37] discussed blind IQA via distortion
aggravation systematically, and proposed several PRI-based
distortion-specific measures, which are then integrated into
a general-purpose measure. In this paper, we improve the
method described in [20] from two aspects. First, we generate
a series of PRIs with different qualities, rather than one PRI
with the worst quality. Second, we unify the feature extraction
process and describe all distortions via LBP features, while
different features are extracted for different distortions in [20].
With multiple PRIs and a unified feature extraction process,
the proposed BMPRI measure can estimate image quality more
accurately and consistently. More details of BMPRI are given
in the next section.
III. T HE P ROPOSED M ETHOD
As described in Section I, we further degrade the distorted
image to generate MPRIs, and then measure the similarity
between them to predict the quality. Fig. 2 illustrates a framework of the proposed BMPRI measure. Distortion aggravation
is introduced in this framework, and we first need to determine
the distortion types for this distortion aggravation. Since different distortion types introduce different artifacts, we need to
define distortion-specific PRI to be consistent with the characteristics of a given distortion. For example, we can inject
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Fig. 2. A framework of the proposed BMPRI measure. P1 to Pn are the introduced multiple PRIs, Ld and L1 to Ln are the extracted LBP feature maps,
q1 to qn indicate the distorted image’s similarities to the PRIs, the final quality Q is fused from q1 to qn .

noise to the distorted image to estimate the noising artifacts,
and similarly we can blur the distorted image to estimate the
blurring artifacts. Considering that JPEG, JP2K, GB, and WN
are the four most commonly encountered distortion types, we
further degrade the distorted image using these four distortion
types to measure the blocking, ringing, blurring, and noising
artifacts. For different types of distortion aggravation, local
binary pattern (LBP) features are extracted, and the similarities between the distorted image and MPRIs are used to predict
the final quality. The details are as follows.
A. Distortion Aggravation
Four types of distortion aggravation are introduced in
BMPRI, and for each type, five levels of aggravation are used.
To measure the blocking effect, we compress the distorted
image D to MPRIs Pki using the JPEG encoder
Pki = JPEG(D, Qi ),

(1)

where i indicates the ith level of distortion aggravation, JPEG
denotes the JPEG encoder, and Qi controls the compression
quality. For the ringing effect, we compress the distorted image
D to MPRIs Pri using the JP2K encoder
Pri = JP2K(D, Ri ),

(2)

JP2K denotes the JP2K encoder, and Ri controls the compression ratio. For blurring effect, we blur the distorted image D
to MPRIs Pbi using several Gaussian kernels
Pbi = gi ∗ D,

(3)

where ∗ is a convolution operator, and gi is a Gaussian kernel
with certain standard deviation. For noising effect, we inject
noise to the distorted image D to get MPRIs Pni
Pni = D + N (0, vi ),

(4)

where N (0, v) generates normally distributed random values
with 0 mean and vi variance. In Eq. (1)-Eq. (4), the subscripts

k, r, b, n indicate blocking, ringing, blurring, and noising
effects, respectively, and five levels of distortion aggravation
are introduced for each type, i.e., i = 1, . . . , 5.
B. LBP Feature Extraction
After distortion aggravation, we compare the similarities
between the distorted image and the MPRIs. Note that the
PRI is different from the traditional perfect quality reference
image. PRI generally has worse quality than the distorted
image and it describes the image content under poor quality conditions. Thus traditional FR IQA measures may not be
effective enough to describe the similarities between the distorted image and the MPRIs. In this paper, we extract LBP
features from the distorted image and the MPRIs, and then
measure the feature similarity to predict the quality. LBP is a
simple yet powerful visual descriptor widely used in various
visual signal processing applications [38]. Quality degradations cause local image structure changes, which can be also
captured by LBP.
We compare the center pixel gc and its circularly symmetric neighborhoods gp , and then binarize their luminance
differences and code the binarization results via a numerical
value
LBPP,R =

P−1




u gp − gc ,

(5)

p=0

where P, R denote the neighbour number and radius of the
LBP structure, u(∗) is an unit step function

1 x≥0
u(x) =
.
(6)
0 x<0
The LBP used in our method is different from the non-uniform
and uniform definitions given in [38]. We do not differentiate
the neighborhoods by attaching a factor 2p , and do not code
the LBP with many spatial transitions as a separate number for
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Fig. 3. The overlap between the distorted image’s and the MPRI’s LBP feature maps for images with different distortion types (JPEG, JP2K, GB, WN) and
levels (three levels L1-L3). 1st and 3rd rows: distorted images; 2nd and 4th rows: the corresponding Lo maps; MOS: mean opinion score; qk3 , qr3 , qb3 , qn3 :
the similarity scores. More overlap is observed in more distorted images.

simplicity. We set P = 4 and R = 1 for simplicity since it is
the simplest one and does not involve any pixel interpolation.
We calculate LBP for all pixels and define the LBP feature
map as L = (lij )h×w , whose elements are

1 if LBP4,1 = c
lij =
,
(7)
0 otherwise
where i, j are pixel indexes, h × w denotes the image resolution, and c = 0, 1, . . . , 4 indicate five different LBPs. We
set c to different values for different distortion types, since
specific LBPs are sensitive to specific distortions. For the
distorted image and the MPRIs, we follow the same feature
extraction process, and denote the feature maps as Ld and Lm ,
respectively.
C. Similarities Between the Distorted Image and the MPRIs
We then compare the similarity between Ld = (ld ij )h×w and
Lm = (lm ij )h×w to predict the quality. Specifically, we define
the overlap between Ld and Lm as

 

(8)
Lo = lo ij h×w = ld ij · lm ij h×w .
Fig. 3 has illustrated some examples of Lo map. Then the
similarity between Ld and Lm can be defined as



i,j lo ij
q = s Ld , Lm = 
,
(9)
l
i,j m ij + 1
where the numerator and denominator denote the number of
non-zero elements in Lo and Lm maps, respectively. High
q score generally indicates worse quality since the MPRIs

describe the image content under poor quality conditions. We
utilize an average pooling strategy here, but BMPRI may be
improved by incorporating visual attention [39]–[41].
D. Quality Prediction
When measuring the blocking effect, we set c to 0 and
use Eq. (5)-Eq. (9) to compute the similarities between the
distorted image D and the MPRIs Pki as qki . We set c to 0
because this pattern is the most sensitive to the blocking distortion, and q changes the most significantly with the varying
blocking effect of the distorted image. Similarly, we set c to
2 or 3 to estimate the ringing and blurring effects as qri and
qbi , and set c to 0 or 1 to estimate the noising effect as qni . In
Fig. 3, we have illustrated some examples of LBP feature similarity maps, the corresponding similarity scores and the mean
opinion scores (MOSs). It is observed that the LBP similarity
scores have good describing ability for the corresponding distortions, and there is more overlap in more distorted images.
We catenate all similarity scores into a twenty dimensional
feature vector


q = qk1 , . . . , qk5 , qr1 , . . . , qr5 , qb1 , . . . , qb5 , qn1 , . . . , qn5 .
(10)
Feature vector q contains features describing the distorted
image’s blocking, ringing, blurring, and noising effects, which
are the four most frequently encountered artifacts and many
practical distortions can be combinations of them. Since distortions in practical applications are often uncertain and the
portions of these four distortion effects are also unknown, we
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TABLE I
T EST DATABASES

integrate the features in vector q into the final quality score
Q via training. Specifically, support vector regression (SVR)
is utilized considering its simplicity and high efficiency in
regression problems. We use the quality features fi and the
corresponding quality labels Qi (MOS) of the images in the
training set  to train the regressor
regressor = SVR_TRAIN(fi , Qi ), i ∈ ,

(11)

where i is the image index. After training, we can use the
regressor to predict the quality of any test image with quality
feature f
Q = SVR_PREDICT(f, regressor).

(12)

We use the LIBSVM [42] implementation of the SVR with
a radial basis function (RBF) kernel. We follow the common
SVR parameter settings used in the training of mainstream
IQA measures. After training, it can predict the quality of any
single images.
E. Implementation Details
When apply distortion aggravation, we need to further
degrade the distorted image using JPEG, JP2K, GB, and WN
distortions, and five degradation levels are used for each type.
In Eq. (1), we use the MATLAB implementation of JPEG
encoder, and the five quality parameters are from 0 to 8 with
a step of 2. In Eq. (2), the five compression ratios are from 150
to 250 with a step of 25. In Eq. (3), five Gaussian kernels with
standard deviations from 0.5 to 2.5 with a step of 0.5 are used.
In Eq. (4), the five variances are from 0.3 to 0.7 with a step
of 0.1. Note that the twenty PRIs have described the image
content with poor quality conditions, and they generally have
worse quality than the distorted image. We find that the specific quality settings of these PRIs do not influence the overall
performance significantly as long as they are in a relative low
quality range.

IV. E XPERIMENTAL R ESULTS
Most current IQA measures are designed for natural scene
images (NSIs). Since the computer generated screen content has becoming more and more widespread, screen content
image (SCI) quality assessment (QA) is introduced and a
few quality measures have been proposed for SCIs [43]–[45].
Traditional NSI quality measures are not effective enough for
SCIs, since these measures are highly dependent on NSS and
can not describe SCIs well. While specifically designed SCI
quality measures have to consider the characteristics of SCIs,
and they are not suitable for NSIs. However, in practical visual
communication systems, we may encounter both NSIs and
SCIs, and we often do not have any prior knowledge about
the image types. Efficient general quality measures which are
effective for both NSIs and SCIs are highly needed in such
applications. The proposed method can fulfill this need and we
will compare it with the state-of-the-art blind IQA measures
on mainstream NSI and SCI QA databases.

A. Experimental Protocol
Four large IQA databases are used as testbeds, including three mainstream NSI QA databases, i.e., LIVE [46],
TID2013 [27], CSIQ [47], and one SCI QA database, i.e.,
SIQAD [48]. The whole LIVE database is used for test,
while for the TID2013, CSIQ, and SIQAD databases, we
mainly consider the four distortion types which are in common with the LIVE database, i.e., JPEG, JP2K, GB, and WN.
An overview of the basic information of the test databases
is given in Table I. Besides these common distortions, we
will also test the quality measures’ generalizability to other
non-common distortions.
Ten state-of-the-art blind IQA measures act as competitors in this paper, including: (1) NSS based measures, i.e., DIIVINE [15], BLIINDS2 [16], BRISQUE [17],
NIQE [28], and ILNIQE [19]; (2) learning based measures,
i.e., CORNIA [29] and HOSA [30]; (3) human vision based
and some other measures, i.e., NFERM [18], LPSI [33], and
BPRI [20]. The competitors include both classical and recent
measures, and they follow various different technical routines.
We think these measures can represent the state-of-the-art in
this area.
Following the common practices of IQA model evaluation,
we first nonlinearly map the predicted scores using a fiveparameter logistic function
Q = β1

1
1
−
2 1 + eβ2 (Q−β3 )

+ β4 Q + β5 ,

(13)

where Q, Q are the predicted and mapped quality scores,
respectively; {βi |i = 1, 2, . . . , 5} are parameters determined
via curve fitting. Then the consistency between the predicted
and ground-truth quality scores is measured to evaluate the
IQA model. Specifically, we use the following three consistency metrics: Spearman rank-order correlation coefficient
(SRCC), Pearson linear correlation coefficient (PLCC), and
root-mean-square error (RMSE), which measure the prediction
monotonicity, linearity, and accuracy, respectively.
B. Overall Performance Comparison
Following the common practices of training based IQA
model evaluation [15]–[18], we split the image database into
two completely separate sets: a training set with 80% distorted
images and a testing set with the rest 20% distorted images.
The distorted images corresponding to the same reference
image are assigned to the same set to ensure a complete separation of the training and testing image content. For DIIVINE,
BLIINDS-II, BRISQUE, NFERM, and the proposed method,
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TABLE II
OVERALL M EDIAN SRCC, PLCC, AND RMSE P ERFORMANCE C OMPARISON

TABLE III
M EDIAN SRCC P ERFORMANCE C OMPARISON ON I NDIVIDUAL D ISTORTIONS

we retrain them on the training set and test them on the testing set. While for the rest methods, we test them on the same
testing set for fair comparison. We repeat this training-testing
process for 1,000 times, and the median SRCC, PLCC, and
RMSE performance is listed in Table II.
The databases listed in Table I are used as testbeds, and the
mean performance on these four databases is also reported.
Since CORNIA and HOSA are trained on the LIVE database
and the images from the CSIQ database are used to construct the codebook, their performance on these two databases
is not reported in Table II. It is observed that the proposed
BMPRI method is comparable to the state-of-the-art blind IQA
measures, and it has the best performance from an averaging
perspective. Another observation is that most blind IQA measures undergo performance drop when transferring from NSIs
to SCIs. While BMPRI and BPRI are the two methods with

the least performance drop, which suggests that the proposed
method has good content type generalizability.
C. Performance on Single Distortions
Besides the overall performance on individual databases,
we also evaluate all blind IQA measures on individual distortions. The same training-testing procedures described in
Section IV-B are conducted. The 80% distorted images belonging to the training set are all used to train the models, but
for the rest 20% distorted images belonging to the testing set,
only images degraded by the target distortion type are used for
testing. The median performance is listed in Table III. Only
SRCC is reported for simplicity, but similar evaluation results
can be obtained using other evaluation criteria. It is observed
that the proposed BMPRI measure is also comparable to the
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TABLE IV
SRCC P ERFORMANCE ON S INGLE D ISTORTIONS OF THE TID2013 DATABASE

state-of-the-art methods when evaluated on single distortions,
which agrees with the overall performance evaluation results
described in Section IV-B.

TABLE V
C OMPUTATIONAL C OMPLEXITY

D. Generalizability to Other Distortions
To test the blind IQA measures’ generalizability to other
distortions, we evaluate them on all 24 single distortions of
the entire TID2013 database, including #01 additive Gaussian
noise, #02 additive noise in color components, #03 spatially
correlated noise, #04 masked noise, #05 high frequency noise,
#06 impulse noise, #07 quantization noise, #08 Gaussian blur,
#09 image denoising, #10 JPEG compression, #11 JPEG2000
compression, #12 JPEG transmission errors, #13 JPEG2000
transmission errors, #14 non eccentricity pattern noise, #15
local block-wise distortions, #16 mean shift, #17 contrast
change, #18 change of color saturation, #19 multiplicative
Gaussian noise, #20 comfort noise, #21 lossy compression of
noisy images, #22 color quantization with dither, #23 chromatic aberrations, and #24 sparse sampling and reconstruction.
For all competitors, we use the original implementations
released by the authors. Most training based measures are well
trained on the LIVE database, and we use them directly. For
the proposed method, we also train it on the LIVE database
and test it on the TID2013 database. The SRCC performance
is summarized in Table IV. The proposed method is comparable to the state-of-the-art measures from an averaging
perspective. Note that the generalizability of the proposed
method is slightly inferior to the best performing measures
like ILNIQE, CORNIA and HOSA. It is probably because we
only introduce four types of distortion aggravation, i.e., the
four common distortion types, when deriving the MPRIs. For

other distortions which are distinctive from these distortions,
the proposed method may encounter slight generalizability
problems. But for such distortions, the state-of-the-art measures can not handle them effectively either, for example the
mean shift and contrast change distortions.
E. Computational Complexity
To analyse the computational complexity of all blind IQA
measures, we test them on 100 images with a fixed resolution of 512 × 512, and report the average running time
(seconds/image). The experiment is conducted on a computer
with 4.20 GHz Intel Core i7-7700K CPU and 16 GB RAM.
We use the implementations released by the original authors.
The running time includes all feature extraction and regression
time, and the results are summarized in Table V. Though the
proposed method does not have the shortest running time, it
still has considerable low computational complexity. Note that
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Mean and standard error bar of the SRCC and PLCC values obtained from the 1,000 random tests on the TID2013 database.

we have not optimized and accelerated the code yet. The most
time consuming operations are the JPEG and JPEG2000 compression introduced during distortion aggravation, while there
are many methods and solutions to accelerate such operations
in practical use.
F. Stability and Performance Uncertainty
As described in Section I and illustrated in Fig. 1, most blind
IQA measures are not stable since they have to estimate quality
from a single distorted image, whose characteristics are highly
sensitive to the image content. Similar to the test conducted in
Fig. 1, we test all blind IQA measures’ stability by evaluating
them on the four common distortions, i.e., JPEG, JP2K, GB,
and WN, which are included in the TID2013 database. We
randomly select 10% images from the overall 480 distorted
images, and test their performance. The image selection criteria is similar to the image selection in the training-testing
process described in Section IV-B. This random selecting and
testing are executed for 1,000 times, and the mean performance
and standard deviation in terms of SRCC and PLCC are
illustrated in Fig. 4.
We have two observations. First, the proposed BMPRI
method shows the best performance, which agrees with the
previous validations given in Section IV-B. Second, BMPRI
has the smallest standard deviations in terms of both SRCC
and PLCC. It indicates that BMPRI is more stable and consistent compared with the state-of-the-art. Most of current blind
IQA measures have high performance uncertainty because of
their NR nature. These measures rely on NSS, and they predict
quality by measuring one single image’s deviation from the
NSS. While a single image’s characteristics can be very sensitive to the image content, thus these measures can be more
effective on some image content and less effective on some
other image content. As shown in Fig. 1, FR measures suffer
less from this problem since they mainly predict quality by
comparing two images, and the influence of image content

is reduced during such comparison process. The proposed
method inherits this merit since we also predict quality by
comparing image pairs using the FR IQA framework.
V. C ONCLUSION
In this paper, we introduce the FR IQA framework into NR
IQA. Since the reference image is missing in the NR scenario, we create MPRIs via distortion aggravation. We further
degrade the distorted image to the MPRIs in several ways and
to certain degrees. Then the MPRIs act as references, and we
measure the similarities between the distorted image and the
MPRIs. More similar to a specific PRI indicates closer quality
to this PRI. The similarity scores are then utilized to predict
the final quality. Specifically, we utilize four types and five levels of distortion aggravation on the distorted image to generate
twenty PRIs, and LBP features are extracted to measure the
similarities between the distorted image and these twenty PRIs.
Experimental results on four large IQA databases have verified the effectiveness and efficiency of the proposed method.
On one hand, the proposed method is comparable to the stateof-the-art blind IQA measures in terms of performance. On
the other hand, it is more stable and consistent than the stateof-the-art, since we predict quality by comparing image pairs
and the influence of image content is significantly reduced via
such image comparison.
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