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ABSTRACT

Contrast distortion has a significant influence on the per-
ceptual quality of an image, which may be generated in var-
ious image processing procedures. In this paper, we propose
a no-reference image quality assessment (IQA) algorithm for
contrast-distorted images based on hybrid features from infor-
mation and appearance attributes. From information attribute
aspect, we utilize the basic information feature to quantify
the information of the visible part and the extended informa-
tion feature further containing the invisible part of an image.
From the appearance aspect, we propose an efficient percep-
tual contrast and colorfulness index to capture the direct vi-
sual changes. With the hybrid information attribute and ap-
pearance attribute features, support vector regression (SVR)
is utilized to learn an IQA model to predict the quality of
contrast distorted images. Extensive experimental results on
CCID2014 and TID2013 databases further demonstrate the
superior performance and robustness of the proposed method.

Index Terms— Image quality assessment, contrast dis-
tortion, unpredictability, information entropy, colorfulness.

1. INTRODUCTION

Image quality assessment (IQA) has been an important part
in designing and optimizing the image/video processing sys-
tems, and numerous IQA algorithms have been proposed
in recent years. These methods can be classified as full-
reference (FR, with reference image), reduced-reference
(RR, with partially information of reference image) and no-
reference (NR, without reference image) according to the
availability of a reference (distortion-free) image [1]. Due
to the fewest limitations, NR-IQA algorithms have been at-
tracting more and more attentions, especially on the quality
evaluation on compression, noise or blurring distortions of
images[2, 3]. However, another common distortion which is
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a determining factor in human perception of image quality,
contrast distortion, is explored seldom, and most existing
IQA methods work inefficiently for those contrast-changed
images [4, 5].

For FR IQA metrics of contrast distortion, a patch-based
contrast image quality index is proposed by using an adaptive
representation of local patch structure [6]. In [7], Sun et al.
utilized a linear model and three features, contrast compari-
son, structure variation and luminance change, to describe the
correlation between reference images and contrast changed
images [7]. Both of the two FR IQA methods design the
methods based on the variation of inherent attributes in the
new representation domain.

Recently, Gu et al. put forward a RR image contrast met-
ric RIQMC, and utilized the phase congruency and statisti-
cal information of image histograms to measure the image
quality [8], where the phase congruence is a dimensionless
measure of the significance of a local structure corresponding
to the local information attribute. In [9], a novel RR qual-
ity metric RCIQM with the integration of bottom-up and top-
down strategies was presented. The proposed method utilizes
the information difference to measure the distortion for the
bottom-up strategy and compares the difference of the im-
age histograms to reflect the inherent distribution attribute for
the top-down strategy. In [10], Kim et al. proposed a RR
IQA method by utilizing two features to describe the qual-
ity of contrast-changed images, i.e., the differences between
adjacent pixels as contextual information and the spatial en-
tropy as the information of spatial location distribution at-
tribute of gray-levels. RR IQA metric LAGSI was devised
for contrast-changed images by exploiting local similarity in-
formation and global statistics information (LAGSI) [5].

Based on the principle of natural scene statistics (NSS),
Fang et al. utilized mean, standard deviation, skewness, kur-
tosis and entropy of the image inherent attribute to design
a NSS model for NR IQA of the contrast distorted images
[4], which is conducted in the grayscale space. Gu et al. de-
signed a NR method NIQMC by taking both local and global
features of the contrast distorted images into account [11].
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In the local part, it computes the maximum information en-
tropy of particular unpredicted areas, and in the global part,
the image histograms are compared with the uniformly dis-
tributed histogram via the symmetric Kullback-Leibler diver-
gence. However, these features are mainly from the informa-
tion aspect without considering the low level appearance char-
acteristics. Nafchi et al. designed the NR method MDM using
two Minkowski distance based features and entropy informa-
tion to assess the simple and complex types of contrast distor-
tions [12]. Although the low level characteristics are consid-
ered, it still cannot efficiently reflect the subjective quality of
contrast distorted images.

Based on the previous works, in this paper, we proposed
an efficient NR image quality assessment method for con-
trast distorted images by utilizing hybrid features. There are
mainly two kinds of features to measure the information at-
tribute and appearance attribute. For the information attribute,
the entropy values of the images in grayscale space and in
unpredictability space are calculated respectively as the visi-
ble and the invisible information. Herein, the unpredictability
space is constructed by subtracting the prediction value for
each pixel. For the appearance attribute, the efficient contrast
and colorfulness features are constructed in different color
space. Herein, the contrast feature is derived in RGB space by
applying the Chebyshev distance and non-linear transform to
the distorted images. The colorfulness feature is constructed
in Yxy color space based on pixel standard deviation and
mean values. Finally, these features are fed into support vec-
tor regression framework to learn a IQA model. The proposed
method achieves state-of-the-art results on two popular IQA
datasets, TID2013 and CCID2014.

2. PROPOSED METHOD WITH HYBRID FEATURES

In this section, we first introduce the framework of the pro-
posed NR-IQA algorithm using hybrid features, and then the
detailed introductions for each feature are described. Fig. 1
shows the basic flowchart for the proposed method. In the
proposed method, there are mainly two kinds of features de-
scribing the information attribute and appearance attribute re-
spectively. Herein, the information attribute features are the
indirect quality indicators measuring the quantity of infor-
mation of different parts, which are represented by the zero-
memory entropy of the pixels and the prediction residuals in
grayscale. Moreover, we utilize the contrast and colorfulness
as the appearance attributes of an image, which are the di-
rect quality indicators measuring the intuitively visible dis-
tortions. Finally, these features are fed into support vector
machine (SVM) to learning an image quality model.

2.1. Information attribute features

In general, an image with good contrast distribution usually
shows more information about the scene, while the poor con-

Fig. 1. The framework of the proposed method.

trast images with overexposure or underexposure will lose
scene information. Therefore, the quantity of image informa-
tion can be utilized as features to reflect the quality of contrast
distorted images. We can directly utilize the zero-memory en-
tropy of image pixels in grayscale as a feature to measure the
contrast distortions,

F1 = entropy(I ) = −
∑

p(x )logp(x ), (1)

where I is the input image and p(x) indicates the probability
density of grayscale x.

However, the entropy, especially the zero-memory en-
tropy, in grayscale only takes account of the pixel distribution
of the global visible part without considering the hidden con-
textual information in the local structure, which is also of
much value. It is well known that the pixels in natural images
have strong correlationship, which makes it possible to pre-
dict the pixel value with its neighboring pixels. In previous
work, the free energy [13] is an error difference map of the
input image and its resulting optimal explanation estimated
by the brain generative model. Herein, it requires the opti-
mal expression of the combination of the neighboring pixels,
which usually tends to be complicated and difficult to design.
In this paper, we extend the basic information part and fur-
ther introduce the unpredictability space as invisible part by
referring its design philosophy to reflect the unpredictability
of an image. To further improve the distinguishability in
information aspect, we further propose to measure it with the
unpredictable information loss by calculating the entropy for
prediction residuals. In particular, for each pixel, we utilize
the average of its 8 neighboring pixels as prediction to re-
move the spatial redundancy, and calculate both the spatial
and residual entropy as the extended information feature.

F2 =
√
entropy(I )2 + entropy(|e|)2, (2)

e(i, j) = I(i, j)− 1

8

1∑
m=−1

1∑
n=−1

I(i+m, j + n). (3)

To distinguish the two features, we denote the previous
feature in Eq.(1) as basic information feature. Intuitively,
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(a) original image (b) prediction residual of (a)

(c) distorted image (d) prediction residual of (c)

Fig. 2. The original image (a) and the contrast distorted image
(c) with their prediction residual (c), (d).

the richer texture with irregular structures an image has, the
harder for us to predict the pixel values, and more informa-
tion will be retained in the residual domain. Fig. 2 shows an
example for the prediction residual distribution and we then
calculate the corresponding value for the proposed extended
information feature. Fig. 2(a) is the original image and Fig.
2(c) is a contrast-distorted image. Fig. 2(b) and Fig. 2(d)
are the prediction-residual map of Fig. 2(a) and Fig. 2(c) re-
spectively. We can see that the contrast distortion makes the
neighboring pixels more correlated and there are fewer pre-
diction residuals compared with reference image. Herein, the
extended information feature value measured by Eq. (2) are
11.2538 for Fig. 2(c), and 5.5832 for Fig. 2(d), and the ba-
sic information feature are 7.1149 and 3.0331 respectively,
from which we can observe the greater discrimination of the
extended information feature.

2.2. Contrast

From the perceptual intuition, the difference between refer-
ence image and contrast-distorted image is the variation of
contrast,which can be measured by the global distribution bias
of whole pixels in the image. Hence, the bias calculation
metric plays an important role in aligning it to human per-
ceived quality. Motivated by the promising performance of
root-mean-square (RMS) contrast for global contrast changed
images, [12] uses variation of the Minkowski distance formu-
lation along with the power-law transformation, which leads
to the excellent performance of MDM. A series of nonlinear
transforms are used to expand the RMS contrast, meaning the
relatively large computation. Hence, based on the philosophy
of the MDM contrast feature, we introduce the Chebyshev
distance and propose an improved perceptual contrast feature,
which has less computation and better performance.

The Chebyshev distance between two vectors or points p
and q, with standard coordinates pi and qi, respectively, is

D(p, q) = max
i

(|pi − qi|). (4)

Specifically, given an RGB image, we first use power-

Fig. 3. Visualization of correlation with MOS and the MDM
contrast feature, the proposed contrast feature F3 on TID2013
dataset.

(a) (b)

(c) (d)

Fig. 4. The comparison of the original image (a) and the con-
trast distorted images (b-d)

law transformation by the factor of α for the nonlinear trans-
form, calculate the Chebyshev distance between the Iα and
mean(Iα) (here, mean(Iα) is the same size of the image
with the same average value of Iα). To get the perceptual
contrast, after further doing the exponentiation computation
with the factor β, we get the maximum value as the percep-
tual contrast. It can be formulated by:

F3 = (D(Iα,mean(Iα)))β , (5)

F4 = (D(Īα,mean(Īα)))β . (6)

The proposed metric also computes another feature by
the same equation from the complement of a contrast dis-
torted image, Ī is Ī = 255 − I . Here, α is set to 8 and
β is set to 0.25. Fig. 3 shows values of these two features
versus mean opinion score (MOS) values for 250 contrast
distorted images of TID2013 dataset. The correlation with
MOS and the proposed feature is 0.8604, while the MDM
feature is 0.8589. The two Chebyshev distance based features
are highly suitable for quality assessment of global contrast
change (D = Rq) and mean shift (D = R ± ∆ ) distorted
images, where ∆ is a scalar within dynamic range of R.

2.3. Colorfulness

Another appearance change for contrast distorted images is
the colorfulness, which is easily to be ignored. As shown in
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Fig. 4, the contrast distortion changes the colorfulness of the
reference image obviously. Therefore, it is useful to design
features to reflect the colorfulness variations in chroma do-
main. In this paper, we transform from the RGB color space
to Yxy color space, and define the colorfulness by,

F5 = colorfulness = C ∗ log(
σ2
x

|µx|c1
)log(

σ2
y

|µy|c2
), (7)

whereC is set to 2, c1 is set to 0.2, and c2 is set to 0.2, xmeans
x component of the image, and y is means y component of the
image.

2.4. SVM Model training

After extracting the above features from the images in two
different attributes, we use support vector regression to learn
the relationship between these features and MOS. We utilize
the LIBSVM to implement the epsilon-SVR with a radial ba-
sis function (RBF) kernel. As for the other parameters, c is
set to 1 and g is set to 0.06.

3. EXPERIMENTAL RESULTS

To validate the proposed method, we test it on TID2013 and
CCID2014 dataset. In TID2013 [14] dataset, there are 125
global contrast changed images, and 125 images with mean
shift distortion. CCID2014 is a dedicated dataset of contrast
distorted images [8], which contains 655 contrast distorted
images of five types. The two correlation coefficients, pear-
son linear correlation coefficient (PLCC) and spearman rank
order correlation coefficient (SRCC), are utilized the evalu-
ate the consistency between the results of IQA methods and
the subjective results. For PLCC, we first map the objective
results from IQA methods to subjective human ratings using
the five-parameter logistic function [15] and then calculate the
coefficients between the mapped objective results and subjec-
tive results.

In the experiments, there are 6 FR-IQAs ( PSNR, SSIM
[1], VIF[16], IWSSIM [17], FSIMc [18], MDSI [19]), 3 RR-
IQAs( RIQMC [8], QMC [20], RCIQM [9]) and 5 NR-IQAs
(QAC [21], NIQE [22], NSS [4], NIQMC [11], MDM [12])
used for performance comparison. Table 1 provides a perfor-
mance comparison between proposed NR-IQA method and
forteen FR/RR/NR-IQAs in terms of SRCC and PLCC. As
we can see, our proposed method has achieved the state-of-
the-art performance. In Table 2, the performance of the NR
metrics, NSS, MDM and the proposed metric, are listed for
different train and test setups. Each dataset is divided into ran-
domly chosen subsets and the results are reported on the basis
of the median value of 1000 times train-test for three cases:
20% train 80% test, 50% train 50% test, and 80% train 20%
test. From the results in Table 2, we can see that the proposed
metric performs very well with small number of training data.
Although the MDM method is a little better than the proposed

Table 1. Performance comparison of the proposed NR-IQA
model and fourteen popular/competing indices on two bench-
mark datasets of contrast distorted images.

type method
TID2013 CCID2014

PLCC SRCC PLCC SRCC

FR

PSNR 0.4755 0.5020 0.4112 0.6743
SSIM 0.5735 0.4992 0.8308 0.8174
VIF 0.8458 0.7716 0.8588 0.8349

IWSSIM 0.6919 0.4528 0.8353 0.7822
FSIMc 0.6468 0.4398 0.8204 0.7657
MDSI 0.7028 0.4859 0.8576 0.8128

RR
RIQMC 0.8619 0.8010 0.8701 0.8430

QMC 0.7710 0.7071 0.8960 0.8722
RCIQM 0.8866 0.8541 0.8845 0.8565

NR

QAC 0.1683 0.0278 -0.2765 -0.1419
NIQE -0.0734 -0.0652 0.4458 0.3655
NSS 0.5317 0.4053 0.7878 0.7753

NIQMC 0.7225 0.6458 0.8438 0.8113
MDM 0.9279 0.8980 0.8719 0.8368

proposed 0.9356 0.9040 0.8737 0.8432

Table 2. Performance comparison of the proposed metric and
NSS, MDM for different train-test setups on the two datasets.

NR
TID2013 CCID2014

PLCC SRCC PLCC SRCC

20%-80%
NSS 0.3239 0.2507 0.7525 0.7686

MDM 0.9091 0.8702 0.8564 0.8214
proposed 0.9000 0.8552 0.8498 0.8149

50%-50%
NSS 0.4702 0.3514 0.7663 0.7807

MDM 0.9176 0.8807 0.8620 0.8274
proposed 0.9215 0.8844 0.8614 0.8284

80%-20%
NSS 0.5317 0.4053 0.7753 0.7878

MDM 0.9279 0.8980 0.8719 0.8368
proposed 0.9356 0.9040 0.8737 0.8432

method on CCID2014 dataset at 20%-80% and 50%-50% sce-
narios, our method is better than MDM on CCID2014 dataset
and TID2013 dataset at 80%-20% case, which further verify
the robustness of the proposed method on different datasets.

4. CONCLUSION

In the paper, we proposed a no reference IQA method for
contrast-distorted images with the consideration of the infor-
mation attribute and appearance attribute features. For the
information attribute, we utilized both the basic information
value and extended information value as features to measure
the quality of contrast distorted images. For the appearance
attribute, we designed perceptual contrast and colorfulness
features to characterize directly visible variation of images.
Based on these hybrid features, SVR algorithm is employed
to learn the relationship between these features and MOS.
Extensive experimental results on popular IQA datasets fur-
ther demonstrate the efficiency and robustness of the proposed
NR-IQA method on contrast distorted images.
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