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Abstract—Distortions cause structural changes in digital im-
ages, leading to degraded visual quality. Dictionary based sparse
representation has been widely studied recently due to its ability
to capture the underlying structures of images. Meantime, it can
extract higher level features for image analysis. Intuitively, sparse
representation can be used for image quality assessment because
visible distortions can cause significant changes to the sparse
features. This paper presents a sparse representation based image
quality metric with adaptive sub-dictionaries. An overcomplete
dictionary trained from natural images is employed to capture the
structure changes between the reference and distorted images by
sparse feature extraction via adaptive sub-dictionary selection.
With the consideration that sparse features are insensitive to
weak distortions and image quality is determined by various
factors, gradient, color and luminance are integrated as auxiliary
features. The proposed method is not sensitive to training images,
so a universal dictionary can be adopted for quality evaluation.
Extensive experiments on five public image quality databases
demonstrate that the proposed method produces the state-of-the-
art results and it performs consistently well across databases.

Index Terms—Image quality assessment, sparse representation,
dictionary learning, adaptive sub-dictionary.

I. INTRODUCTION

IMAGES are easily subject to distortions during their acqui-
sition and processing. Image quality assessment (IQA) can

be used to benchmark image processing algorithms and judge
how an image is degraded [1]. IQA is a fundamental issue in
many image processing problems, such as image/video coding
[2], image restoration and image forensics [3], [4], [5]. Modern
IQA aims to build computational models for measuring image
quality, and meantime keep consistent with human perception.
While nowadays great efforts have been made to the quality
assessment of new multimedia signals, such as High Dynamic
Range (HDR) images [6], Ultra High Definition (UHD) [7]
and 3D [8] videos, traditional IQA is still a problem far from
being solved.
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The current IQA models can be classified into full-reference
(FR), reduced-reference (RR) and no-reference (NR) metrics
[9]. FR metrics evaluate the quality of a distorted image with
the full information of an undistorted reference image. RR
metrics employ partial information of a reference image to
achieve quality assessment [10]-[11]. Different from FR and
RR metrics, NR metrics evaluate the quality only using the
distorted image. NR-IQA metrics can be further classified into
distortion-specific and general-purpose metrics. Distortion-
specific metrics evaluate the quality of a single distortion,
typically blocking artifacts [12]-[13], blur [14]-[15] and ring
artifacts [16]. By contrast, general-purpose metrics evaluate
the overall quality of an image without knowing the distortion
types [17]. In this paper, we focus on FR-IQA.

Mean squared error (MSE) and peak-signal-to-noise ratio
(PSNR) are the most commonly used FR-IQA metrics. They
compute pixel-to-pixel differences between the reference and
distorted images. While having clear physical meaning, they
have also been criticized for not correlating well with human
perception [18]. This is easy to understand, because distor-
tions in different regions of an image have varying impacts
on the visual quality, but MSE/PSNR treats them equally.
Furthermore, human eyes are only sensitive to suprathreshold
distortions, but MSE/PSNR changes even an image is subject
to the slightest and invisible changes. Therefore, it is neces-
sary to develop IQA models that can predict image quality
consistently with human perception.

Recent years have witnessed remarkable advances in FR-
IQA. Wang et al. [19] addressed the milestone work structural
similarity (SSIM), which was based on the assumption that the
perception of image quality was mainly determined by struc-
tural degradations. In SSIM, structure, luminance and contrast
changes were quantified and combined to generate an overall
quality score. A multi-scale version, i.e., MS-SSIM, was later
developed to account for the influence of varying viewing
conditions on the perceived quality [20]. In [21], Wang
et al. improved SSIM by incorporating information-content-
based weighting, producing the IW-SSIM metric. Sheikh et
al. [22] measured image quality with an information fidelity
criterion (IFC) based on natural scene statistics. The fidelity
criterion was obtained by measuring the mutual information
shared between the reference and distorted images. Later,
IFC was improved to the visual information fidelity (VIF)
metric with enhanced performance [23]. In [24], Larson and
Chandler claimed that the human visual system (HVS) adopted
different strategies in viewing low-quality and high-quality
images. These two strategies were modeled separately and
then combined to produce the most apparent distortion (MAD)
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model. Zhang et al. [25] employed phase congruency to
represent image local structures and proposed the feature
similarity (FSIM) model. Liu et al. [26] employed gradient
similarity (GSM) to represent structure and contrast changes
simultaneously. Luminance change was then integrated to
produce the overall quality score. Xue et al. [27] proposed
the gradient magnitude similarity deviation (GMSD) model,
where the standard deviation of gradient magnitude similarity
map was computed as the quality score. More recently, Zhang
et al. [28] proposed a visual saliency based index (VSI) for FR-
IQA, where visual saliency maps were employed to measure
the distortions.

Most of the current IQA models are based on low-level
features. However, the HVS tends to extract high-level features
for image understanding [29]. From this perspective, low-level
features may not be sufficient for IQA, and high-level features
can benefit more advanced IQA. Recently, dictionary based
sparse representation has been shown effective in capturing
image underlying structures. It has been used in recognition
and restoration problems with promising results [30]-[32].
Dictionaries learned from natural images consist of basis
vectors that behave similarly to the simple cells in mammalian
primary visual cortex [33], [34], which is believed to be
able to extract higher-level features. As a result, dictionary
based sparse representation can be explored for perceptual
IQA. Recently, attempts have been done towards this direc-
tion, among which are two representatives [35] and [36]. In
[35], Chang et al. employed independent component analysis
(ICA) to train a feature detector. Image structures were then
represented using the feature detector. Finally, the detector
outputs were compared to produce the sparse feature fidelity
(SFF) metric. In Guha’s work [36], [37], a dictionary was first
trained using the reference image. Then the dictionary was
used to decompose both the reference and distorted images.
The quality score was generated by computing the similarity
between the sparse coefficients. While these models have
brought new perspectives on how to use sparse representation
for IQA, some important problems remain to be solved. In SFF
[35], an undercomplete dictionary of size 8 × 192 is used to
compute the sparse features. Such a small dictionary may not
be able to effectively represent the diversified image contents
in practice. By contrast, overcomplete dictionaries are used
in [36], [37], which are more effective for feature extraction.
However, the basis vectors used for representing the reference-
distorted image block pair are determined using the orthogonal
matching pursuit (OMP) algorithm [38]. This indicates that
very likely different basis vectors are used to represent the
reference and distorted image blocks. Therefore, the obtained
sparse coefficients are not fairly comparable, leading to in-
accurate representation of image distortions. Furthermore, for
each reference image, a separate dictionary should be trained,
so the computational cost is very high.

In this paper, we propose a sparse representation based
image Quality index with an Adaptive Sub-Dictionary se-
lection strategy (QASD). An overcomplete dictionary is first
learned using natural images. A reference image block is
represented using this dictionary. Then the used basis vectors
are collected to construct an adaptive sub-dictionary, and the

corresponding distorted image block is represented using all
the basis vectors in this sub-dictionary. By doing so, the
same basis vectors are used to represent the reference-distorted
block pair, so the distortions can be correctly captured. With
the sparse coefficients, two feature maps are generated for the
reference and distorted images, respectively. A local quality
map is then generated by computing the similarity of the
feature maps. With the consideration that sparse features are
insensitive to weak distortions and image quality is affected by
various factors, gradient, color and luminance are integrated
as auxiliary features for more effective IQA. Since the feature
maps also characterize the visual importance of local regions,
they are further employed to generate a weighting map, based
on which the features are pooled to generate an overall quality
score. The proposed method has the advantage that it is not
sensitive to training images, so a universal dictionary can be
used to evaluate the quality of common images.

The proposed QASD model differs from the aforementioned
two representative sparse representation based FR-IQA metrics
[35] and [36] in that: (1) A universal overcomplete dictionary
is employed for sparse feature extraction, which is more
effective and efficient. (2) An adaptive sub-dictionary selection
method is proposed to ensure that the same basis vectors are
used to represent the reference-distorted image block pairs,
so that image distortions can be correctly captured. (3) Unlike
metrics [35] and [36] that compare the coefficients directly, the
proposed method employs the sparse coefficients to construct
two feature maps for quality evaluation. The performance
of the proposed method is verified on five public image
quality databases. Experimental results demonstrate that the
proposed method produces the state-of-the-art performance
and it performs consistently well across databases.

II. DICTIONARY BASED SPARSE REPRESENTATION

Sparse representation is to approximate a signal with a small
number of basis vectors in a dictionary. With an overcomplete
dictionary D ∈ Rn×K (n < K), which consists of K n-
dimension basis vectors {di}Ki=1, a given signal y can be
represented as a linear combination of the basis vectors:

y = Dx =
K∑
i=1

xidi, s.t. ∥y − Dx∥2 ≤ ϵ, (1)

where x ∈ RK denotes the representation vector, and ∥ · ∥2 is
the ℓ2 norm.

For sparse representation of a signal, we always expect
to approximate it using as few basis vectors as possible.
Therefore, sparse representation can be converted into the
following optimization problem:

min
x

∥x∥0, s.t. ∥y −Dx∥2 ≤ ϵ, (2)

where ∥ · ∥0 denotes the ℓ0 norm, which counts the number of
nonzero elements in a vector.

To obtain the sparse coefficients, i.e., the representation
vectors, pursuit algorithms are usually employed [39]. Pursuit
algorithms can select the optimal basis vectors to approximate
a signal with a preset threshold of approximation error, while



1057-7149 (c) 2016 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TIP.2016.2577891, IEEE
Transactions on Image Processing

3

satisfying a sparsity constraint. In this paper, the OMP algo-
rithm [38] is employed.

Overcomplete dictionaries are commonly used for sparse
representation. Generally, a large number of natural image
patches are used to train this kind of dictionaries. The process
of dictionary learning is to find an optimal set of basis
vectors that can produce the best approximation of each input
signal. Given a total number of Np randomly selected natural
image patches {yi}

Np

i=1, the dictionary can be formulated by
iteratively updating an initial dictionary and the representation
vector as follows [31]:

D =argmin
D,x

∥y −Dx∥22 + λ∥x∥1,

s.t. ∥Di∥22 ≤ 1, i = 1, 2, · · · ,K,
(3)

where ∥ · ∥1 denotes the ℓ1 norm, the parameter λ is used to
balance the sparsity and fidelity of the approximation to the
input signal y. Several effective dictionary learning algorithms
have been proposed in the literatures [39]-[41]. In this paper,
we employ Lee’s algorithm [40] to train the dictionary. More
details on dictionary learning can be found in [40].

III. PROPOSED QASD MODEL

The flowchart of the proposed QASD model is illustrated in
Fig. 1. QASD consists of two components, namely sparse fea-
ture similarity and auxiliary feature similarity. Sparse feature
similarity is the main component of QASD, where higher-level
features are extracted for measuring the structure distortions
in images. Auxiliary features are used to compensate for the
insensitiveness of sparse features to weak distortions, and also
to account for for the impacts of other factors in IQA, such
as contrast, color and luminance.

A. Adaptive Sub-Dictionary Selection

In the proposed method, a universal overcomplete dictionary
is employed to represent the reference and distorted images
block-wisely, based on which the similarity between them
can be computed. For fair comparison, the reference-distorted
image block pair should be represented using the same basis
vectors. However, in OMP-based sparse representation, the
basis vectors are automatically selected to produce the minimal
approximation error. This indicates that if the overcomplete
dictionary is directly used to represent both the reference and
distorted image blocks, different basis vectors will be used. In
this case, the produced coefficients are not fair for comparison,
so image distortions cannot be correctly captured.

In order to ensure that the same basis vectors are used to
represent each reference-distorted block pair, an adaptive sub-
dictionary selection method is proposed, which is illustrated
in Fig. 2. For a reference image block yr

ij , where i, j denote
the row and column indices of the block, it is represented
using the overcomplete dictionary D with the OMP algorithm,
producing the representation vector xr

ij and the corresponding
basis vectors {dk}Lk=1, where L is the sparsity. Then all the
L basis vectors are used to constitute an undercomplete sub-
dictionary Ωij . The corresponding distorted image block yd

ij is
then represented using all the basis vectors in Ωij , producing

Fig. 2. Adaptive sub-dictionary selection. In this example, the reference
signal yr

ij is represented as the linear combination of six basis vectors in
the overcomplete dictionary D. An undercomplete sub-dictionary Ωij is
constructed using the six basis vectors. The distorted signal yd

ij is represented
as the linear combination of all the six basis vectors in Ωij .

the representation vector xd
ij . By doing so, the reference-

distorted block pairs are represented using the same basis
vectors, so the difference between the representation vectors
xr
ij and xd

ij can correctly capture the distortions. It should be
noted that the sub-dictionary Ωij is adaptive to the reference
image block yr

ij . This means that for different reference
image blocks, different sub-dictionaries will be generated for
representing the corresponding distorted image blocks.

B. Sparse Feature Similarity

In the proposed method, sparse feature similarity is the
primary component. It is used to extract slightly high-level
features for measuring image distortions, which we believe is
important for IQA.

In this paper, an image is represented by sparse representa-
tion block-wisely. Given a reference image F1 and a distorted
image F2, both of size M ×N , they are first partitioned into
nonoverlapping blocks of size R × R. The blocks of the ref-
erence and distorted images are denoted by {yr

ij} and {yd
ij},

respectively, where i = 1, 2, · · · , ⌊M
R ⌋, j = 1, 2, · · · , ⌊N

R ⌋, ⌊·⌋
is the floor operation. For a reference image block yr

ij , it is
represented using the overcomplete dictionary D:

yrij = Dxr
ij , s.t. ∥yrij − Dxrij∥2 ≤ ϵ, (4)

where xrij is the representation vector with sparsity (nonzero
elements) of L. Then the L basis vectors used in the represen-
tation of yrij are employed to constitute a sub-dictionary, which
is denoted by Ωij , i = 1, 2, · · · , ⌊M

R ⌋, j = 1, 2, · · · , ⌊N
R ⌋.

Then the corresponding distorted image block ydij is repre-
sented using the sub-dictionary Ωij as follows:

ydij = Ωijxdij , s.t. ∥ydij −Ωijxdij∥2 ≤ ϵ. (5)

It should be noted that in Eq. (5), the sparsity is set to L,
namely all the basis vectors in Ωij are used to represent the
distorted block ydij , producing the representation vector xd

ij . As
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Fig. 1. Flowchart of the proposed QASD model.

aforementioned, the objective is to ensure that the reference
and corresponding distorted blocks are represented using the
same basis vectors, so that the produced sparse features are fair
for comparison. This is crucial to the success of the proposed
method.

With the representation vectors (sparse coefficients) of the
reference and distorted image blocks, i.e., {xrij} and {xdij}, i =
1, 2, · · · , ⌊M

R ⌋, j = 1, 2, · · · , ⌊N
R ⌋, we propose to construct

two feature maps. Then the similarity between the feature
maps are used to capture the structure distortions. In this paper,
the feature maps are generated by computing the root inner
product of the representation vectors:

FMr(i, j) =
√
⟨xr

ij , xrij⟩, (6)

FMd(i, j) =
√
⟨xdij , xdij⟩, (7)

where FMr and FMd denote the feature maps for the refer-
ence and distorted images, respectively, and ⟨ · ⟩ denotes inner
product. Note that the size of the feature maps is ⌊M

R ⌋×⌊N
R ⌋.

We then resize the feature maps to the same size with the
original image before further processing.

Fig. 3 shows a reference image and its three distorted
versions in the TID2013 database [46], together with their
feature maps. The three distortions are Gaussian blur, JPEG
compression and sparse sampling with reconstruction, respec-
tively. It is observed from the figure that the feature maps are
sensitive to distortions. Different distortions produce different
feature maps, which can be clearly seen from the marked
regions in the feature maps. This indicates that the feature

maps can be used to measure the distortions in an image,
based on which image quality can be evaluated.

In this paper, the feature maps of the reference and distorted
images are compared to produce the sparse feature similarity.
With two feature maps FMr and FMd, the feature similarity
is computed as follows:

SFM(i, j) =
2FMr(i, j)FMd(i, j) + c1

[FMr(i, j)]2 + [FMd(i, j)]2 + c1
, (8)

where i = 1, 2, · · · ,M , j = 1, 2, · · · , N , c1 is a constant used
to ensure numerical stability. The similarity of the feature maps
is computed pixel-wisely, so SFM serves as a local quality
map, which is indicative of local distortions in the image.

C. Auxiliary Feature Similarity

The sparse features extracted based on a learned overcom-
plete dictionary can capture the underlying structures in im-
ages and provide slightly higher-level clues for image analysis
[40]. This also indicates that these sparse features are mainly
affected by moderate and heavy distortions in images. In other
words, they are not sensitive to weak distortions in images.
In addition, image quality is affected by various factors,
such as contrast, color and luminance. Therefore, a sparse
feature alone may not work well. With these considerations,
three auxiliary features are integrated for more effective IQA,
including gradient, color and luminance.

Gradient is employed as the first auxiliary feature. It can
capture the structure changes caused by weak distortions,
so gradient acts as a complementary feature for measuring
structure distortions. Furthermore, it can also capture contrast
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Fig. 3. Images and feature maps. (a) Reference image; (b) Gaussian blurred image; (c) JPEG compressed image; (d) Sparse sampling and reconstruction;
(e)-(h) are corresponding feature maps of (a)-(d).

change in images [25]. In this paper, gradient is computed
in the Y component of YCbCr color space [42], a color
model widely used in image processing, where Y denotes the
intensity, and Cb and Cr denote the color. With this model,
color distortion can be simultaneously computed using Cb and
Cr channels, which is the second auxiliary feature.

For a reference image and the corresponding distorted
version, their Y, Cb, Cr components are denoted by Yr, Cbr,
Crr and Yd, Cbd, Crd, respectively. The gradients of Yr

and Yd are first computed using the Scharr operator [25],
which are denoted by Gr and Gd, respectively. Then the local
gradient similarity between the reference and distorted images
is computed as:

SG(i, j) =
2Gr(i, j)Gd(i, j) + c2

[Gr(i, j)]
2
+ [Gd(i, j)]

2
+ c2

. (9)

Similarly, local color similarity is computed as:

SC(i, j) =
2Cbr(i, j)Cbd(i, j) + c3

[Cbr(i, j)]
2
+
[
Cbd(i, j)

]2
+ c3

· 2Crr(i, j)Crd(i, j) + c3

[Crr(i, j)]
2
+
[
Crd(i, j)

]2
+ c3

.

(10)

In Eqs. (9) and (10), i = 1, 2, · · · ,M , j = 1, 2, · · · , N , and
c2 and c3 are constants used to avoid numerical instability.

Luminance is the final auxiliary feature in the proposed
model. In this paper, luminance similarity is similar to the
SFF model [35]. First, the block pairs that have large mean
differences are selected and denoted by Br and Bd. Then the
luminance similarity is computed as the correlation between
the selected mean-value pairs. The mean values of the se-
lected block pairs are first calculated, which are denoted by
mr = {mr

i }Ti=1 and md = {md
i }Ti=1, T is the number of

selected block pairs. Then the luminance similarity score is
defined as [35]:

QL =

∑T
i=1 (m

r
i − µ(mr)) · (md

i − µ(md)) + c4√∑T
i=1 (m

r
i − µ(mr))2 ·

∑T
i=1

(
md

i − µ(md)
)2

+ c4

,

(11)
where µ(·) is the mean operation, and c4 is a constant.

D. Sparse Feature-Based Weighting

It has been widely accepted that in the perception of image
quality, different regions have different contributions [21].
Specifically, distortions in textured regions have more impact
on the perceptual quality than those in smooth regions. In order
to obtain an overall quality score, the local quality map is
usually pooled using a weighting map, which is used to adapt
to the characteristics of the HVS. It is observed from Fig. 3
that the feature map also indicates the local visual importance,
where textured regions are assigned bigger values than smooth
regions. As a result, we propose to generate the weighting map
using the feature maps as follows:

W(i, j) = max
(
FMr(i, j),FMd(i, j)

)
, (12)

where W is the proposed weighting map, which has the same
size with the feature maps. Examples of the weighting maps
are shown in Fig. 4. It can be seen from the figure that bigger
weights are assigned to the textured regions, which are more
important in the perception of image quality.

With the sparse feature-based weighting map W, the local
quality map SFM, local gradient similarity map SG and local
color similarity map SC are weighted, producing three overall
quality scores:

QFM =

∑M
i=1

∑N
j=1 SFM(i, j) · W(i, j)∑M
i=1

∑N
j=1 W(i, j)

, (13)

QG =

∑M
x=1

∑N
y=1 SG(i, j) · W(i, j)∑M

x=1

∑N
y=1 W(i, j)

, (14)
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Fig. 4. Sparse feature-based weighting maps. (a) Original images; (b)
Distorted images (top: Gaussian blur, bottom: JPEG); (c) Weighting maps.

TABLE I
DATABASES FOR PERFORMANCE EVALUATION.

Database
Reference

images

Distorted

images

Distortion

types
Subjects

Subjective

score

IVC 10 185 4 15 MOS

LIVE 29 779 5 161 DMOS

CSIQ 30 866 6 35 DMOS

TID2008 25 1700 17 838 MOS

TID2013 25 3000 24 971 MOS

QC =

∑M
x=1

∑N
y=1 SC(i, j) · W(i, j)∑M

x=1

∑N
y=1 W(i, j)

. (15)

So far, we have obtained the sparse feature similarity score
QFM, gradient similarity score QG, color similarity score
QC and luminance similarity score QL. The final step is to
combine them to generate an overall quality score. In this
paper, the final quality score is calculated as:

Q = QFM · (QG)
α · (QC)

β · (QL)
γ , (16)

where α, β, γ ∈ [0, 1], are used to adjust the relative impor-
tance of gradient, color and luminance.

IV. EXPERIMENTAL RESULTS

A. Experimental Settings

We evaluate the performance of the proposed method on
five popular image quality databases, namely IVC [43], LIVE
[19], [44], CSIQ [24], TID2008 [45] and TID2013 [46].
The characteristics of these databases are listed in Table I,
including the numbers of reference images, distorted images,
distortion types, etc. In the table, MOS denotes the mean
opinion score, and DMOS denotes the difference mean opinion
score. A total of 6530 images with different distortion types
are tested in our experiments.

The proposed QASD model is compared with eleven FR-
IQA metrics, including PSNR, SSIM [19], MS-SSIM [20], IW-
SSIM [21], VIF [23], MAD [24], FSIM [25], GSM [26], SFF
[35], GMSD [27] and VSI [28]. Three commonly used criteria

Fig. 5. Training images and the overcomplete dictionary.

are employed to evaluate the performances of these metrics,
i.e., Pearson linear correlation coefficient (PLCC), Spearman
rank order correlation coefficient (SRCC) and root mean
squared error (RMSE) [21]. SRCC is calculated according
to the rank of the scores, and it is used to evaluate the
prediction monotonicity. PLCC and RMSE are used to evaluate
the prediction accuracy. To compute PLCC and RMSE, a
logistic mapping is first conducted between the subjective
and predicted scores. In this paper, a five-parameter logistic
function is used [47]:

f(x) = τ1

(
1

2
− 1

1 + eτ2(x−τ3)

)
+ τ4x+ τ5, (17)

where τi, i = 1, 2, · · · , 5, are the parameters to be fitted.
In implementation, the images are divided into 8×8 blocks

(R = 8) for sparse representation. A group of ten natural
images are used to train the overcomplete dictionary of size
64×256. Specifically, 10000 randomly selected 8×8 patches
are adopted to train the dictionary using Lee’s dictionary
learning method [40]. Fig. 5 shows the training images and
the visualized overcomplete dictionary. In experiments, the
sparsity L is set to 2. The parameters α, β, γ in Eq. (16)
are determined based on LIVE database. Specifically, these
parameters are first tuned by maximizing the SRCC and
PLCC values in LIVE database. Then they are used in the
performance evaluation of the other four databases, namely
IVC, CSIQ, TID2008 and TID2013. In this paper, we set
α = 0.25, β = 0.03, γ = 0.65, which can achieve consistently
good performances across all databases.

B. Performance Evaluation

In this subsection, the performances of QASD and the
eleven compared metrics are evaluated in terms of PLCC, SR-
CC and RMSE. The experimental results on the five databases
are summarized in Table II. For each performance criterion and
database, the three best results are marked in boldface.
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TABLE II
SUMMARY OF EXPERIMENTAL RESULTS OF QASD AND COMPARED FR-IQA METRICS.

Database Criterion PSNR SSIM MS-SSIM VIF IW-SSIM MAD FSIM GSM SFF GMSD VSI QASD

IVC

PLCC 0.7196 0.9119 0.9108 0.9028 0.9231 0.9210 0.9378 0.9390 0.9324 0.8926 0.9120 0.9438

SRCC 0.6884 0.9018 0.8980 0.8964 0.9125 0.9146 0.9262 0.9291 0.9252 0.9146 0.8993 0.9334

RMSE 0.8460 0.4999 0.5029 0.5239 0.4686 0.4746 0.4228 0.4190 0.4404 0.5494 0.4999 0.4026

LIVE

PLCC 0.8682 0.9212 0.9489 0.9604 0.9522 0.9675 0.9597 0.9512 0.9632 0.9595 0.9482 0.9602

SRCC 0.8730 0.9226 0.9513 0.9636 0.9567 0.9669 0.9634 0.9561 0.9649 0.9603 0.9524 0.9646

RMSE 13.5582 10.6320 8.6184 7.6137 8.3472 6.9073 7.6742 8.4326 7.3460 7.6937 8.6816 7.6334

CSIQ

PLCC 0.8276 0.8579 0.8991 0.9277 0.9144 0.9500 0.9118 0.8964 0.9643 0.9541 0.9279 0.9466

SRCC 0.8389 0.8719 0.9133 0.9195 0.9213 0.9466 0.9240 0.9108 0.9627 0.9570 0.9423 0.9516

RMSE 0.1474 0.1349 0.1149 0.0980 0.1063 0.0820 0.1078 0.1164 0.0695 0.0786 0.0979 0.0846

TID2008

PLCC 0.5309 0.6803 0.8451 0.8084 0.8579 0.8306 0.8738 0.8422 0.8817 0.8788 0.8762 0.8877

SRCC 0.5245 0.6779 0.8542 0.7491 0.8559 0.8340 0.8804 0.8504 0.8767 0.8907 0.8979 0.8899

RMSE 1.1372 0.9836 0.7173 0.7899 0.6895 0.7473 0.6527 0.7235 0.6333 0.6404 0.6466 0.6178

TID2013

PLCC 0.6729 0.7895 0.8329 0.7720 0.8319 0.8267 0.8589 0.8463 0.8706 0.8553 0.9000 0.8894

SRCC 0.6873 0.7417 0.7859 0.6677 0.7779 0.8083 0.8022 0.7946 0.8513 0.8044 0.8965 0.8657

RMSE 0.9437 0.7608 0.6861 0.7880 0.6880 0.6976 0.6349 0.6603 0.6099 0.6423 0.5405 0.5667

It is clear in Table II that the proposed QASD performs
consistently well in the five databases. In IVC, QASD out-
performs all the other metrics in terms of both prediction
accuracy and monotonicity. In TID2008 and TID2013, which
are the two largest databases, QASD outperforms most of
the state-of-the-art metrics. Specifically, in TID2008, QASD
produces the best prediction accuracy, while the prediction
monotonicity is only slightly worse than GMSD and VSI.
In TID2013, the performance of QASD is only worse than
VSI, and it outperforms the other ten metrics. In LIVE and
CSIQ, although not the best, QASD performs only slightly
worse than the best metrics. Based on these results, we can
draw the conclusion that QASD produces the state-of-the-art
performances, which are consistently well across databases.

C. Statistical Significance Analysis

We further evaluate the statistical significance of the pro-
posed model using F-test [44], which is based on the prediction
residuals between the mapped objective scores (after the
logistical mapping) and the subjective scores. Let the variances
of prediction residuals of two metrics A and B be denoted by
σ2
A and σ2

B, then the F score is defined as:

F = σ2
A/σ

2
B. (18)

The statistical significance can be obtained by comparing F
with a threshold Fcritical, which is determined by the number
of prediction residuals and a confidence level. If F > Fcritical

(or F < 1/Fcritical), metric A has significantly bigger (or
smaller) prediction residuals than metric B, which indicates
that metric B performs significantly better (or worse) than
metric A. Otherwise, their performances are comparable. Table
III lists the statistical significance between QASD and eleven
compared metrics, where “+1”, “0” and “-1” mean that QASD
performs statistically better, comparable and worse than the

TABLE III
SUMMARY OF STATISTICAL PERFORMANCES BETWEEN QASD AND THE

COMPARED METRICS ON FIVE DATABASES.

Metric IVC LIVE CSIQ TID2008 TID2013

PSNR +1 +1 +1 +1 +1

SSIM +1 +1 +1 +1 +1

MS-SSIM +1 +1 +1 +1 +1

VIF +1 0 +1 +1 +1

IW-SSIM +1 +1 +1 +1 +1

MAD +1 -1 0 +1 +1

FSIM 0 0 +1 +1 +1

GSM 0 +1 +1 +1 +1

SFF 0 0 -1 0 +1

GMSD +1 0 -1 0 +1

VSI +1 +1 +1 +1 -1

corresponding metric in comparison (with 95% confidence),
respectively.

In Table III, it is clear that our method is superior to
the existing metrics in most cases. Among the 55 cases
(combinations of metrics and databases), our metric performs
significantly better for 41 times, comparable for 10 times and
worse for only 4 times. To be specific, in IVC database,
only FSIM, GSM and SFF are comparable to our method,
and QASD outperforms all other metrics. In LIVE, only
MAD performs better, and our method performs better or
comparatively than the remaining ten metrics. In CSIQ, our
method performs better than 8 metrics, and only SFF and
GMSD outperform ours. In TID2008, only SFF and GMSD
are comparable to our method, and QASD is superior to the



1057-7149 (c) 2016 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TIP.2016.2577891, IEEE
Transactions on Image Processing

8

Fig. 7. Distortions represented by different shapes and colors in Fig. 6.

other 9 metrics. In TID2013, our method performs better than
10 metrics except for VSI. Although VSI performs better
in TID2013, our method outperforms VSI in the other four
databases. This indicates that the proposed method performs
consistently well across all databases, which is desired in real-
world applications.

Fig.6 shows the scatter plots of the subjective scores against
the objective scores predicted using different quality metrics
in the largest TID2013 database, where the distortion types
represented by different shapes and colors are shown in Fig. 7.
A good metric is expected to produce scatter plots with better
convergence and monotonicity. Convergence means that the
sample points are close to the fitted curve, while monotonicity
means that the objective scores should increase (or decrease)
with the decrease (or increase) of the corresponding subjective
scores. It is intuitively observed from Fig. 6 that SFF, VSI
and the proposed QASD exhibit slightly better convergence
and monotonicity than the other metrics. Following them
are IW SSIM, MAD, FSIM and GSM. By comparison, the
two earlier metrics SSIM and VIF do not produce very
satisfactory fitting results, because neither the convergence nor
the monotonicity is sufficiently good. From the fitting result
of QASD, it is known that the convergence for the moderate
and high-quality images (corresponding to high MOS values)
are better than that of low-quality images, which also holds
for most of the compared metrics. This indicates that most of
the IQA metrics are more effective in evaluating high-quality
images than low-quality images.

D. Performance on Individual Distortions

In order to know how the proposed method performs on
different distortion types, we conduct the same experiments
on individual distortions. Table IV summarizes the SRCC
results of the twelve quality models on IVC, LIVE and CSIQ
databases. In the table, the metrics that produce the best three
results for each distortion are marked in boldface.

It is observed from the table that none of the metrics can
achieve the best performance for all distortion types. In each
database, QASD always has several cases that are among the
the top three metrics. This indicates that QASD not only
produces very good overall performance, but also performs
well on individual distortion types.

(a) Training image set 2

(b) Training image set 3

(c) Dictionary 2 (Dict. 2) (d) Dictionary 3 (Dict. 3)

Fig. 8. Other two training image sets and the corresponding dictionaries.

E. Impact of Training Images

Dictionary is fundamental to the proposed method, which
is trained using natural images. Therefore, it is meaningful to
investigate the impact of training images on the performance
of the proposed metric. To this end, we train other two
dictionaries using different images, and then use the new
dictionaries to test the performance of the proposed method.
Fig. 8 shows the two sets of training images, together with the
dictionaries. Table V lists the results of PLCC and SRCC on
the five databases. Note that in the table, Dict. 1 denotes the
dictionary trained using the images in Fig. 5.

TABLE V
PERFORMANCES OF QASD WITH DIFFERENT DICTIONARIES.

Dictionary IVC LIVE CSIQ TID2008 TID2013

PLCC

Dict. 1 0.9438 0.9602 0.9466 0.8877 0.8894

Dict. 2 0.9419 0.9599 0.9469 0.8878 0.8893

Dict. 3 0.9443 0.9599 0.9464 0.8874 0.8894

SRCC

Dict. 1 0.9334 0.9646 0.9516 0.8899 0.8657

Dict. 2 0.9317 0.9645 0.9520 0.8899 0.8656

Dict. 3 0.9334 0.9644 0.9513 0.8895 0.8658

From Table V, it is observed that the three dictionaries
produce very similar results. This indicates that the proposed
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(i) Proposed QASD

Fig. 6. Scatter plots of subjective scores against predicted scores by different metrics on the TID2013 database. The red lines are fitted with the logistic
function and the black dash lines are 95% confidence intervals.

TABLE IV
SRCC COMPARISON OF 12 IQA MODELS IN INDIVIDUAL DISTORTION TYPES.

Database Distortion PSNR SSIM MS-SSIM VIF IW-SSIM MAD FSIM GSM SFF GMSD VSI QASD

IVC

JP2K 0.8500 0.9297 0.9267 0.9356 0.9495 0.9403 0.9402 0.9356 0.9381 0.9370 0.9131 0.9370

JPEG 0.6483 0.8617 0.8630 0.8923 0.8951 0.9228 0.9255 0.9285 0.9113 0.9007 0.8832 0.9319

GB 0.8051 0.9315 0.9458 0.9729 0.9624 0.9639 0.9669 0.9436 0.9759 0.9496 0.9526 0.9684

LAR 0.6807 0.8924 0.8643 0.8878 0.9030 0.9174 0.8789 0.8854 0.8782 0.8974 0.8536 0.9202

LIVE

JP2K 0.8885 0.9506 0.9627 0.9696 0.9649 0.9676 0.9714 0.9700 0.9672 0.9711 0.9604 0.9705

JPEG 0.9012 0.9696 0.9815 0.9846 0.9808 0.9764 0.9834 0.9778 0.9786 0.9782 0.9761 0.9825

AWGN 0.9857 0.9641 0.9733 0.9858 0.9667 0.9844 0.9652 0.9774 0.9859 0.9737 0.9835 0.9820

GB 0.7825 0.9248 0.9542 0.9728 0.9719 0.9484 0.9706 0.9518 0.9752 0.9567 0.9527 0.9672

FF 0.8874 0.9399 0.9471 0.9650 0.9442 0.9569 0.9499 0.9402 0.9529 0.9416 0.9430 0.9528

CSIQ

AWGN 0.9345 0.9137 0.9471 0.9575 0.9380 0.9541 0.9258 0.9440 0.9467 0.9676 0.9636 0.9554

JPEG 0.9009 0.9582 0.9634 0.9705 0.9662 0.9615 0.9658 0.9632 0.9641 0.9653 0.9618 0.9696

JP2K 0.9309 0.9618 0.9684 0.9672 0.9683 0.9752 0.9684 0.9648 0.9763 0.9718 0.9694 0.9777

AGPN 0.9315 0.9119 0.9331 0.9511 0.9059 0.9570 0.9231 0.9387 0.9550 0.9503 0.9638 0.9555

GB 0.9358 0.9605 0.9712 0.9745 0.9779 0.9682 0.9722 0.9589 0.9751 0.9713 0.9679 0.9760

GCD 0.8862 0.7985 0.9526 0.9345 0.9539 0.9207 0.9421 0.9354 0.9536 0.9039 0.9504 0.9561
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method is not sensitive to training images during dictionary
learning. Therefore, a universal dictionary can be used to
predict the quality of common images. This is helpful for
practical applications.

F. Impact of Sparsities

In dictionary based sparse representation, sparsity refers to
the number of basis vectors used to represent a given signal.
Specifically in this paper, sparsity is the number of nonzero
elements (L) in xr

ij of Eq. (4), which is also the number
of basis vectors in a sub-dictionary. In this subsection, we
test the performances of the proposed method using different
sparsities. Table VI lists the experimental results.

TABLE VI
IMPACT OF SPARSITIES ON THE PERFORMANCES OF QASD.

Sparsity IVC LIVE CSIQ TID2008 TID2013

PLCC

1 0.9378 0.9543 0.9405 0.8658 0.8841

2 0.9438 0.9602 0.9466 0.8877 0.8894

3 0.9440 0.9600 0.9468 0.8887 0.8898

4 0.9440 0.9599 0.9467 0.8890 0.8899

5 0.9441 0.9601 0.9465 0.8893 0.8901

6 0.9435 0.9601 0.9466 0.8895 0.8901

SRCC

1 0.9270 0.9570 0.9461 0.8764 0.8647

2 0.9334 0.9646 0.9516 0.8899 0.8657

3 0.9336 0.9645 0.9519 0.8903 0.8658

4 0.9334 0.9645 0.9520 0.8905 0.8658

5 0.9331 0.9647 0.9520 0.8908 0.8659

6 0.9332 0.9647 0.9521 0.8909 0.8660

It is known from the table that the overall performance of
QASD improves gradually with the increase of sparsity. When
the sparsity is higher than two, the performance improves
very slightly. With the consideration that a large sparsity will
incur high computational cost, we set the sparsity to two
in this work, which can achieve a good trade-off between
computational time and metric performance.
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VI. CONCLUSIONS

In this paper, we have presented a novel full-reference image
quality metric based on sparse representation. A universal
overcomplete dictionary has been utilized to extract sparse
features, which are used to measure the structure distortions
in images. Particularly, an adaptive sub-dictionary selection
method is proposed to achieve this goal. Instead of comparing
the sparse coefficients directly, we have also proposed to
construct two feature maps and evaluate image quality by

computing the similarity between them. The feature maps
are also adopted to generate a weighting map, which is
used to adapt to the characteristics of the HVS. The final
quality score is generated by combining the sparse feature
similarity with auxiliary features, including gradient, color and
luminance. We have done extensive experiments on five public
image quality databases, and the experimental results have
demonstrated that the proposed method produces the state-
of-the-art performance.

In real-word applications, apart from the distortions them-
selves, several external factors also have great impact on the
perceived image quality, such as viewing distance and display
characteristics [6]. In order to design more advanced image
quality models, viewing distance and display characteristics
should be considered. Furthermore, how to handle image color
and structure distortions in a holistic manner [48] needs more
exploration.
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