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Abstract: Noise is the most common type of image distortion affecting human visual perception. In this paper, we propose a
no-reference image quality assessment (IQA) method for noisy images incorporating the features of entropy, gradient, and kurtosis.
Specifically, image noise estimation is conducted in the discrete cosine transform domain based on skewness invariance. In the
principal component analysis domain, kurtosis feature is obtained by statistically counting the significant differences between
images with and without noise. In addition, both the consistency between the entropy and kurtosis features and the subjective
scores are improved by combining them with the gradient coefficient. Support vector regression is applied to map all extracted
features into an integrated scoring system. The proposed method is evaluated in three mainstream databases (i.e., LIVE, TID2013,
and CSIQ), and the results demonstrate the superiority of the proposed method according to the Pearson linear correlation coefficient which is the most significant indicator in IQA.
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1 Introduction
With the development of computer vision technology, image quality requirements have continuously been improved. Image quality assessment (IQA)
has become the technical guidance for many image
processing techniques, such as image denoising (Xu
et al., 2020), compression (Li PY and Lo, 2018),
hashing (Tang ZJ et al., 2018), and fusion (Guo et al.,
2020). However, during the process of image acqui‡
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sition, transmission, and display, many distortions
occur in the image, including noise, blur, and blocking artifacts. Among them, noise contamination is the
most common type of distortion.
In general, IQA can be divided into two aspects,
subjective and objective. From reference information,
existing objective quality metrics can be further categorized into full-reference (FR), reduced-reference
(RR), and no-reference (NR) approaches. Because it
is difficult to obtain reference image of the distorted
image in general application scenarios, a series of
NR-IQA metrics have been developed. Specifically,
NR-IQA can be divided into two categories, generalpurpose and distortion-specific methods. In general, a
single type of distortion is more widespread in reality;
for example, a noise-free image is often mixed with
noise during the process of acquisition and transmission. Hence, the study of a high-precision IQA model
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is beneficial to many denoising algorithms.
In practical applications, we have expanded on
our previous work (Ma et al., 2020). In the previous
work, the noise estimation algorithm designed by us
was carried out in the transform domain. According to
the central limit theorem and the independence assumption of noise, many types of non-Gaussian noise
are similar to Gaussian noise in the transform domain.
Thus, we can estimate many types of noise, including
Gaussian noise, uniform noise, Laplacian noise, and
so on. In this study, we design an objective NR-IQA
method to evaluate the quality of noisy images based
on noise estimation.
In the literature on general-purpose technique,
an NR-IQA algorithm has been proposed based on the
natural scene statistic (NSS) model that changes in the
case of distortion to extract features in the wavelet
coefficient transform domain, to identify distortion
types and perceive image quality (Moorthy and Bovik,
2011). Mittal et al. (2012) and Saad et al. (2012) used
the NSS model of the image discrete cosine transform
(DCT) to extract features which were then used to
predict image quality using the Bayesian inference
model. Instead of operating in the transform domain,
scholars proposed to extract 36 features derived from
a spatial NSS model, and trained and evaluated the
image quality using a support vector regression (SVR)
based model (Mittal et al., 2012; Saad et al., 2012).
An NR-IQA method for learning Gabor characteristics using unlabeled data available on the Internet was
designed (Ye et al., 2012). Mittal et al. (2013) proposed to extract the statistical feature set of quality
perception based on the spatial-domain NSS model to
fit the multivariate Gaussian model. The quality was
expressed as the distance between the extracted features of multivariate Gaussian fitting models from test
and natural images. Then, Zhang et al. (2015) extracted NSS features to build a multivariate Gaussian
model of the original natural images; then, this model
was used as a reference to predict the quality of the
image patches. The overall image quality score was
finally obtained through average pooling (Zhang et al.,
2015). Gu et al. (2015) extracted three groups of
image features based on the free energy principle, the
structure degradation model, and the human visual
system (HVS). Then a support vector machine was
used to train the regression model and score the image.
Considering color influence on the image quality

perception, a trained color dictionary was used to
extract the structure and the color distortion feature
map which were combined with brightness similarity
to design an NR-IQA metric for color images (Li LD
et al., 2016a). The characteristics of different color
channels were compared to determine the optimal
channel of the specific distortion of the image, followed by an image evaluation using color statistics
(Wang Q et al., 2016). A blind image blur assessment
metric based on discrete Tchebichef moments was
proposed by normalizing the moment energy using
the variance of gradient image blocks (Li LD et al.,
2016b). Quaternion wavelet transform was used to
depict the intrinsic structures of the image and decompose the image with three scales, and a prediction
model was designed using a random forest (Tang LJ
et al., 2017). This method used the Gaussian derivative filter to decompose the image by gradient magnitude and phase to obtain local statistical features.
These features were then used to predict the quality
score via SVR (Zhou et al., 2017). Li QH et al. (2017)
used two complementary information features from
the feature image and texture image using Prewitt
linear filters and the local contrast normalization.
Then, SVR was applied to map the feature space into
the human perception score (Li QH et al., 2017).
Nonlinear features of images were extracted using
higher-dimensional mathematical expressions and
were applied to the IQA framework. At present, they
were applied only to the FR evaluation algorithm
(Ding et al., 2016). An assessment method was introduced using a deep convolutional neural network
(CNN) to learn features and natural scene statistics
through data driven methods (Bosse et al., 2016). An
NR-IQA method based on a modified CNN structure
was proposed (Pan et al., 2016). Each image patch
was scored by a CNN, and a saliency map was computed using free energy based on the neural theory.
Finally, the evaluation of the whole image was completed considering the saliency map to set different
weights for different patches (Pan et al., 2016). Multiscale and multi-resolution quality features, including
sharpness-aware features and entropy features, were
extracted in both the spatial and spectral domains to
learn a sharpness quality model (Li LD et al., 2017).
Min et al. (2018) used the FR-IQA framework to
design an NR-IQA method by measuring the similarities between the distortion image and multiple
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pseudo-reference images. An orientation similarity
based pattern (OSP) was extracted via the rotation
invariant and pattern similarity, and the feasibility of
OSPs was discussed as a feature after establishing the
visual pattern degradation model to evaluate the images (Wu et al., 2019). Based on the principle of free
energy and the human eye motion mechanism, a
metric using a trained attention-driven model extracted quality maps, distortion type maps, and related
weight maps. Region-of-interest pooling and
weighted averaging were employed to integrate all
estimated maps of the salient region into the overall
predicted values (Chen et al., 2020). Based on deep
meta-learning, bilevel gradient optimization was used
to learn the shared prior knowledge model of various
distortions to obtain the target quality model (Zhu HC
et al., 2020). A feature-segmentation strategy was
adopted to design a CNN model including five convolutional layers with max-pooling, one special fullyconnected layer with feature segmentation, and one
output layer (Shen et al., 2020). Recently, a novel
NR-IQA model was proposed for screen content images considering the large difference that exists in
different regions and using noise classification tasks
and Siamese networks (Jiang et al., 2020). Given the
lag in quality evaluation of image restoration and the
weak robustness of evaluation indicators, a survey
was presented to deeply analyze the differences between traditional image quality assessment methods
and image restoration quality assessment methods
(Hu et al., 2020).
To further study the changes in human visual
quality caused by noise distortion and conduct a
reasonable evaluation, a series of NR-IQA algorithms
dedicated to noisy images have been proposed. Kong
et al. (2013) maximized the consideration of two
groups of structural similarity maps, one from the
noisy input image and the estimated noise signal and
the other from the noisy input image and the denoised
image. The linear correlation coefficient of the two
response maps was taken as the predicted value
(Kong et al., 2013). Then, a method was proposed to
estimate noise variance based on image block homogeneity combined with the masking effect of the
HVS (Huang et al., 2014). Liu et al. (2014) predicted
the image quality based on the free energy brain
principle, image gradient extraction, and texture
masking. This is similar to the human visual percep-
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tion of noise. An NR-IQA method was designed using
the perception-weighted probability summation
model of local noise, to predict the perceived relative
amount of noise in images with different contents
(Zhu T and Karam, 2014). Zhai et al. (2015) designed
a dual-model (i.e., near-threshold and super-threshold
models) prediction method based on the noise estimation of images (Zhai and Wu, 2011) and the neural
and psychological characteristics of the HVS (Zhai
et al., 2012). Gradient singular value decomposition
(GSVD) was used to obtain the features, and the
Gaussian mixture model was employed to obtain the
feature space model (Ospina-Borras and Restrepo,
2016). In the feature space, the Euclidean distance
between the reference model and the assessed image
was used as the prediction score (Ospina-Borras and
Restrepo, 2016). Buczkowski (2018) proposed an
average opinion score prediction method based on
noise estimation. It is suitable for a nonsingle image
database. Then, the sensitivity of the HVS to local
image distortion was considered, and a visual significance model was established of image patches based
on the method of using the adaptive visual significance index to evaluate the image (Oszust, 2019).
Recently, Deng et al. (2020) studied the validity of the
kurtosis of coefficient samples obtained by the image
after wavelet transform as a noise distortion feature,
and an extreme learning machine was applied to train
the prediction model. This can map kurtosis values
into perceptual quality scores and can evaluate five
types of noisy image (Deng et al., 2020).
Through the study, we found that most prediction methods (Mittal et al., 2012; Deng et al., 2020)
were designed in the same domain (e.g., the spatial,
wavelet, or gradient domain), whereas few methods
were involved operations in multiple domains and
were explored the mutual relationship between different domains. Therefore, we comprehensively extract features from three different domains to establish
a model that can map all features into a quality score.
The main contributions of this paper can be summarized as follows:
1. The image entropy feature is extracted based
on the combination of noise estimation in the frequency domain and variation coefficient in the gradient domain.
2. The rationality of kurtosis in the principal
component analysis (PCA) domain as human-
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perceived noise distortion is thoroughly analyzed, and
an adaptive optimization of the kurtosis feature in
combination with the visual masking effect is
conducted.
3. In the process of SVR training of the regression model, the particle swarm optimization (PSO)
algorithm is used to improve the prediction accuracy
of the model.
2 Image high-order statistics and the application in noise variance estimation
At present, most noisy image assessment algorithms are based on NSS characteristics. Because
noise signal is the main factor that interferes with the
visual quality of human perception, it is feasible to
estimate the noise level for the evaluation of noisy
images, such as the algorithms designed by Huang
et al. (2014) and Zhai et al. (2015), and the evaluation
index is significantly improved compared with the
previous methods. However, we find that even for
images with the same noise level, the subjective
quality scores, i.e., mean opinion score (MOS) and
differential MOS (DMOS), still have significant
differences.
An example of these differences is illustrated in
Fig. 1, where all 30 images from the categorical subjective image quality (CSIQ) database (Larson and
Chandler, 2010) with the same noise level of 2 are
involved to compare the subjective scores. It is not
difficult to observe that the subjective scores are unstable even though they have the same noise distortion level. Based on this phenomenon, even with an
accurate estimate of noise levels, estimated noise
levels cannot be directly used to evaluate the
image quality. Therefore, we design an NR-IQA algorithm to evaluate the noisy image quality based on
the feature combination of entropy, gradient, and
kurtosis.
Because noise estimation is the basis of noisy
image assessment, we employ the noise estimation
method based on the invariance of high-order statistics, which has been proposed in Ma et al. (2020).
Before reviewing this method, we first briefly discuss
the correlation expression of higher-order statistics
(e.g., kurtosis and skewness) and the related characteristics. For a random variable z, skewness s(z) and
kurtosis κ(z) are defined as follows:
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Fig. 1 Subjective scores of all 30 images from the CSIQ
database with the same noise distortion level of 2

µ3 ( z )

 s( z ) = s 3 ( z ) ,


κ ( z ) = µ4 ( z ) ,

s 4 ( z)

(1)

where μη(z) and ση(z) (here, η=3 or 4) represent the ηth
central moment and the ηth power of the standard
deviation of z, respectively. Specifically, μη(z) and
ση(z) can be computed as follows:
 µη=
( z ) E ([ z − E ( z )]η ) ,

 η
( z ) { 2 ( z=
)}η 2
E ([ z − E ( z )]2 )
=
σσ

{

}

η 2

,

(2)

where E(∙) represents the expectation operator.
Zoran and Weiss (2009) first proposed to transform a clean image into the frequency domain
through specific filters. The kurtosis has the invariable characteristic, and the experimental results indicated that the factor causing the fluctuation in this
invariability is the noise in the clean image. Based on
this observation, many high-performance methods
have been designed for noise estimation (Lyu et al.,
2014; Dong et al., 2017) and IQA metrics (Deng et al.,
2020). Recently, we proposed a noise estimation algorithm based on the skewness invariance and
adapted the noise injection (Ma et al., 2020). Assuming that X is a clean image and that N is an independent additive white Gaussian noise (AWGN)
signal, image Y polluted by noise conforms to the
following:
Y=X+N.

(3)
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The noisy image is transformed by DCT filters, and
its expression in the frequency domain can be modeled as follows:
y=x+n,

(4)

where y, x, and n represent the noisy image, clean
image, and independent noise in the transform domain, respectively. According to the relationship
between the statistics and the independence of noise,
we transform the problem of estimating the noise
level to a problem of a nonlinear optimization function with specific constraints:
 sˆ( x), sˆ 2 (n)  =
2
3


2
2
82
2
 s ( yk ) − s ( n ) 

arg min2 ∑  s ( yk ) − 
 s ( x)  (5)

sx ,s n
s 2 ( yk )
k =2




2

subject to

1 8
∑ sˆ( yk ) ≤ s( x) ,
2
8 − 1 k =2

where σ2(yk), s(yk), and sˆ( yk ) represent the variance
and the actual and the estimated skewness of a noisy
image in the kth component, respectively, s(x) and
sˆ( x) represent the actual and the estimated skewness
of a clean image, respectively, and σ2(n) and sˆ 2 (n)
represent the actual and the estimated noise variances,
respectively. In the DCT, an 8×8 DCT filter is selected.
Noise usually exists in the alternating current frequency components; therefore, the components from
2 to 82 are involved in the estimation, as shown in
Eq. (5). Additionally, an adaptive noise injection
strategy is applied in the noise estimation algorithm.
According to the image complexity, the threshold
model of the noise level can be distinguished. By
comparing the noise threshold value with the noise
estimation result, we can judge whether the noise
injection should be carried out for the second round
estimation. Finally, the noise level of the image can be
determined and is still denoted as σˆ (n). For details,
readers can refer to Ma et al. (2020).
3 Proposed method for NR-IQA
Because noise affects the human visual quality in
a noisy image, in this section, we describe our method
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for extracting features in different domains. Fig. 2
illustrates the flow diagram of the proposed method.
For a given noisy image, three-domain decompositions are first constructed, including DCT, gradient,
and PCA domains. We first estimate the noise level
sˆ (n) of the given test image based on the scale invariance of skewness in the DCT domain and adapt
the noise injection strategy, as introduced in Section 2.
Then, the estimated noise level is used to calculate the
differential entropy of the noisy image. Considering
the HVS, the coefficient of variation that reflects the
masking effect is applied to adaptively optimize the
proposed entropy as a distortion measure feature of
the test image. The second proposed feature is built
into the gradient domain. The second proposed feature uses four directional filters to generate gradient
maps that are comprehensively considered to obtain
the gradient feature. The third feature of the kurtosis
feature is designed using the assumption of scale
invariance of kurtosis in the PCA domain and combining the effect of the image content. Finally, the
quality model using SVR training is employed to
predict the objective score of the test image. Detailed
descriptions of the proposed method are presented in
the following subsections.
3.1 Extraction of gradient and entropy features
For a noisy image, it is meaningful to estimate
the standard deviation to evaluate the image; however,
in some cases, the noise standard deviation cannot
completely measure the quality. Table 1 lists the
comparison between different images from the CSIQ
database with respect to the noise level, the subjective
quality score (i.e., DMOS value), and the image
complexity, where the image complexity is computed
using the gradient information of all pixels. Specifically, as in our previous work (Ma et al., 2020), we
select the maximum gradient of each pixel in the four
different directions and then average the maximum
gradient values of all pixels to obtain the image
complexity of the images.
Table 1 indicates that the DMOSs of different
images are different although they have the same
noise level, and that these differences are related to
the image complexity. It is even more significant for
images 21 and 26. The masking effect of human vision is affected by the texture information and noise
interference in the image. In our method, the entropy

1570

Yao et al. / Front Inform Technol Electron Eng 2021 22(12):1565-1582

DCT domain
subband
...

DCT domain
subband

L(i, j)

V(i, j)

D(i, j)

D′(i, j)

Noise estimation

Entropy feature

Four response images

Gradient feature

Prediction
score

Transform
domain

SVR training

Training set

Gradient map
Kurtosis feature

...

Test image

Probability density
function distribution

PCA subband map

Fig. 2 Flow diagram of the proposed method

characteristics of each noisy image are extracted by
combining the noise level and the visual masking
effect. Suppose that the noise obeys a Gaussian distribution with a mean of zero and a standard deviation
of σ, (i.e., N~(0, σ)). Then its probability density
function is expressed as follows:
f (N )
=

 N2 
exp  − 2  .
2pσ
 2σ 
1

(7)

Based on Eqs. (6) and (7), converting the unit of the
logarithm function to bit, φN can be further expressed
as follows:
=
ϕ N log 2 2πeσ 2 .

(8)

Therefore, the entropy calculation of the given
noisy image with the estimated noise standard deviation σˆ ( N ) which is interpreted in Section 2 can be
executed as
=
ϕ N log 2 2πeσˆ 2 ( N ).

Image
index

Noise standard
deviation level

DMOS

Image
complexity

21

1

0.0266

12.76

91

1

0.0509

21.77

26

1

0.1043

26.75

(6)

The differential entropy of image noise denoted as φN
can be expressed as follows:

ϕ N = − ∫ f ( N ) ln f ( N ) dN .

Table 1 Comparison of different images with respect to
the noise level, DMOS, and image complexity in the CSIQ
database

(9)

To compensate for the difference in human vision caused by the inherent information content of the

image in the process of information entropy calculation, we introduce a variation coefficient of the image
complexity based on the gradient calculation to obtain
the final information entropy feature, denoted as  .
For any given image pixel Y(i, j), where (i, j) denotes
the coordinates of the pixel, its gradients along different directions for different filters can be calculated.
Fig. 3 depicts the convolutional filters applied in our
method, where the masks are denoted as FL, FV, FD,
and FD′. Next, four different direction filters are
convolved with image Y to obtain four different gradient maps, and the corresponding convolution values
of Y(i, j) are denoted as L(i, j), V(i, j), D(i, j), and
D′(i, j):
(i, j ) Y (i, j ) ⊗ FL ,
 L=
 =
V (i, j ) Y (i, j ) ⊗ FV ,

(i, j ) Y (i, j ) ⊗ FD ,
 D=
 D′(i, j ) = Y (i, j ) ⊗ FD′ ,

where “⊗” represents the convolution operation.

(10)
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Fig. 3 Gradient filters in four different directions

Then, the gradient values along four directions
of the same pixel are compared, and the smallest
value is determined as the minimum gradient of the
pixel, denoted as G(i, j). The average gradient value
of the entire noisy image, denoted as g , is calculated
as the gradient feature:
R

g=

C

∑∑ G(i, j )

=i 1 =j 1

RC

(11)

,

where R and C represent the numbers of row and
column of the minimum gradient map, respectively.
According to the image gradient map, the dispersion degree of the image gradient δ is defined as
the ratio of the standard deviation of the gradient
image G(i, j) to the average gradient value g , and is
expressed as
R

δ=

1
g

C

∑∑ ( G(i, j ) − g )

=i 1 =j 1

RC

2

.

(12)

The reason for introducing coefficient δ is to
offset the difference in visual quality caused by different image complexities with the same noise level
for various test images. Through δ, the entropy feature of the image can be expressed as follows:
= = ϕN δ .

(13)

In addition, as seen through experiments, the
change in the image gradient is closely related to the
influence of the noise; thus, the average gradient g is
also an effectual feature, and this feature is denoted as
 . Fig. 4 illustrates several examples of the minimum
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gradients of some standard test images; Figs. 4a–4c
show the selected images, Figs. 4d–4f indicate their
corresponding visual gradient maps, and Figs. 4g–4i
present the corresponding mean gradient values with
different noise levels. As displayed in Figs. 4g–4i,
with the increase in the image distortion degree, the
gradient value of the image also increases; this phenomenon demonstrates that gradient feature  is
monotonic to the noise level. Similarly, as shown in
Figs. 4j–4l, we can see that the entropy feature also
has obvious monotony, which is taken as an important
feature in improving the performance of the algorithm
in this study.
3.2 Extraction of kurtosis feature
Recently, a noisy IQA method was designed
based on the hypothesis proposed by Zoran and Weiss
(2009) and the advantages and disadvantages of kurtosis characteristics in DCT, random unitary transform, and discrete wavelet transform were compared
(Deng et al., 2020). In Lyu et al. (2014), kurtosis
differences of natural images were compared in various linear transform domains in depth, and the experimental and theoretical proofs for the hypothesis
were provided. To make the extracted features fully
reflect the degree of distortion in the image, we
choose PCA as a tool for linear transformation and
further improve the kurtosis characteristics. To obtain
the kurtosis value in the frequency domain, the direct
current (DC) component of the input image Y is first
removed as follows:
Y′=Y−E(Y),

(14)

where Y′ represents the noisy image without the DC
component.
Then, Y′ is convolved with a two-dimensional
band-pass filter Pm selected from a d×d linear transform base, where m is the index for all band-pass
filters and 1≤m≤d2−1. The response image Rm can be
obtained as follows:
Rm=Y′⊗Pm.

(15)

The response image Rm is first transformed into a
column vector, and the kurtosis of each response
image is obtained using Eqs. (1) and (2), denoted as
κm. All obtained response kurtosis values κm are then
averaged as follows:
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Fig. 4 Examples of gradient maps and gradient trends with different noise levels
The first row (a–c) shows the noisy images from the Tampere image database 2013 (TID2013) (Ponomarenko et al., 2013). The
second (d–f), third (g–i), and fourth (j–l) rows are the gradient maps, mean gradient values, and entropy feature values of the
noisy images, respectively. In each subfigure, in the third and fourth rows (g–l), five diamonds from left to right correspond to the
same image with different noise levels ranging from low to high
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κ=

∑κ

m

d 2 −1

,

(16)

where κ denotes the mean kurtosis of the noisy images. To verify whether the kurtosis statistics satisfies
the requirements of a noisy image feature, we list
several examples of kurtosis under different images
with Gaussian noise distortion, as illustrated in Fig. 5.
We randomly select four noisy images, as shown in
Figs. 5a–5d, and according to the PCA filters, we
transform the images to the frequency domain and
draw the coefficient distribution of the response images. As presented in Figs. 5e–5h, the coefficient
distributions in the transform domain are different
from the distortion degree. Specifically, compared
with the blue dashed curves (images with a lower
subjective quality score), the red solid curves (images
with a higher subjective quality score) are more leptokurtic. To fully reveal the effect of the distortion on
kurtosis, we measure the Gaussian noise distortion
with different severity degrees for each noisy image,
as depicted in Figs. 5i–5l. With the reduction in the
DMOS, the average kurtosis κ gradually decreases
and exhibits obvious monotonicity, verifying the
ability of the average kurtosis calculated using PCA
basis filters to represent the quality assessment score
to a sufficient extent.
As mentioned in Dong et al. (2017), we observe
an important phenomenon (Fig. 6). In the entire image
with both complex and smooth areas, as indicated in
Fig. 6a, the kurtosis consistency at different frequencies is not stable. When the image is divided into
complex and smooth areas, as presented in Fig. 6c, the
kurtosis values of the two parts are not consistent.
Specifically, kurtosis consistency in the smooth
area performs well, whereas that in the complex area
performs unstably. This phenomenon requires us to
consider the influence of the image content on the
calculation of κ . Therefore, in our method we use δ
which was designed in Section 3.1 to reduce the influence of the image content on the kurtosis calculation. Therefore, the final kurtosis feature  is defined as follows:
=

κ
.
δ

(17)
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3.3 Model training and score prediction
In this work, three features are extracted for each
image, information entropy feature  , gradient
feature  , and kurtosis feature  . To combine them
as a whole to evaluate the image quality, we apply
SVR (Chang and Lin, 2011) to train the quality prediction model. Then, the trained SVR model is used to
score the noisy images. In the implementation, the
radial basis function (RBF) is used as the SVR kernel.
We apply the PSO (Kennedy and Eberhart, 1995) to
determine the optimal model parameters of penalty
coefficient c and parameter coefficient of RBF γ
during the training process. The steps are as follows:
1. Set the ranges of variables c and γ of the
training model. The position and speed ranges of c are
set to [0.1, 100] and [−60, 60], respectively, and the
initial position and size range of γ are set at [0.1, 1000]
and [−600, 600], respectively.
2. The particle swarm size is set at 20, and the
iteration number is set at 100.
The particle position and velocity are randomly
initialized, and the fitness of the particle is calculated
according to the fitness function. Through loop iteration, the position and velocity of the particles are
updated continuously, and the extreme values of individuals and groups are updated according to the
fitness value of the new particles. After the iteration,
we draw the curve of the fitness value for each generation, as illustrated in Fig. 7. The fitness tends to be
stable as the iteration number increases.
4 Experimental results and analysis
To quantitatively evaluate the performance of
the proposed method, we choose two common criteria
recommended by the Video Quality Experts Group
(2003), i.e., the Pearson linear correlation coefficient
(PLCC) and the Spearman rank-order correlation
coefficient (SRCC) (Sheikh et al., 2006). Specifically,
PLCC and SRCC are usually used to measure the
accuracy and monotonicity of the results, respectively,
and the values closer to 1 indicate a better performance. The relationship between the subjective
and the predicted quality scores may be nonlinear
because of nonlinear responses of human observers.
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Fig. 5 Examples of probability density distributions and kurtosis trends with noise levels
The left column (a–d) presents the randomly selected images from the CSIQ image database. The middle column (e–h) displays a
comparison of the coefficient distribution of the same image with different distortion degrees at a specific component R63 in the
transform domain, where the blue dashed and the red solid curves represent the response image coefficient distributions with
higher and lower noise distortion degrees, respectively. The right column (i–l) reveals the changes of the corresponding kurtosis
κ with an increase in the subjective score (i.e., DMOS value). Five diamonds in subfigures (i)–(l) from left to right are with
different noise levels ranging from low to high. References to color refer to the online version of this figure

1575

Yao et al. / Front Inform Technol Electron Eng 2021 22(12):1565-1582

70
60

Kurtosis

50
40
30
20
10
0

Kodim16.png

0

10

(a)

20
30
40
Component index

50

60

20
30
40
Component index

50

60

(b)

50

Kurtosis

40

30

20

10
0
Kodim16.png

0

10

(c)

(d)

Fig. 6 Comparison of the scale invariance of the entire image and the segmented image
(a) and (c) are the images from the laboratory for image & video engineering (LIVE) database (http://live.ece.utexas.edu/
research/quality/) and its segmented image, respectively. (b) shows the kurtosis values of (a) at different component indices. (d)
shows the kurtosis values of the segmented image areas at different component indices, where the red asterisks and the green
pentagons represent the complex and smooth areas of (c), respectively. References to color refer to the online version of this
figure
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Fig. 7 Fitness curves for the particle swarm optimization (PSO): (a) LIVE; (b) TID2013; (c) CSIQ
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Before calculating these values, the following fiveparameter logistic regression function is defined
(Sheikh et al., 2006):
1

1

ξ ( p) = α1  −
α
 2 1+ e

2 ( p −α 3 )


 + α 4 p + α5 ,


(18)

where α1–α5 are the fitting model parameters, and p
and ξ(p) are the predicted scores before and after the
regression process, respectively. Here, we comprehensively measure the performance of the proposed
method in the public image databases, LIVE,
TID2013, and CSIQ. Detailed information on the
three benchmark databases is listed in Table 2, and
some test images are shown in Fig. 8.

We compare our proposed model against representative state-of-the-art NR-IQA models, including
DIIVINE (Moorthy and Bovik, 2011), BLIINDS
(Saad et al., 2012), BRISQUE (Mittal et al., 2012),
CORNIA (Ye et al., 2012), NIQE (Mittal et al., 2013),
PWN (Zhu T and Karam, 2014), DMDM (Zhai et al.,
2015), GSVD (Ospina-Borras and Restrepo, 2016),
QENI (Oszust, 2019), and BNIQAK (Deng et al.,
2020), where the methods DIIVINE, BLIINDS,
BRISQUE, CORNIA, and NIQE are the generalpurpose IQA methods, and PWN, DMDM, GSVD,
QENI, and BNIQAK are the noise-specific methods.
In addition, two FR-IQA methods, i.e., peak signal-tonoise ratio (PSNR) and structural similarity index
measure (SSIM) (Wang Z et al., 2004), are involved

Table 2 Three benchmark databases for the IQA
Database

Number of reference images Distortion type Distortion level Number of distortion images Subjective score

LIVE

29

AWGN

5

145

DMOS

TID2013

25

AWGN

5

125

MOS

CSIQ

30

AWGN

5

150

DMOS

Fig. 8 Partial test noisy images from the three different databases
The first and second columns are obtained from the LIVE database, the third and fourth columns are obtained from the TID2013
database, and the fifth and sixth columns are obtained from the CSIQ database
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in the comparison. Table 3 lists the experimental results, and the rank of each method is also listed
in parentheses after each result. Eighty percent images are randomly selected from each image database
to train the prediction model, and the remaining 20%
images are used to verify the prediction results. To
avoid bias, the training test is repeated 1000 times,
and the median value of the 1000 results is taken as
the performance of the algorithm. Table 3 indicates
that in addition to the criterion of the SRCC of the
PSNR in the LIVE image database, our proposed
method and the BNIQAK reach the top two in the all
comparison methods and exceed all comparison
NR-IQA methods. The average PLCC rank of our
method is 1.33, which is the best result among those
of the methods.
Specifically, for the FR-IQA methods, the PSNR
exhibits an excellent evaluation performance, reaching more than 0.9 on two criteria, whereas the SSIM
does not perform well on the TID2013 database. We
can see that the PSNR, as a classic evaluation method
of FR-IQA, achieves the third rank in the overall
ranking performance. What makes it perform better
than most NR-IQA methods may be that it is based on
the error between corresponding pixels; that is, it
belongs to an error-sensitive image quality evaluation
method. However, it does not take the visual

properties of the human eye into account, and our
algorithm still has the advantage.
Compared to the general-purpose IQA methods
DIIVINE, BLIINDS, BRISQUE, CORNIA, and
NIQE, the predictive values given by our algorithm in
the three image databases are more consistent with the
subjective quality scores. To be specific, the most
obvious advantage is shown in the TID2013 database,
where the general-purpose IQA methods according to
the two criteria of PLCC and SRCC are only around
0.8, while those of our algorithm are higher than 0.9.
Moreover, even for the SRCC metric in the LIVE
database with the smallest ranking gap, our approach
is at least two places ahead. Importantly, the proposed
method has a better advantage in comparison with the
noise-specific IQA methods PWN, DMDM, GSVD,
and QENI. The overall performance of our method in
the three image databases is much better than those of
other methods except for the BNIQAK. Compared
with the BNIQAK, our algorithm has the advantage in
most PLCC values reflecting the accuracy, and our
algorithm has a slight deficiency in the SRCC values
reflecting the monotonicity. In most practical IQA
applications, compared with SRCC, the prediction
accuracy is dominant. Therefore, our proposed
method has better practical values because of its
higher prediction accuracy.

Table 3 Comparison of the proposed method with state-of-the-art methods on the LIVE, CSIQ, and TID2013 databases
Method

PLCC (rank)
LIVE

TID2013

SRCC (rank)
CSIQ

LIVE

TID2013

CSIQ

Average PLCC
rank (rank)

PSNR

0.9878 (3)

0.9073 (3)

0.9363 (4)

0.9854 (2)

0.9046 (3)

0.9385 (4)

3.33 (3)

SSIM

0.9693 (9)

0.7843 (7)

0.8974 (6)

0.9694 (9)

0.7865 (8)

0.8952 (6)

7.33 (7)

DIIVINE

0.9623 (11)

0.7043 (12)

0.8118 (11)

0.9167 (12)

0.7090 (12) 0.8313 (10)

11.33 (12)

BLIINDS

0.9482 (12)

0.7296 (11)

0.8825 (7)

0.9477 (11)

0.7280 (11)

0.8863 (7)

10.00 (11)

BRISQUE

0.9780 (6)

0.7824 (8)

0.9292 (5)

0.9786 (5)

0.7784 (9)

0.9310 (5)

6.33 (5)

CORNIA

0.9870 (4)

0.7611 (10)

0.7523 (12)

0.9760 (7)

0.7561 (10) 0.7458 (12)

8.67 (9)

NIQE

0.9773 (7)

0.8255 (6)

0.8182 (10)

0.9718 (8)

0.8194 (5) 0.8098 (11)

7.67 (8)

PWN

0.9770 (8)

0.8262 (5)

0.8823 (8)

0.9816 (4)

0.8184 (6)

0.8752 (8)

7.00 (6)

DMDM

0.9789 (5)

0.8987 (4)

0.9383 (3)

0.9782 (6)

0.8953 (4)

0.9387 (3)

4.00 (4)

GSVD

0.9666 (10)

0.7731 (9)

0.8721 (9)

0.9618 (10)

0.7942 (7)

0.8480 (9)

9.33 (10)

QENI

0.8919 (13)

0.5322 (13)

0.6242 (13)

0.8828 (13)

0.3540 (13) 0.5978 (13)

13.00 (13)

BNIQAK

0.9904 (2)

0.9543 (1)

0.9550 (2)

0.9889 (1)

0.9411 (1)

0.9594 (1)

1.67 (2)

Proposed

0.9909 (1)

0.9294 (2)

0.9638 (1)

0.9830 (3)

0.9187 (2)

0.9486 (2)

1.33 (1)
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Next, to intuitively evaluate the influence of the
number of training images on the proposed algorithm,
four groups of training images with different numbers
are set in the three image databases. The ratios of the
training to test images in the same image database are
set to 80%/20%, 70%/30%, 60%/40%, 50%/50%, and
40%/60%. The results are listed in Table 4, and the
subjective scores versus the proposed model’s prediction scores on different training/testing proportions
in the three databases are displayed in Fig. 9. With the
reduction in the training images, the two criteria decrease slightly. Nevertheless, overall, the algorithm
achieves good results. It is worth noting that even
when the proportion of the training set is less than that
of the testing set, the proposed algorithm still performs well in the three databases, and the prediction
accuracy (PLCC) can reach higher than 0.9. This
work is of significance in practical applications because it can achieve ideal prediction results even
when there are insufficient training images.
Table 4 Performance of the proposed algorithm under
different training/testing proportions
Training/testing
proportion
80%/20%

70%/30%

60%/40%

50%/50%

40%/60%

Database

PLCC

SRCC

LIVE

0.9909

0.9830

TID2013

0.9294

0.9187

CSIQ

0.9638

0.9486

LIVE

0.9901

0.9802

TID2013

0.9198

0.9045

CSIQ

0.9616

0.9476

LIVE

0.9889

0.9794

TID2013

0.9174

0.9011

CSIQ

0.9597

0.9463

LIVE

0.9875

0.9774

TID2013

0.9141

0.9002

CSIQ

0.9592

0.9458

LIVE

0.9791

0.9771

TID2013

0.9196

0.8945

CSIQ

0.9608

0.9492

Best results are in bold

For the algorithm based on learning to predict
the image quality score, the generalizability of the
algorithm is also a significant aspect (Li LD et al.,

2017). Therefore, we use cross-validation to validate
the prediction performance of the proposed method,
as presented in Table 5. Specifically, three different
image databases are set as the training image database
in turn, and the performance is tested in the other
image databases. Because the level of noise distortion
of images in the TID2013 and CSIQ databases is
much less than that in the LIVE image database, the
TID2013 and CSIQ databases are unsuitable as a
training set to test the LIVE database. Table 5 indicates that all test results are greater than 0.88, the
TID2013 image database exhibits the best performance as the training set, and the CSIQ has the best
performance as the testing set and can achieve a
PLCC of 0.9599 and an SRCC of 0.9494. The results
reveal that the method can be applied to the prediction
of different data sets and has good generalization
ability.
Table 5 Cross-validation of the proposed method
Training
database

Testing
database

PLCC

SRCC

LIVE

CSIQ

0.9459

0.9458

TID2013

0.8857

0.8847

CSIQ

0.9599

0.9494

LIVE

–

–

TID2013

0.9165

0.9109

LIVE

–

–

TID2013

CSIQ

Best results are in bold. “–” means that the TID2013 and CSIQ
databases are unsuitable as a training set to test the LIVE database

In our method, three features are extracted for
model training, and we evaluate the contribution of
different features to the model by randomly combining the features. The results are listed in Table 6,
where the individual results of features  and 
have unsatisfactory results. However, when these two
features are combined, the combination (i.e.,  + )
presents encouraging results and dramatically improves the overall performance. However, the performance of a single feature or the combination of
two features is not the optimal. When three features
are all involved during the training procedure, the test
results are the best among all experimental results.
This indicates that the three extracted features are
essential for the NR noisy image assessment.
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Fig. 9 Prediction score versus subjective score on different training/testing proportions in the three databases:
(a) 80%/20%; (b) 70%/30%; (c) 60%/40%; (d) 50%/50%; (e) 40%/60%
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Table 6 Performance comparison with different feature
or feature combinations
Feature or feature
combination







 +

 +

 +

 + + 

Database

PLCC

SRCC

LIVE

0.9868

0.9764

TID2013
CSIQ
LIVE
TID2013
CSIQ
LIVE
TID2013
CSIQ
LIVE
TID2013
CSIQ
LIVE
TID2013
CSIQ
LIVE
TID2013
CSIQ
LIVE
TID2013
CSIQ

0.8941
0.9223
0.9260
0.5244
0.5643
0.9034
0.5558
0.7445
0.9901
0.9023
0.9463
0.9865
0.8983
0.9387
0.9334
0.7497
0.7844
0.9909
0.9294
0.9638

0.8875
0.8974
0.8872
0.5152
0.5433
0.8763
0.5434
0.6977
0.9814
0.8928
0.9355
0.9730
0.8934
0.9003
0.9133
0.7376
0.7701
0.9830
0.9187
0.9486

Best results are in bold

5 Conclusions
In this paper, we designed a blind IQA metric for
noisy images incorporating the features of entropy,
gradient, and kurtosis. The three relevant features
were extracted from different domains, and the gradient variation coefficient that can establish relationships between different domains was designed in
combination with the masking effect of HVS. Finally,
SVR was used to learn to map all extracted features
into perceptual quality scores. Images contaminated
with AWGN in the LIVE, TID2013, and CSIQ databases were used to evaluate the performance of the
proposed method. We compared the FR-IQA methods,
general-purpose NR-IQA methods, and noise-specific
NR-IQA methods. The results demonstrated the efficacy and superiority of the proposed method, especially under the criterion of PLCC. Compared with
the BNIQAK, the proposed algorithm has a slight
improvement on the PLCC in the average performance. That is probably because of the comprehen-

sive feature selection and the consideration of HVS.
The evaluation results also verified the merits of our
method with high precision and satisfactory generalizability, and had less influence from the number of
training images.
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