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No-Reference Quality Assessment for
Multiply-Distorted Images in Gradient Domain
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Abstract—In practice, images available to consumers usually
undergo several stages of processing including acquisition, com-
pression, transmission, and presentation, and each stage may
introduce certain type of distortion. It is common that images are
simultaneously distorted by multiple types of distortions. Most
existing objective image quality assessment (IQA) methods have
been designed to estimate perceived quality of images corrupted
by a single image processing stage. In this letter, we propose a
no-reference (NR) IQA method to predict the visual quality of
multiply-distorted images based on structural degradation. In the
proposed method, a novel structural feature is extracted as the
gradient-weighted histogram of local binary pattern (LBP) cal-
culated on the gradient map (GWH-GLBP), which is effective to
describe the complex degradation pattern introduced by multi-
ple distortions. Extensive experiments conducted on two public
multiply-distorted image databases have demonstrated that the
proposed GWH-GLBP metric compares favorably with existing
full-reference and NR IQA methods in terms of high accordance
with human subjective ratings.

Index Terms—Human visual system (HVS), image qual-
ity assessment (IQA), local binary pattern (LBP), multiple
distortions, no-reference (NR), structural distortion.

I. INTRODUCTION

T HE explosive surge of digital visual signals due to
various devices such as digital cameras, web cameras,

and smart phones presents challenges on how to store, share,
assess, and organize digital images. Since various distortions
can be introduced in an image communication system, the
received images may be disappointing regarding perceptual
quality. Different types of artifacts might be introduced during
different processes (acquisition, JPEG compression, JPEG
2000 compression, transmission, etc.) [1]. For example, the
defocus scenarios in digital cameras mostly introduce defocus
blur artifacts. The inadequacy of capture devices or unfriendly
environmental conditions might also induce contrast distortion.
The discrete cosine transform (DCT)-based coding techniques
mostly bring about blockiness and blur artifacts. The JPEG
2000 standard, which is based on wavelet transform, mostly
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leads to blur and ringing artifacts. Based on the understanding
of these distortions, objective image quality assessment
(IQA) methods have been proposed to estimate the perceived
image quality through a quantitative approach [2]–[6].

Currently, most IQA studies focus on predicting the visual
quality of images distorted by a single distortion. In practice,
images available to end users usually undergo several stages,
and each stage might introduce certain specific distortion. It is
very likely that images are simultaneously distorted by multi-
ple distortions. Compared with visual quality assessment for
images with a single type of distortion, it is more difficult
for visual quality assessment for multiply-distorted images.
Reference [7] pointed out that images with multiple distortions
are a big challenge for IQA research and summarized the chal-
lenges in three aspects: the influence of individual distortions
on image quality, the interaction between these distortions,
and the joint effects of these distortions on the overall qual-
ity. The author also pointed out that a physical combination of
individual distortion measures may not well explain the final
overall quality. The two newly established subjective databases
on multiply-distorted images, MLIVE (LIVE multiply distorted
image quality database) [2] and MDID2013 [8], challenge most
existing objective IQA methods and confirm Chandler’s state-
ment. Thus, it is much desired to design visual quality methods
for images distorted by multiple types of distortions.

Recently, there are several studies focusing on designing
objective IQA methods for multiply-distorted images. The
authors of [9] proposed an objective no-reference (NR) IQA
method based on several image processing blocks to mimic
the human visual system (HVS)’s quality assessment process.
Specifically, the noise strength is first estimated, followed by
blur and JPEG metrics deployed on the denoised image. Then
the overall quality is computed by combining the estimated
results of noise, blur, and JPEG metrics. This work was later
extended by adding a free energy term to account for the possi-
ble interaction of different distortions [8]. In [10], natural scene
statistics (NSS) features from three existing NR-IQA methods
are combined to form an improved bag-of-words representa-
tion for quality prediction. Despite the progress in this research
area, there are still some problems with these existing meth-
ods. These hybrid methods based on the combination of several
existing IQA metrics would induce more computational over-
head. Furthermore, these methods are tailored for the distortion
types in the databases, and the generality to other kinds of
multiple distortions is open to question.

In this letter, we propose a novel metric for quality assess-
ment of images containing multiple distortions, without prior
knowledge of distortion combination in an image. It has lower
computational complexity and higher generality than exist-
ing hybrid methods. The new method is based on the HVS’s
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sensitivity to structural degradation. Existing studies show
that image structures carry the essential visual information
of a scene, and the HVS adaptably extracts structural infor-
mation for image perception and understanding [11]. Thus,
proper extraction and description of image structural informa-
tion play a significant role in perceptual quality assessment
[12]. Here, we propose a novel effective structural feature
extraction method as the gradient-weighted histogram of local
binary pattern (LBP) calculated on the gradient map (GWH-
GLBP). First, the distorted image is filtered by Prewitt operator
to extract the gradient. Then LBP is utilized to encode the
image primitive microstructures, such as edges, lines, spots,
and other local features in the gradient image to form the
GLBP. After that, instead of adopting the widely used frequency
histogram (FH) to describe the image global structural infor-
mation, we propose to accumulate the gradient magnitudes of
pixels with the same GLBP pattern, which can be regarded as
the gradient-weighted GLBP histogram. Finally, support vector
regression (SVR) is used to map extracted perceptual features
to image quality. Experimental results show that the proposed
GWH-GLBP method can deliver superior performance than
state-of-the-art methods.

II. PROPOSED METHOD

A. GLBP Construction

The gradient magnitudes of digital images are defined as the
square root of image directional derivatives along two orthog-
onal directions. In this work, we adopt the Prewitt filters to
compute image gradients due to its computational simplicity.
The gradient magnitudes of a distorted image are computed by
convolving images with Prewitt filters as follows:

g(i) =
√

(d ∗ px)2(i) + (d ∗ py)2(i) (1)

where symbol “*” denotes the convolution operation; px and
py are the Prewitt filters; d and g denote the distorted image
and its corresponding gradient magnitude map with i as the
location index.

After that, we calculate the LBP for each pixel in the gradient
magnitude map. The LBP operator [13] is proposed to describe
the relationship between the center pixel and its surrounding
neighbors by computing gray-level differences. By applying the
LBP operator on the gradient magnitude map, the GLBP code
at one location is deduced as

GLBPP,R =
P−1∑
i=0

s(gi − gc)2
i (2)

where P is the number of neighbors and R is the radius of
the neighborhood. gc and gi are the gradient magnitudes at the
center location and its neighbor.

The thresholding function s(·) is defined as

s(gi − gc) =

{
1, gi − gc ≥ 0

0, gi − gc < 0.
(3)

To achieve rotation invariance, a locally rotation invariant
uniform GLBP operator can be defined as

GLBPriu2
P,R =

{∑P−1
i=0 s(gi − gc), if U(GLBPP,R) ≤ 2

P + 1, else
(4)

Fig. 1. GLBP maps under different multiple distortions. (a) Pristine image.
(b) Image with GB+JPEG. (c) Image with GB+WN. (d) Image with
GB+JPEG+WN. (e)–(h) Corresponding GLBP maps of images in the first row.

where U is the uniform measure, and superscript riu2 denotes
the rotation invariant “uniform” patterns with U value less than
2. The uniformity measure U is calculated as the number of
bitwise transitions

U(GLBPP,R) = ‖s(gP−1 − gc)− s(g0 − gc)‖

+

P−1∑
i=0

‖s(gi − gc)− s(gi−1 − gc)‖. (5)

It was observed that uniform LBP, which contains at most two
spatial bitwise transitions, increases the discriminative abili-
ties of LBP [13]. The rotation invariant uniform GLBP would
have P + 2 patterns, which describe the distinct local gradient
structures.

GLBP describes the interpixel relationship in an image
neighborhood, and such image microstructural patterns are
effective to capture the complex degradation by various distor-
tions. Different GLBP patterns denote different local gradient
patterns. For example, in the case of GLBP8,1, (0) stands for
isolated gradient spot; (8) denotes smooth region, and (1–7)
represents edges of varying positive and negative curvatures.
The introduction of distortions may shift the GLBP pattern
from one type to another. The first row of Fig. 1 shows one
pristine image patch and its three distorted versions; while the
second row shows their corresponding GLBP maps. As can be
seen in Fig. 1, different distortions change the GLBP patterns
in their own characteristic ways, making it an effective measure
to describe the impact of various distortions.

B. Gradient-Weighted GLBP Histogram

GLBP is derived from the difference between center pixel
and its neighbors in the gradient magnitude map, and thus, it
is invariant to the center pixel value (i.e., gradient magnitude
at that location). Furthermore, GLBP only encodes the sign of
the difference to represent local pattern and excludes the mag-
nitude of the difference; this mechanism makes GLBP unable
to differentiate a weak contrast local pattern from a strong
one. However, local contrast change has a significant impact
on the perception of image quality. Image gradient magnitude
is an effective measure to encode contrast information and the
HVS is highly sensitive to it. To effectively capture the contrast
and structural information in an image, we propose to fuse the
structural and gradient information into a single representation.
Specifically, we propose to accumulate the gradient magnitudes
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of pixels with the same GLBP pattern, which can be regarded
as the gradient-weighted GLBP histogram

hglbp(k) =

N∑
i=1

ωif(GLBPP,R(i), k) (6)

f(x, y) =

{
1, x = y

0, otherwise
(7)

where N denotes the number of image pixels, k ∈ [0,K] is the
possible GLBP patterns, and ωi is the weight assigned to the
GLBP code. In this work, we use the gradient magnitude calcu-
lated by (1) as the GLBP weight of each pixel. In such a way, we
emphasize image regions with high contrast changes and take
into account the structural and contrast information in a single
representation. For the traditional FH, ωi at each location is the
same.

The principle of global precedence has revealed that the HVS
perceives image edges in a coarse-to-fine strategy [14]. Thus,
the proposed features are extracted at multiscale. Besides the
original image scale, the coarser scale is formed by low-pass
filtering and downsampling by a factor of 2 in each dimension.
During implementation, for GLBP calculation, the number of
neighbors P is 8, and the radius of the neighborhood R is 1.
The proposed structural features are extracted at five scales.
Thus, the extracted features are 50 dimensions in total. The
MATLAB source code and validation results are publicly online
at http://www.ntu.edu.sg/home/wslin/Publications.htm.

The SVR with radial basis function (RBF) kernel is adopted
as the mapping function for feature pooling from the feature
space to quality measure [15].

III. EXPERIMENTAL RESULTS AND DISCUSSIONS

A. Databases and Evaluation Methodology

The comparison experiments were conducted on two
multiply-distorted image databases (i.e., MLIVE, MDID2013).
The MLIVE database [2] consists of two subsets. The first
subset includes 15 reference images distorted by GB+JPEG
(Gaussian Blur followed by JPEG compression). The second
subset includes the same 15 reference images distorted by
GB+WN (Gaussian Blur followed by white noise). There are
450 distorted images in total. The MDID2013 database [8]
consists of images successively corrupted by three kinds of dis-
tortions (GB+JPEG+WN). There are a total of 324 distorted
images generated from 12 reference images.

The IQA metrics are evaluated by three criteria: 1) Spearman
rank-order correlation coefficient (SRCC) for prediction mono-
tonicity; 2) Pearson linear correlation coefficient (PLCC); and
3) root-mean-squared error (RMSE) for prediction accuracy.
The latter two criteria are calculated after the monotonic logistic
mapping [16].

B. Performance Comparison With Full-Reference IQA
Methods

In this section, we compare the proposed GWH-GLBP
with several state-of-the-art full-reference (FR) IQA meth-
ods, including PSNR, NQM [17], SSIM [11], IW-SSIM [18],

TABLE I
PERFORMANCE COMPARISON WITH STATE-OF-THE-ART

FR-IQA METRICS

The best two IQA metrics are highlighted in boldface.

OSS-SSIM [19], VIF [20], VSNR [21], MAD [22], ADM [23],
FSIM [24], GMS [25], IGM [26], VSI [27], and GMSD [28].

Since GWH-GLBP adopts SVR learning for quality estima-
tion, the database needs to be divided into training and testing
sets. In the experiments, for each database, distorted images
of 80% of the reference images are used for training, and the
rest are used for testing. This random training–testing split is
repeated 1000 times, and the median performance is reported.
We also report the median performance across 1000 trials of
FR-IQA methods on the testing set for consistent comparison.
The prediction performance on the two databases measured by
SRCC, PLCC, and RMSE criteria is listed in Table I.

From Table I, we can draw the following conclusions.
1) The best two FR-IQA methods on MLIVE database

are NQM and VIF. NQM models the degradation pro-
cess as linear frequency attenuation followed by additive
Gaussian noise [17]. VIF quantifies the information loss
between reference and distorted image as quality score
[20]. These two methods can well approximate the dis-
tortion combinations in MLIVE database and thus deliver
better performance than other metrics.

2) The best two FR-IQA methods on MDID2013 database
are VIF and IW-SSIM. We attribute the good performance
of VIF and IW-SSIM to the decent NSS model [Gaussian
scale mixtures (GSM) model in wavelet domain] and the
information fidelity philosophy [20].

3) The performance of all methods on MDID2013 is infe-
rior to their performance on MLIVE database. This seems
intuitive since degradation in MLIVE is formed by com-
bining two individual distortion types and the degradation
in MDID2013 is formed by combining three individual
distortion types. The more complex scenario makes the
IQA task even more challenging.

4) The proposed NR method GWH-GLBP outperforms all
competing FR-IQA methods on MLIVE database. On
MDID2013 database, it delivers similar performance with
VIF and outperforms all other FR methods.

C. Performance Comparison With NR-IQA Methods

In this section, we compare the proposed GWH-GLBP with
several state-of-the-art NR-IQA methods, including BIQI [31],
BLIINDS2 [32], DIIVINE [33], CORNIA [34], BRISQUE
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TABLE II
PERFORMANCE AND RUN-TIME COMPARISON OF NR-IQA METRICS

The best two IQA metrics are highlighted in boldface.

[35], GMLOG [36], NFERM [37], NIQE [29], ILNIQE [30],
and SISBLM [8].

The source codes of the compared NR-IQA methods are
obtained from their original authors. The same 80%–20%
database split and 1000 times cross validation as in
Section III-B are employed here. We have also optimized the
SVR parameters of these models to achieve their best perfor-
mance for fair comparison.

The performance comparison of NR-IQA methods is listed in
Table II. To show the robustness of NR-IQA models to the vari-
ation in training set, we report the standard deviation (STD) of
SRCC values across 1000 trails. The smaller the STD is, the
more stable the model to variation in training data. We also
report the SRCC on two individual distortion types (DT1 and
DT2) on MLIVE database in this table. From Table II, we can
draw the following conclusions.

1) The best two NR-IQA methods on MLIVE database
are GWH-GLBP and SISBLM. ILNIQE, BRISQUE, and
CORNIA are with the third place.

2) The best three NR-IQA methods on MLIVE database are
GWH-GLBP, CORNIA, and SISBLM.

3) The performance of all NR methods on MDID2013 is
inferior to their counterpart on MLIVE database.

Among them, GWH-GLBP and SISBLM are specifically
designed to assess multiply-distorted images, while other meth-
ods are general purpose NR-IQA methods.

To further prove the superiority of the proposed method over
competing NR-IQA methods, we calculated the statistical sig-
nificance by two sample T-test between SRCC obtained by
competing NR-IQA methods. The results are shown in Table II,
where the symbol “*” means that the proposed method is sta-
tistically (with 95% confidence) better than the corresponding
NR-IQA approach. From Table II, we can see that GWH-GLBP
performs significantly better than all other NR-IQA methods on
the two databases.

Furthermore, the feature extraction time consumed by each
NR-IQA method for estimating the quality of one 512×
512 image is also listed in Table II (the second column).
Experiments were performed on a ThinkPad T430S notebook
with Intel Core i7-3520M CPU at 2.9 GHz. We can see that the
proposed method is also computationally efficient.

D. Discussions

From the experimental results, we can see that the pro-
posed method can obtain promising performance in visual

TABLE III
SRCC COMPARISON FOR DIFFERENT METHODS

quality prediction. The performance improvement is mainly
from two aspects. First, the performance of LBP for IQA
is improved by Prewitt operator prior to feature extraction.
As LBP describes the circular binary first-order derivatives
at a microlevel, Prewitt operator is used to enhance the gra-
dient information accordingly. Second, since human visual
cortex is sensitive to contrast change and the gradient magni-
tude measures the contrast information at each location, it is
important to emphasize edge information for the integration
from local feature to global one. The gradient-weighted GLBP
histogram which combines the contrast and structural infor-
mation can provide better representation for IQA tasks. Here,
we examine these two above aspects through experimental
comparison.

In Table III, the first row “LBP + FH” refers to the feature
extraction method that applies the LBP in the original gray-
scale image, and uses the corresponding FH as the image global
feature. The second row “GLBP + FH” refers to the method that
applies the LBP in the gradient image, and uses the correspond-
ing FH as the image global feature. From Table III, we observed
that both GLBP and gradient-weighting strategy improve the
performance in quality prediction.

IV. CONCLUSION

In this study, we have proposed an NR-IQA model named
GWH-GLBP to estimate the visual quality of multiply-
distorted images based on structural degradation. Specifically,
a novel effective structural feature, the GWH-GLBP, is used to
characterize image structural information for visual quality esti-
mation. The proposed GWH-GLBP has been compared com-
prehensively with fourteen representative FR-IQA methods and
ten prominent NR-IQA methods on two public multidistortion
databases. Experimental results demonstrate the outstanding
performance in terms of both prediction accuracy and compu-
tational efficiency, making GWH-GLBP a good candidate to be
used in practical applications.
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