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Abstract

Blind image quality assessment (BIQA) aims to use objective measures for predicting the quality score of distorted
images without any prior information regarding the reference image. Several BIQA techniques are proposed in
literature that use a two-step approach, i.e,, feature extraction for distortion classification and regression for predicting
the quality score. In this paper, a three-step approach is proposed that aims to improve the performance of BIQA
techniques. In the first step, feature extraction is performed using existing BIQA techniques to determine the
distortion type. Secondly, features are selected for each distortion type based on the mean value of Spearman rank
ordered correlation constant (SROCC) and linear correlation constant (LCQ). Lastly, distortion-specific features are used
by regression model to predict the quality score. Experimental results show that the predicted quality score using
distortion-specific features strongly correlates with the subjective quality score, improves the overall performance of
existing BIQA techniques, and reduces the processing time.
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1 Introduction

In recent years, multimedia content has become a signif-
icant part of our lives. Delivery of images at the highest
quality to the end user is an essential requirement for
many modern imaging applications. Therefore, estima-
tion of perceived image quality by humans, also known as
subjective evaluation has gained importance. Subjective
evaluation is used as a benchmark for image quality
assessment (IQA), but the constraint of time and the
tedious nature of the task make it unsuitable for many
applications [1]. IQA techniques aim to replicate the
behavior of human visual system to evaluate the quality
score of images using objective parameters or measures.
Objective IQA is divided into full reference (FR), reduced
reference (RR), and blind IQA techniques. FR-IQA tech-
niques require the pristine version of the image to predict
the quality score of images [2—-10]. RR-IQA techniques
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do not require the whole reference image but some infor-
mation extracted from the reference image to perform
IQA [11-17]. Techniques that evaluate the image quality
score without the use of any prior information of reference
image are called blind image quality assessment (BIQA)
techniques [1]. BIQA techniques usually follow a two-step
approach. Firstly, the distortion type affecting the image is
determined using extracted features and then regression
is applied to predict the quality score of the image.

Most BIQA techniques extract features, which are
altered in the presence of distortion [18-37]. Features
are extracted either in spatial domain, wavelet domain,
and discrete cosine transform (DCT) domain or using
edge information of image. Discrete wavelet transform
and complex wavelet transform have been used in [38]
and [24], respectively, to extract statistical features from
distorted images to determine the distortion type and
predicting the quality score. The ability of wavelet trans-
forms to extract high frequencies can be exploited for edge
analysis and IQA. In [31], curvelet transform is utilized
to extract statistical features for the purpose of BIQA,
which has rich information of scale and orientation in
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Fig. 1 Block diagram of the proposed three-step BIQA approach

the image. Blind image integrity notator [39], which is
an extended version of [40] has used DCT-based features
along with the Bayesian inference model for predicting
the quality score of the image. It requires no statistical
model and utilizes sampled DCT coefficients for IQA.
Natural scene statistics (NSS)-based features have been
extracted in spatial domain for the evaluation of image
quality score using luminance information [41]. It is sim-
ple and computationally less expensive since no transform
has to be computed. In [42], the collection of quality aware
features in a spatial domain are utilized for BIQA that
measures the deviation in statistical properties between
a distorted and natural images. In [43], two-dimensional
features called atoms are introduced, which used sparse
representation of coefficients in feature set to assess the
quality of images. Shearlet transform has been used in [44]

to model the NSS characteristics of images. Natural undis-
torted parts of the image are compared with the distorted
parts to assess the quality score. Laplacian of Gaussian and
Gaussian magnitude along with support vector regres-
sion (SVR) are used in [30] for the predicting the quality
score of images using edge information. In [45], spa-
tial and spectral entropy that captures information over
different scales are used to compute features for the eval-
uation of quality score. Since, utilizing entropy as features
to perform FR-IQA showed promising results; therefore,
entropy was utilized as features for BIQA. Recently, BIQA
is performed on multiple distorted images by augment-
ing the features extracted using blind image quality index
(BIQI) [46], blind/referenceless image spatial quality eval-
uator (BRISQUE) [41], and sparse representation for nat-
ural scene statistics (SRNSS) [47] and selecting the top
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The rest of the paper is organized as follows. Section 2
explains the proposed methodology along with distortion-
specific feature selection algorithm. Section 3 presents
the experimental results for six different BIQA techniques
followed by the conclusion in Section 4.

2 Proposed methodology

The proposed methodology for BIQA is shown in Fig. 1,
which follows a three-step approach, i.e., feature extrac-
tion, distortion-specific feature selection, and support
vector regression, in contrast to the traditional two-step
approach that is feature extraction and regression. The
details of each step are as follows.

2.1 Feature extraction for BIQA
In the first step, the N number of features F = fi,- - -, fv
are extracted using existing BIQA techniques. Since

(2019) 2019:19
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noise in the image usually disrupts the high-frequency
information in the image such as edges and corners,
therefore, established BIQA techniques usually extract
features in spatial and transform domains that model
the deviation in characteristics of distorted images in
comparison to natural images. To validate the per-
formance of the proposed feature selection algorithm
over features extracted in different domains, six BIQA
techniques are selected that extract features in spa-
tial, DCT transform, wavelet transform, curvelet trans-
form, and spectral domains. All the selected BIQA
techniques follow a two-step approach, i.e., feature
extraction and distortion classification, followed by the
computation of the quality score using SVR. The six
BIQA techniques include BRISQUE [41], gradient mag-
nitude and Laplacian of Gaussian-based IQA (GM-LOG)
[30], blind image integrity notator based in DCT statistics
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II (BLIINDS 1II) [39], spatial-spectral entropy-based
quality (SSEQ) [45], distortion identification-based image
verity and integration evaluation (DIIVINE) [38], and
curvelet quality assessment (CurveletQA) [31]. The
details of BIQA techniques used for feature extraction are
as follows:

2.1.1 Blind/referenceless image spatial quality evaluator
(BRISQUE)

BRISQUE [41] extracts features in the spatial domain by
utilizing locally normalized luminance coefficients and
their products over two scales. Local mean displace-
ments are removed to normalize the local variance of
log contrast, which has de-correlating properties.Eighteen
features are extracted over each scale using variance,
shape, mean value, right variance parameters for horizon-
tal, left variance,vertical, and diagonal pairwise products.

(2019) 2019:19
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BRISQUE uses a total of 36 features for the evaluation of
quality score.

2.1.2 Gradient magnitude and Laplacian of
Gaussian-based IQA (GM-LOG)

GM-LOG [30] uses the joint statistical relationship
between the local contrast features of Laplacian of
Gaussian (LoG) and gradient magnitude (GM) for BIQA.
An adaptive procedure called joint adaptive normalization
based on gain control and divisive normalization models
on the local neighborhood is used to remove the spatial
redundancies of GM and LOG coefficients. The technique
follows a two-step approach, i.e., identification of dis-
tortion type and quality score prediction. A total of 40
features are extracted, which describe the structural infor-
mation of the images for assessing the qualityusing SVR.
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2.1.4 Spatial-spectral entropy-based quality (SSEQ)
SSEQ [45] extracts features at three scales of image res-
olution. To avoid aliasing, bi-cubic interpolation is used

during down sampling. Each image is partitioned into
subregions consisting of 8 x 8 pixels. Spatial and spec-
tral entropy in DCT domain are computed for each
patch. The spatial and spectral entropies are sorted
in an ascending order, and 60% of the central ele-
ments are selected, which constitute a feature vector of

—————{EEALL [_JFs [48] E5Distortion Specific FSp——————————

1

GM-LOG BLINDS SSEQ
BIQA technique

a
ALL [C_JFS [48] E= Distortion Specific FSp——————————

0.65

BB

DIIVINE CurveletQA

BRISQUE

0.5

KCC score
e
-
by

BRISQUE  GM-LO BLINDS SSEQ DIVINE  CurveletQA
BIQA technique

C

b LCC, ¢ KCC, d RMSE

Fig. 9 Overall performance comparison of proposed algorithm on different BIQA techniques for wild in the LIVE challenge database, a SROCC,

————=—1EEJALL [_JFs [48] E5Distortion Specific FSp——————————

0.8

LCC score
=3
=y
T

=

IVINE CurveletQA

RISQUE GM-LOG
BIQA technique

24 ALL [_JFS [48] E5Distortion Specific FSf———————————

23+

RMSE score
w
=3

BRISQUE GM-LOG BLINDS SSEQ DIVINE CurveletQA
BIQA technique




Nizami et al. EURASIP Journal on Image and Video Processing

length 12 to predict the quality score. These features are
used as input to a pre-trained support vector classifica-
tion (SVC) for identifying the distortion type affecting
the image and then given as input to a SVR model for
predicting the quality score.

2.1.5 Distortion Identification-based Image Verity and
IntegratioN Evaluation (DIIVINE)

DIIVINE [38] uses a loose discrete wavelet transform to
compute five groups of statistical features over two scales
and six orientations by using steerable pyramids and sta-
tistical distribution curve fitting. Five groups of features,
namely scale and orientation selective features, orienta-
tion selective statistics, correlation across scales, spatial
correlation, and across orientation statistics constitute a
feature vector of length 88. The feature vector is given as
input to the SVC for the determination of distortion type,
and SVR is utilized for the computation of image quality
score.

2.1.6 Curvelet Quality Assessment (CurveletQA)

CurveletQA [31] extracts three types of features from
curvelet subbands. Four NSS features are computed on
the finest scale of the curvelet subbands using asymmet-
ric Gaussian distribution, two features are extracted on
the finest detail layer using the mean value of kurto-
sis and the ratio of sample mean and standard deviation
of the non-cardinal orientation energies and six features
are computed for scalar energy distribution by taking the

(2019) 2019:19
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difference of mean values of logarithmic magnitude of
subbands at adjacent layers. These 12 features are used for
the prediction of distortion type using SVC and prediction
of quality score using SVR respectively.

The extracted features using BIQA techniques are given
as input to the SVC to determine the distortion type D.

2.2 Distortion-specific feature selection

Natural images are highly structured, which possess prop-
erties that are affected when distortion is introduced in an
image. These properties are known as natural scene statis-
tics (NSS) [22]. BIQA techniques that utilize NSS try to
assess the image quality based on the deviation between
the NSS properties of distorted and natural images.
The features that can effectively represent the devia-
tion between the NSS properties of distorted and natural
images show better performance, and they can predict the
image quality more accurately. The main objective of this
work is to introduce a generalized approach for distortion-
specific feature selection that aim to improve the perfor-
mance of existing BIQA techniques using features that
can effectively represent the deviation in characteristics
of an images from that of a natural image for a particular
distortion type, which is also validated by Fig. 2. There-
fore, second step involves selection of distortion-specific
features based on SROCC and LCC score represented as
Fp = {f1,- - -,fm}, where M < N. Generally, SROCC and
LCC are utilized to assess the similarity between the MOS
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and the quality score predicted using BIQA techniques. A
value close to 1 suggests a superior performance. There-
fore, we select those features that have individual SROCC
and LCC scores greater than the mean SROCC and mean
LCC computed over individual features. The selected fea-
tures have SROCC and LCC values closer to 1 resulting
in enhancement of the prediction score. SROCC and LCC
score is computed for each individual feature as,

T
6 dr
SROCC=1— — =t |
T(T?-1)

(1)

where d; is the difference between paired ranks and T is
the total number of samples, and

Z(x, —X) i — )
LCC = 2)

Z(xz - x)z/Z Oi— )

where x; and y; are the ith instance in first and sec-
ond dataset, respectively, and x and y are mean values of
datasets x and y, respectively. To perform feature selec-
tion, SROCC; and LCC;, for each individual feature F;
belonging to a BIQA technique, is computed. The pre-
dicted quality score using each individual feature is cal-
culated using a pre-trained SVR model. Eighty percent of
images in the dataset are used to train the SVR model,
and testing is performed using the remaining 20% images.
Mean score of SROCC (us) and mean score of LCC
(pr) computed over 1000 iterations are utilized for select-
ing distortion-specific features Fp. The proposed feature
selection approach for BIQA is presented as Algorithm 1.

2.3 Support vector regression

In the third step, selected features Fp by Algorithm 1 are
given as input to SVR for the prediction of quality score.
Each distortion-specific regression model have different
features as input. SVR is given as,

¥ (Fp) = aB(Fp) + b, ()

where Fp is the input feature vector, « is the weight con-
stant, B(-) is the feature space, and b is the bias value.

3 Experimental results and discussion

The proposed methodology is evaluated on four IQA
databases, i.e., LIVE [49], CSIQ [50], TID2013 [51],
and LIVE in the wild image quality challenge database
[52]. LIVE database contains 779 images and five dis-
tortion types, namely fast fading (FF), Gaussian blur
(GB), JPEG2000 compression (JP2KC), JPEG compres-
sion (JPEG), and white noise (WN). The CSIQ databases

(2019) 2019:19
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Algorithm 1: Distortion-specific feature selection for
BIQA
Input :
1 BIQA features F = fj, - -
2 Distortion type D.
3 MOS score of each image.

-, fn of all images

Output: Distortion-specific features Fp = fi,- - -, fu

1 for i=1to N do

2 Initialize to zero

3 S = Array of thousand elements

4 L = Array of thousand elements

5 Simedian = Array of N elements

6 Lyyedian = Array of N elements

7 for j=1 to 1000 do

8 Randomly Select

9 80% training images
10 20% testing images
11 Q = Predicted quality score using SVR
12 5(1,j) = SROCC(MOS, Q) using Eq. (1)
13 L(1,j) = LCC(MOS, Q) using Eq. (2)
14 end

15 Smedian(1, 1) = median(S)
16 Linedian(1,7) = median(L)

17 end

18 s = mean(Syedian)

19 pr = mean(Lyedian)

20 ind = 1;

21 fork =1to N do

22 if Syiedian(1, k) > s and Lyyegian(1,k) > 1 then

23 Fp(1,ind) = F(1,k);
24 ind + +;

25 end

26 end

27 return Fp;

consists of 900 images and six distortion types, i.e., GB,
JP2KC, JPEG, WN, global contrast (GC), and pink noise
(PN). TID2013 database consists of 3000 images and 24
distortion types.

Figure 2 shows the normalized histograms of features
averaged over all the distortion types and three databases,
i.e.,, LIVE, TID2013, and CSIQ. Most BIQA techniques
assess the quality of a distorted image by measuring the
deviation of image characteristics from the characteris-
tics of non-distorted images. Therefore, BIQA techniques
should perform well if the deviation in the characteristic of
images is represented by the extracted features. It can be
observed that the deviation in characteristics of features of
the distorted images are increased from the non-distorted
image when the proposed feature selection is performed
as compared to using all the features.
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3.1 Performance comparison

For estimation of results, support vector machine requires
pre-trained models for determining the distortion type
and prediction of quality score. Therefore, we divide the
dataset into two non-overlapping disjoint sets, i.e., train-
ing and testing. Eighty percent of the images are selected
for training, whereas 20% of images are utilized for test-
ing. The training and testing is repeated 1000 times with
random disjoint set of images to predict the quality score.
The SVR parameters ¢ and y used in this paper are the
same as those mentioned by respective BIQA techniques.

Median scores of SROCC, LCC, Kendall correlation
constant (KCC), and root mean squared error (RMSE) are
reported for the performance evaluation of the proposed
approach. The SROCC, LCC, and KCC scores measure
the similarity between mean observer score and predicted
quality score, whereas RMSE measure the error.

Figures 3, 4, and 5 show the performance of the pro-
posed distortion-specific feature selection algorithm for
selected BIQA techniques over each distortion type for
TID2013, LIVE, and CSIQ IQA databases, respectively.
The horizontal axis in Fig. 3 represents the distortion
type label as given in the TID2013 database. It is evi-
dent from the results that the distortion-specific feature
selection algorithm improves the SROCC score for major-
ity of distortion types on selected BIQA techniques. It
can be observed from Fig. 3 that the proposed technique
consistently outranks the BIQA techniques and the pro-
posed algorithm shows better or at par performance on
15, 18, 14, 15, 14, and 17 out of a total of 24 distortion
types as compared to using all the features for BRISQUE
[41], BLIINDS II [39], GM-LOG [30], SSEQ [45], DIIVINE
[38], and CurveletQA [31], respectively, on the TID2013
database. Similarly, the proposed technique shows better
or at par performance on 4, 4, 4, 4, 3, and 4 out of a total of
five distortion types as compared to using all the features
for BRISQUE [41], BLIINDS II [39], GM-LOG [30], SSEQ
[45], DIIVINE [38], and CurveletQA [31], respectively, on
the LIVE database. On the CSIQ database, the proposed
technique shows better or at par performance on 6, 3, 4, 4,
6, and 3 out of a total of 6 distortion types as compared to
using all the features for BRISQUE [41], BLIINDS II [39],
GM-LOG [30], SSEQ [45], DIIVINE [38], and CurveletQA
[31], respectively.

Figures 6, 7, 8, and 9 shows the overall performance
comparison of each BIQA technique along with the
proposed distortion-specific feature selection algorithm
and feature selection algorithm given in [48] on four
IQA databases, i.e., LIVE [49], CSIQ [50], TID2013 [51],
and LIVE, in the wild image quality challenge database
[52], respectively. It can be observed that the proposed
distortion-specific feature selection algorithm improves
the overall performance of all the six state-of-the-art
BIQA techniques as compared to using all the features,
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and by using feature selection algorithm of [48], the per-
formance is worse than the original BIQA technique. The
proposed algorithm also improves the performance of
BIQA techniques on real images. The performance on
LIVE in the wild image quality challenge database shows
that the proposed algorithm can be used in real-time sce-
narios with real images taken in daylight and night time
conditions.

The performance of proposed algorithm can be vali-
dated by Fig. 10 that represents the comparison between
the performance using all features against the proposed
feature selection algorithm in terms of box plots for each
BIQA technique. Box plots measure the dispersion or
variance in data utilizing interquartile range and standard
deviation represented by a five-number summary that
includes the minimum value, first quartile (Q1), median
value, third quartile (Q3), and maximum value of samples.
The interquartile range is computed using the difference
between Q1 and Q3. Q1 in box plots denotes the 25 per-
centile of the SROCC values, i.e., 25% of the SROCC
values lie below Q1, and Q3 denotes the 75 percentile
of SROCC values, i.e., 75% SROCC values lie below Q3.
The box plots are computed for SROCC scores computed
over 1000 runs averaged over all the IQA databases. It can
be observed that the predicted quality score using BIQA
techniques shows higher correlation with MOS when fea-
ture selection is performed. The interquartile range of the
box plot for SROCC is reduced when feature selection is
applied, which depicts the reduction in standard deviation
of quality score prediction for BIQA techniques.

Table 1 shows the overall performance of the proposed
feature selection algorithm for cross-database validation
when training is performed on one database and testing
is performed on the other two databases. Four common
type of distortions, i.e., GB, JP2KC, JPEG, WN, are consid-
ered for cross database evaluation. It can be observed that
the proposed feature selection algorithm performs better
than using all the features over all the BIQA techniques
considered in this work. The cross database evaluation
results show that the proposed feature selection algorithm
is database independent and the proposed distortion-
specific feature selection algorithm improves the overall
performance of BIQA techniques irrespective of database.

Table 2 shows the comparison of the overall pro-
posed feature selection algorithm with BIQA techniques
in terms of number of features and total processing time
using a core i7 processor with 8 GB of RAM operat-
ing at 2.3 GHz. It can be observed that the proposed
distortion-specific feature selection algorithm outper-
forms all BIQA techniques by reducing the number of
features and improving the performance of existing BIQA
techniques. The proposed feature selection also shows
slight reduction in total processing time since reduction in
number of features leads to reduced training and testing
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Table 2 Reduction in number of features by using proposed
algorithm for different BIQA techniques on LIVE database

BIQA Total Proposed feature selection  Total processing time
technique number
of
features
FF GB JP2KC JPEG WN All Proposed
features feature
selection
BRISQUE 36 22 23 17 19 24 02215 02184
[41]
BLIINDS Il 24 12 14 13 12 15 70459 70450
[39]
GM-LOG 40 22 20 24 24 25 02246 02180
(30]
SSEQ [45] 12 5 5 4 6 6 20634  2.0627
DIIVINE 88 50 39 38 33 57 23083 23038
[38]
CurveletQA12 6 6 6 6 10 28965 28938

(31]

The italic values signify the least execution time for a particular BIQA technique
when all features are used or proposed feature selection is applied

time for the SVR. The time taken for computation of
SROCC and LCC score over individual features is not
added as it is performed once to indicate, which features
are selected, and therefore, it will be unfair to add it to the
processing time for prediction of quality score, each time
a test image is given as an input. The largest reduction in
processing time of 2.94% is obtained for GM-LOG, and
the lowest reduction of 0.013% is obtained for BLINDS-II
IQA technique.

4 Conclusion

BIQA techniques proposed in literature use the same set
of features for all the distortion types to evaluate the
quality score of images. Each distortion type affects the
individual BIQA feature in a distinct manner because each
type of distortion exhibits different characteristics. There-
fore, using the same set of features for all the distortion
type will not yield optimum results. This paper presents
a distortion-specific feature selection algorithm based on
mean values of SROCC and LCC scores for blind image
quality assessment. All features having individual SROCC
and LCC scores greater than the mean values of SROCC
and LCC computed over all the features are selected for
the specific distortion type. The proposed algorithm is
tested on six BIQA techniques and over most commonly
used four IQA databases. The experimental results show
that the proposed approach not only improves the per-
formance of existing BIQA techniques but also reduces
number of features that result in reduction of processing
time. The proposed distortion-specific feature selection
algorithm can be used with any BIQA technique that
follows a two-step approach. Results on cross database
evaluation show that the proposed algorithm is robust and
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database independent. Furthermore, experimental results
on the LIVE in the wild image quality challenge database
shows that the proposed algorithm is also valid for real
images.
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