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ty assessment is highly demanded in modern 
image processing and recognition problems 
[1], such as image/video coding, restoration, 
retargeting, forensics and social videos [2-13]. 
In the past few years, extensive work has been 
done to the quality assessment of degraded 
images, mostly based on structural distortion 
measurement [14]. However, these metrics 
are very likely to be problematic in real-world 
scenarios [15]. Therefore, quality models for 
specific application domains have been an 
emerging direction in the quality evaluation 
community. 

Image enhancement has been widely ad-
opted to improve the visual quality of images 
[16]. With the increasing prevalence of mobile 
devices, which have been equipped with com-
pact cameras, image enhancement functional-
ity has been embedded into image processing 
softwares for providing better Quality of 
Experience (QoE). In the current image en-
hancement researches, the quality of enhanced 
images is mainly judged by subjective test, 
which is laborious and expensive. Objective 
quality models are useful for benchmarking 
and optimization of image enhancement al-
gorithms. The current image quality models 
are mainly designed for degraded images, so 
they are very limited in predicting the quality 
of enhanced images. Quality evaluation of en-
hanced images is still an open problem. 

Abstract: Image enhancement is a popular 
technique, which is widely used to improve 
the visual quality of images. While image en-
hancement has been extensively investigated, 
the relevant quality assessment of enhanced 
images remains an open problem, which may 
hinder further development of enhancement 
techniques. In this paper, a no-reference quali-
ty metric for digitally enhanced images is pro-
posed. Three kinds of features are extracted for 
characterizing the quality of enhanced images, 
including non-structural information, sharp-

perceptual features are extracted and used to 
train a support vector regression (SVR) model. 
Finally, the trained SVR model is used for pre-
dicting the quality of enhanced images. The 
performance of the proposed method is evalu-
ated on several enhancement-related databas-
es, including a new enhanced image database 
built by the authors. The experimental results 
demonstrate the efficiency and advantage of 
the proposed metric. 
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Nowadays, image quality assessment (IQA) 
has been drawing increasing attention. Quali-
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determined by different factors, we achieve the 
goal by investigating three perceptual aspects 
of enhanced images, including non-structural 
information, sharpness and naturalness. A set 
of 42 features are extracted and used to train 
a support vector regression (SVR) model. The 
quality of a query image is predicted based on 
SVR regression. An enhancement image data-
base (EID) is built to evaluate the performance 
of the proposed method. Experimental results 
on EID and three related databases demon-
strate the effectiveness and advantages of the 
proposed method.

 ENHANCED MAGE DATABASE 

Currently, there is only one dataset that can 
be used for image enhancement quality as-
sessment, i.e., Digitally Retouched Image 
Quality (DRIQ) [17, 21]. However in DRIQ, 
the images are obtained by Photoshop, which 
are not representative of images generated by 
the general image enhancement algorithms. 
Therefore, a more diverse database that con-
tains images enhanced by different algorithms 
and image processing softwares is needed. 

Forty color images are used to build the da-
tabase, which are selected to cover diverse 
contents, including buildings, plants, animals, 
people, etc. These images are typically charac-
terized by low light, low contrast, underwater, 
foggy, etc. Fig. 1 shows ten of the images. In 
order to generate the enhanced images, eight 

-
sentative image enhancement algorithms [22-
26] and three popular image processing soft-
wares Photoshop, Digital Photo Professional 
(DPP) and ACDSee [27-29]. To be specific, 
each image is processed using the eight ap-
proaches, producing eight enhanced versions 
of the image. Finally, a total of 320 enhanced 
images are produced, which constitute the EID 
database. It should be noted that all images in 
the EID database are represented in color for-
mat. Fig. 2 shows some example images in the 
database.

So far, very little work has been dedicated 
to the quality evaluation of enhanced images. 
Vu et al. [17] proposed a full-reference (FR) 
quality metric for digitally retouched images 
by improving traditional quality models with 

sharpness and saturation changes between the 
original and retouched images were combined 
to produce the enhancement measurement. Li 
et al. [18] proposed a FR quality metric for 
retouched images by measuring structure and 
color changes. Structure change was measured 
by the gradient similarity between the original 
and retouched images. For color, colorfulness 
and saturation were considered. These two 
metrics have shown promising performances 
on a digitally retouched image database, which 
consists of enhanced images obtained using 
Photoshop. However in practice, the similarity/
distance between the retouched and original 
images does not necessarily indicate the actual 
quality, because over-enhancement may occur 
in real-world scenarios. In [19], Fang et al. 
addressed a no-reference (NR) quality metric 
for contrast changed images based on Natural 
Scene Statistics (NSS). A large number of 

as the deviation of its NSS features from 
the pre-trained NSS model. Wang et al. [20] 
proposed a patch-based contrast quality index. 
Image local patches were decomposed into 
three components, including mean intensity, 
signal strength and signal structure. Then they 
were evaluated in different ways, followed 
by a pooling to produce the overall quality 
score. The quality metrics in [19] and [20] 
are specifically designed for image contrast 
change, which is one of the many factors in 
image enhancement. Therefore, they cannot 
be used to predict the quality of the general 
enhanced images. The aforementioned quality 
metrics are limited in application scenarios, 
so more general quality models for image 
enhancement are still lacking. 

In this paper, a new quality model for the 
general image enhancement is proposed. With 
the consideration that image quality is usually 

This paper proposed 
a no-reference quality 
metric for digitally en-
hanced images. Three 
kinds of features are 
extracted for charac-
terizing the quality of 
enhanced images, in-
cluding non-structural 
information, sharpness 
and naturalness.



China Communications • September 2016123

between 20 and 38. The subjective test is con-
ducted in a lab environment with normal light-
ing condition. A LCD monitor with resolution 
1920´1080 is used to display the images. In 
order to facilitate rating, a Matlab-based GUI 
interface is developed, which is shown in Fig. 
3. In order to avoid visual fatigue, all subjects 

After obtaining the rating scores of all sub-
jects, outliers are removed using the method 

outliers are removed. Then the mean of the re-
maining scores are computed and used as the 
ground truth, which is also known as the Mean 

subjective scores of the enhanced image as 
well as the corresponding standard deviations. 

 PROPOSED Q MODEL FOR 
ENHANCED MAGES

In the past few years, extensive image quality 
metrics have been proposed, which are mostly 
based on the measurement of structural distor-
tions [14]. However in real-word applications, 
the perceived quality is generally determined 
by many different aspects, which also holds 
for enhanced images. As a result, measuring 

enhanced images, which will be demonstrated 
in the experiment section. Non-structural fac-
tors are also needed [32]. 

With these observations, we propose a 
new NR quality metric for enhanced images 
by measuring non-structural information, 
sharpness and naturalness. For non-structural 
aspects, we use color, contrast, luminance and 
entropy. Sharpness is used to measure struc-
tural quality. Finally, natural scene statistics 
(NSS) features are included for measuring 
global naturalness. 

In this paper, five non-structural features 
are measured, including color consistency, 
colorfulness, goodness of contrast, lumi-
nance and entropy, which are denoted by 

. These features are em-

In order to obtain the ground truth of image 
quality, subjective test is performed using the 
single stimulus (SS) method on an Absolute 
Category Rating (ACR) scale 1-10, corre-
sponding to the worst-best quality. In the test, 
25 inexperienced volunteers are involved, 
including 12 males and 13 females, all aged 

Fig.2  Example enhanced images in the EID database

Fig.1  Ten of the original images used to build the EID database

Fig.3  GUI interface used for quality rating
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fore, the distance/similarity between a real his-
togram and the ideal uniform histogram can be 
used as a measurement of goodness of image 
contrast. In this work, the Kullback-Leibler 
divergence is adopted to compute the contrast 
feature [36]: 

    (5)

where P and U denote the histogram distribu-
tions of a query image and the ideal uniform 
distribution. 

3.1.4  Luminance

In image enhancement, both under- and 
over- enhancements cause image luminance 
uncomfortable. So a measurement of image 
luminance is needed. In this work, we employ 
the locally weighted luminance value as the 
measurement of luminance quality [36]: 

             (6)

ployed to capture the non-structure issues in 
the overall quality of enhanced images. While 
contrast and luminance have been extensively 
used in the traditional IQA models, color has 
been often overlooked, which is an important 
attribute of real-world images [33]. 

3.1.1  Color consistency

In high quality images, color is natural and 
consistent. Over- and under- enhancements 
tend to cause inconsistency of color distribu-
tions. Here, the ratio of abnormal hue (RAH) 
[34] in an image is adopted to measure color 
consistency. For an image with size M´N in 

HSI space. Then the hue channel is used to 
compute the RAH feature as follows: 

    , (1)

where  denotes the number of pixels with 
abnormal hue. A pixel is regarded to have ab-
normal hue if its hue value is different from 
those of its 8´8 neighboring pixels [34]. 

3.1.2  Colorfulness

High quality images tend to be more colorful, 
so colorfulness is an important attribute of im-
ages. Here, we employ the Color Colorfulness 
Index (CCI) [35] as the second color feature. 

space RG-YB: 

   , . (2)

With the RG-YB space, the CCI index is cal-
culated as:

     , (3)
with , , 
where ,  denote the variances of RG and 
YB, and ,  represent their corresponding 
mean values. 

3.1.3  Contrast

Contrast enhancement has been extensively 
studied in image enhancement. The goodness 
of image contrast can be a very important fac-
tor of image quality. Image contrast can be ap-
proximately described using image histogram. 
An image with good contrast is expected to 
have uniform histogram distribution. There-

Fig.4  MOS values of the enhanced images and the corresponding standard devia-
tions
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images, which are denoted by 
. These NSS features are extracted based on 
the Mean Subtracted Contrast Normalized 
(MSCN) coefficients, which follow the gen-
eralized Gaussian distribution. For further de-
tails of the NSS features, readers are referred 
to [38]. 

With the aforementioned quality-aware per-
ceptual features, we employ the support vector 
regression (SVR) [39] to train a quality model. 
For a query image, the quality can be predict-
ed using the trained SVR model. In our imple-
mentation, the Radial Basis Function (RBF) is 
used as the SVR kernel. 

 E RESULTS

In this section, experiments are conducted to 
demonstrate the effectiveness of the proposed 
quality model. To this end, several image 
quality databases are tested, including the pro-
posed Enhanced Image Database EID, Digital-
ly Retouched Image Quality database (DRIQ) 
[31], Camera Image Database (CID2013) [40] 
and LIVE in the wild database (LIVE WILD) 

for image enhancement quality assessment, 
and CID2013 and LIVE WILD are built for 
quality assessment of real-world camera imag-
es. The DRIQ database consists of 26 original 
images and the corresponding 78 retouched 
images, which are obtained using Photoshop 
by adjusting contrast, sharpness, brightness, 
color, or combination of these properties of 
the original images. CID2013 database con-
tains 474 color images captured by 79 imaging 
devices, i.e., consumer cameras and mobile 
phones. The LIVE WILD database consists of 
1162 authentically distorted images that are 
captured from many diverse mobile devices.

Three widely adopted criteria are adopted 
to evaluate metric performances, includ-
ing Pearson Linear Correlation Coefficient 
(PLCC), Spearman Rank order Correlation 

where  denotes the average pixel value, and 
 denotes the Michelson contrast: 

       , (7)

where  and  denotes the maximum and 
minimum intensity values. In implementa-
tion, the luminance feature  is computed 

and the luminance features are obtained. The 
final feature is calculated as the mean of the 
values of all blocks. 

3.1.5  Entropy

Entropy measures the amount of informa-
tion in an image. Typically, a high-quality 
image has bigger entropy value, which can 
be changed by the presence of distortions. 
Here image entropy is utilized as the final 
non-structural feature:

     , (8)

where   denotes  the  probabi l i ty  of 
occurrence of  an intensi ty  value,  and 

.

In the perception of image quality, sharpness 
is always a key factor. This applies to all kinds 
of images. In the literature, many no-reference 
image sharpness metrics have been reported. 
In this work, we employ our recent work on 
blind image blur evaluation [37] to calculate 
the sharpness feature f6, which has been shown 
effective for both simulated and real blurred 
images. More details on the blur assessment 
method can be found in [37]. 

Naturalness is another important criterion of 
image quality. A high-quality image is expect-
ed to be natural. Distortions lead to loss of 
naturalness in images. In the IQA community, 
natural scene statistics have been extensively 
employed for quality assessment with very 
promising results. In this paper, we adopt the 
36 NSS features of the BRISQUE model [38] 
for measuring overall naturalness of enhanced 
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order to verify the effectiveness of using the 
proposed method for camera image quality 
assessment, we test it on two recently released 
camera image databases, i.e., CID2013 and 
LIVE WILD. Tables III-IV list the experimen-
tal results. It should be noted that in these two 
databases reference images are not available, 
so the performance of our method is only 
compared with the NR quality metrics. 

It is known from Tables III-IV that the 
proposed method also achieves the best per-

Coefficient (SRCC) and Root Mean Squared 
Error (RMSE). PLCC and RMSE are used to 
measure prediction accuracy, and SRCC is 
used to measure prediction monotonicity. Be-

mapping is performed between the subjective 
and objective scores: 

  (9)

where , , are the parameters to 

In our experiments, 80% of the images are 
randomly selected for training, and the re-
maining 20% images are used for test. The 
training-test process is repeated by 1000 
times, and the median values are used as the 
performance results. The performance of the 
proposed method is also compared with the 
state-of-the-art NR image quality metrics, in-
cluding BIQI [42] BLIINDS-II [43] BRIS-
QUE [38], CORNIA [44], DESIQUE [45], 
DIIVINE[46], IL-NIQE [47], NFERM [48], 
NIQE [49], QAC [50] and SSEQ [51].Three 
contrast enhancement quality metrics are also 
included for comparison, including FR metrics 
RIQMC [52] and PCQI [20] and NR metric 
[19]. The experimental results are summarized 
in Tables I-IV. 

It is known from Tables I and II that the 
proposed method achieves the best perfor-
mances in EID and DRIQ, two databases 

Furthermore, it significantly outperforms the 
other compared metrics. These results are not 
surprising, because almost all the current qual-
ity metrics are based on the measurement of 
structural distortions, which are not the dom-
inated distortions in image enhancement. In 
other words, non-structural distortions play a 
more important role in the quality assessment 
of enhanced images. 

The proposed method can also be used for 
the quality evaluation of images captured by 
real-word consumer type cameras. The three 
components of the proposed method also char-
acterize the attributes of camera images. In 

Table I  Performances of IQA metrics in EID database

Metric Type PLCC SRCC RMSE
BIQI NR 0.2860 0.1723 1.1489

BLIINDS2 NR 0.1713 0.0861 1.1813
BRISQUE NR 0.3122 0.2039 1.1393
CORNIA NR 0.4359 0.3985 1.0791
DESIQUE NR 0.2928 0.2191 1.1465
DIIVINE NR 0.2905 0.2711 1.1473
IL-NIQE NR 0.2287 0.1413 1.1586
NFERM NR 0.3144 0.322 1.1298

NIQE NR 0.3288 0.2721 1.1323
QAC NR 0.2863 0.0542 1.1403
SSEQ NR 0.1052 0.0867 1.1837

RIQMC FR 0.2458 0.1524 1.1537
PCQI FR 0.1621 0.0406 1.1745

Fang [19] NR 0.2001 0.2151 1.1661
Proposed NR 0.7448 0.6930 0.7701

Table II  Performances of IQA metrics in DRIQ database

Metric Type PLCC SRCC RMSE
BIQI NR 0.1925 0.1286 2.0026

BLIINDS2 NR 0.1121 0.1761 2.0268
BRISQUE NR 0.3366 0.3359 1.9206
CORNIA NR 0.0923 0.0826 2.0309

DESIQUE NR 0.2920 0.2715 1.9507
DIIVINE NR 0.3612 0.1661 1.9020
IL-NIQE NR 0.0158 0.0330 2.0394
NFERM NR 0.2778 0.2756 1.9593

NIQE NR 0.3734 0.3428 1.8921
QAC NR 0.3480 0.3533 1.9121
SSEQ NR 0.3106 0.2935 1.9391

RIQMC FR 0.4087 0.3503 1.8615
PCQI FR 0.6727 0.5987 1.5091

Fang [19] NR 0.1566 0.1501 2.0144
Proposed NR 0.8790 0.8531 0.9512
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In order further to know the relative contribu-
tions of the three components of the proposed 
metric, we conduct another experiment in EID 
database. Specifically, the non-structural in-
formation, sharpness and naturalness are sepa-
rately used to test the performance in EID da-
tabase. Then the results are compared with the 
overall model. By this means, we can know 
the relative importance of the components. Ta-
ble V summarizes the simulation results. 

It is known from Table V that the non-struc-
tural features and naturalness contribute more 
on the overall performance, while image 
sharpness plays a less important role. A com-
bination of all three components delivers the 
best performance. This further verifies the 
rationality and effectiveness of the proposed 
quality model.

 C

In this paper, we have addressed the quality 
evaluation of digitally enhanced images, an 
important yet much less investigated problem. 
We have built an enhanced image database 

and three image processing softwares. Sub-
jective test has been conducted to collect the 
ground truth of human scores. With the con-
sideration that the current distortion-based 
quality metrics are very limited in the quality 
evaluation of enhanced images, we have pro-
posed a new quality metric for enhanced imag-
es by simultaneously measuring non-structural 
information, sharpness and naturalness. We 
have evaluated the performance of the pro-
posed method on two image enhancement da-
tabases and two camera image databases. The 
experimental results and comparisons have 

the proposed quality model. As future work, 
we will use the proposed model for bench-
marking and perceptual optimization of image 
enhancement algorithms. 

formances in camera image databases in terms 
of both prediction accuracy and monotonicity. 

-
cantly better than those of the compared met-
rics. 

Table III  Performances of IQA metrics in CID2013 database

Metric Type PLCC SRCC RMSE
BIQI NR 0.7282 0.7186 15.4659

BLIINDS2 NR 0.3584 0.2476 21.0679
BRISQUE NR 0.4704 0.4384 19.9140
CORNIA NR 0.6736 0.6268 16.6792
DESIQUE NR 0.5142 0.4813 19.3550
DIIVINE NR 0.5486 0.5397 18.8682
IL-NIQE NR 0.4200 0.3021 20.4798
NFERM NR 0.6259 0.6107 17.6005

NIQE NR 0.6640 0.6517 16.8732
QAC NR 0.0681 0.0238 22.5144
SSEQ NR 0.3683 0.3380 21.9811

Fang [19] NR 0.1203 0.1149 22.4028
Proposed NR 0.8164 0.8001 12.4769

Table IV  Performances of IQA metrics in LIVE WILD database

Metric Type PLCC SRCC RMSE
BIQI NR 0.2653 0.2797 20.2965

BLIINDS2 NR 0.1785 0.1271 19.9716
BRISQUE NR 0.3601 0.3124 18.9345
DESIQUE NR 0.4086 0.3784 18.5251
DIIVINE NR 0.4711 0.4655 17.9036
IL-NIQE NR 0.5024 0.4391 17.5491
NFERM NR 0.3780 0.3090 18.7902

NIQE NR 0.4966 0.4510 17.6271
QAC NR 0.1668 0.2025 20.0123
SSEQ NR 0.2404 0.2049 19.7013

Fang [19] NR 0.2390 0.1690 19.7084
Proposed NR 0.6600 0.6418 15.1953

Table V  Performances of different components of the proposed model in EID da-
tabase

Component PLCC SRCC RMSE
Non-structural 

information
0.5620 0.5044 0.9588

Sharpness 0.2795 0.2933 1.1429
Naturalness 0.6549 0.6049 0.8694

All 0.7448 0.6930 0.7701



China Communications • September 2016 128

tion-aware social sense, ” IEEE Multimedia, vol. 
21, no. 3, pp. 10-19, 2014.

[12]  H. Hu, Y. G. Wen, T. S. Chua, Z. Wang, J. Huang, 

social video contents placement in cloud cen-
tric CDN network, ” in Proc. of ICME, 2014: 1-6

[13]  H. Hu, Y. G. Wen, T. S. Chua, J. Huang, W. W. Zhu, 
X. L. Li, “Joint content replication and request 
routing for social video distribution over cloud 
CDN: a community clustering method, ” IEEE 
Trans. Circuits Syst. Video Techn., DOI: 10.1109/
TCSVT.2015.2455712, 2016.

[14]  Z. Wang, A. C. Bovik, H. R. Sheikh and E. P. Si-
moncelli, “Image quality assessment: From error 
visibility to structural similarity, ” IEEE Trans. Im-
age Process., vol. 13, no. 4, pp. 600-612, 2004.

[15]  Z. Wang, “Objective image quality assessment: 
facing the real-world challenges, ” in Proc. of 
IS&T Electronic Imaging: Image Quality and Sys-
tem Performance, 2016.

[16]  S. Q. Wang, K. Gu, S. W. Ma, W. S. Lin, X. M. Liu, 
W. Gao, “Guided image contrast enhancement 
based on retrieved images in cloud, ” IEEE Trans. 
Multimedia, vol. 18, no. 2, pp. 219-232, 2016.

[17]  C. T. Vu, T. D. Phan, P. S. Banga and D. M. Chan-
dler, “On the quality assessment of enhanced 
images: A database, analysis, and strategies for 
augmenting existing methods, ” in Proc. of IEEE 
ISIAI, pp. 181-184, 2012.

[18]  L. D. Li, Y. Zhou, J. J. Wu, J. S. Qian and B. J. 
Chen, “Color-enriched gradient similarity for re-
touched image quality evaluation, ” IEICE Trans. 
Inf. & Syst., vol. E99-D, no. 3, pp. 773-776, Mar. 
2016.

[19]  Y. M. Fang, K. D. Ma, Z. Wang, W. S. Lin, Z. J. 
Fang and G. T. Zhai, “No-Reference Quality As-
sessment of Contrast-Distorted Images Based 
on Natural Scene Statistics, ” IEEE Signal Pro-
cess. Lett. Vol. 22, no. 7, pp. 838-842, 2015.

[20]  S. Q. Wang, K. D. Ma, H. Yeganeh, Z. Wang and 
W. S. Lin, “A patch-structure representation 
method for quality assessment of contrast 
changed images, ” IEEE Signal Process. Lett., vol. 
22, no. 12, pp. 2387-2390, Dec. 2015.

[21]  C. Vu, T. Phan, D. M. Chandler, Digitally Re-
touched Image Quality database, Online: http://
vision.okstate.edu/index.php?loc=driq

[22]  Y. Wang, Q. Chen and B. M. Zhang, “Image 
enhancement based on equal area dualistic 
sub-image histogram equalization method, ” 
IEEE Trans. Consumer Electron., vol. 45, no. 1, 
pp. 68-75, Feb. 1999.

[23]  Q. Wang and R. K. Ward, “Fast image/video con-
trast enhancement based on weighted thresh-
olded histogram equalization, ” IEEE Trans. 
Consumer Electron., vol. 53, no. 2, pp. 757-764, 
2007.

[24]  K. S. Sim, C. P. Tso and Y. Y. Tan, “Recursive 
sub-image histogram equalization applied to 
gray scale images, ” Pattern Recogn. Lett., vol.28, 

ACKNOWLEDGEMENTS

This work is supported in part by the National 
Natural Science Foundation of China under 
Grant 61379143, in part by the Fundamental 
Research Funds for the Central Universities 
under Grant 2015QNA66, and in part by the 
Qing Lan Project of Jiangsu Province.

References
[1]  L. Ma, C. W. Deng, K. N. Ngan and W. S. Lin, 

“Recent advances and challenges of visual sig-
nal quality assessment, ” China Commun., vol. 
20, no. 5, pp. 62-78, May 2013.

-
tion and disparity estimation optimization for 
low complexity multiview video coding, ” IEEE 
Trans. Broadcast., vol. 61, no. 2, pp. 166-176, 
2015.

[3]  S. Q. Wang, A. Rehman, Z. Wang, S. W. Ma, W. 
Gao, “SSIM-motivated rate-distortion optimiza-
tion for video coding, ” IEEE Trans. Circuits Syst. 
Video Techn., vol. 22, no. 4, pp. 516-529, 2012.

[4]  S. Q. Wang, A. Rehman, Z. Wang, S. W. Ma, 
W. Gao, “Perceptual video coding based on 
SSIM-inspired divisive normalization, ” IEEE 
Trans. Image Process. Vol. 22, no. 4, pp. 1418-
1429, 2013.

[5]  Y. M. Fang, K. Zeng, Z. Wang, W. S. Lin, Z. J. Fang 
and C. W. Lin, “Objective Quality Assessment for 
Image Retargeting Based on Structural Similar-
ity, ” IEEE J. Emerging Select. Top. Circuits Syst., 
4(1), pp. 95-105, 2014. 

[6]  J. Li, X. L. Li, B. Yang and X. M. Sun, “Segmen-
tation-based Image Copy-move Forgery De-
tection Scheme, ” IEEE Trans. Inf. Forensics and 
Security, vol. 10, no. 3, pp. 507-518, Mar. 2015.

[7]  Z. H. Xia, X. H. Wang, X. M. Sun, Q. S. Liu and N. 
X. Xiong, “Steganalysis of LSB matching using 

Mul-
timed. Tools Appl., vol. 75, no. 4, pp. 1947-1962, 
2016.

[8]  Z. H. Xia, X. H. Wang, X. M. Sun, B. W. Wang, 
“Steganalysis of least significant bit matching 
using multi-order differences, ” Security and 
Communication Networks, vol. 7, no. 8, pp. 
1283-1291, 2014.

[9]  Y. C. Jin, Y. G. Wen, H. Hu, “Minimizing monetary 
cost via cloud clone migration in multi-screen 
cloud social TV system, ” in Proc. of GLOBE-
COM 2013: 1747-1752.

[10]  Y. C. Jin, Y. G. Wen, H. Hu, M. J. Montpetit, “Re-
ducing operational costs in cloud social TV: 
an opportunity for cloud cloning, ” IEEE Trans. 
Multimedia, vol. 16, no. 6, pp. 1739-1751, 2014.

[11]  H. Hu, Y. G. Wen, H. B. Luan, T. S. Chua, X. L. Li, 
“Toward multiscreen social TV with geoloca-



China Communications • September 2016129

[41]  D. Ghadiyaram and A. C. Bovik, “Massive Online 
Crowdsourced Study of Subjective and Objec-
tive Picture Quality, ” IEEE Trans. Image Pro-
cess. Vol. 25, no. 1, pp. 372-387, 2016.

[42]  A. K. Moorthy and A. C. Bovik, “A two-step 
framework for constructing blind image quality 
indices, ” IEEE Signal Process. Lett., vol. 17, no. 5, 
pp. 513-516, 2010.

[43]  M. A. Saad and A. C. Bovik, “Blind image quality 
assessment: A natural scene statistics approach 
in the DCT domain, ” IEEE Trans. Image Process., 
vol. 21, no. 8, pp. 3339-3352, 2012.

[44]  P. Ye, J. Kumar, L. Kang and D. Doermann, “Un-
supervised Feature Learning Framework for 
No-reference Image Quality Assessment, ” in 
Proc. of CVPR, pp. 1098-1105, 2012. 

[45]  Z. Yi and D. M. Chandler, “An algorithm for 
no-reference image quality assessment based 
on log-derivative statistics of natural scenes, ” 
in Proc. of SPIE 8653, Image Quality and System 
Performance X, pp.1-11, 2013. 

[46]  A. K. Moorthy and A. C. Bovik, “Blind image 
quality assessment: From natural scene statis-
tics to perceptual quality, ” IEEE Trans. Image 
Process., vol. 20, no. 12, pp. 3350-3364, 2011.

[47]  L. Zhang, L. Zhang and A. C. Bovik, “A fea-
ture-enriched completely blind image quality 
evaluator, ” IEEE Trans. Image Process., vol. 24, 
no.8, pp. 2579-2591, Aug. 2015.

[48]  K. Gu, G. T. Zhai, X. K. Yang and W. J. Zhang, 
“Using free energy principle for blind image 
quality assessment, ” IEEE Trans. Multimedia, 
vol. 17, no. 1, pp. 50-63, Jan. 2015.

[49]  A. Mittal, R. Soundararajan and A. C. Bovik, 
“Making a completely blind image quality an-
alyzer, ” IEEE Signal Process. Lett., vol. 20, no. 3, 
pp. 209-212, Mar. 2013.

[50]  W. F. Xue, L. Zhang and X. Mou, “Learning 
without human scores for blind image quality 
assessment, ” in Proc. CVPR, pp.995-1002, 2013.

[51]  L. Liu, B. Liu, H. Huang and A. C. Bovik, “No-ref-
erence image quality assessment based on spa-
tial and spectral entropies, ” Signal Processing: 
Image Communication, vol. 29, no. 8, pp. 856-
863. 2014.

[52]  K. Gu, G. T. Zhai, W. S. Lin and M. Liu, “The anal-
ysis of image contrast: From quality assessment 
to automatic enhancement, ” IEEE Trans. Cy-
bern., vol. 46, no. 1, pp. 284-297, Jan. 2016.

Leida Li, received the B.S. and Ph.D. degrees from 
Xidian University, Xi’an, China, in 2004 and 2009, re-
spectively. From 2014 to 2015, he was a Visiting Re-
search Fellow in the School of Electrical and Electron-
ic Engineering, Nanyang Technological University, 
Singapore. He is currently a Professor in the School 
of Information and Electrical Engineering, China Uni-
versity of Mining and Technology, China. His research 

no. 10, pp. 1209-1221, July. 2007.
[25]  T. Arici, S. Dikbas, and Y. Altunbasak, “A histo-

gram modification framework and its applica-
tion for image contrast enhancement, ” IEEE 
Trans. Image Process., vol. 18, no. 9, pp. 1921-
1935, 2009.

[26]  K. Gu, G. T. Zhai, X. Yang, W. Zhang and C. W. 
Chen, “Automatic contrast enhancement tech-
nology with saliency preservation, ” IEEE Trans. 
Circuits Syst. Video Technol., vol. 25, no. 9, pp. 
1480-1494, 2015.

[27]  Photoshop, http://www.adobe.com/cn/prod-
ucts/photoshop.html

[28]  DPP, http://www.canon.com.cn/specialsite/dp-
pbasic/

[29]  ACDSee, http://cn.acdsee.com/
[30]  ITU Recommendation, Methodology for the 

subjective assessment of the quality of televi-
sion pictures, International Telecommunication 
Union/ITU Radiocommunication Sector, 2009.

[31]  L. D. Li, Y. Zhou, W. S. Lin, J. J. Wu, X. F. Zhang 
and B. J. Chen, “No-reference quality assess-
ment of deblocked images, ” Neurocomputing, 
vol.177, pp. 572-584, 2016.

[32]  A. K. Moorthy, K. Seshadrinathan, R. Soundar-
arajan and A. C. Bovik, “Wireless video quality 
assessment: A study of subjective scores and 
objective algorithms, ” IEEE Trans. Circuits Syst. 
Video Technol., vol. 20, no. 4, pp. 587-598. 2010.

[33]  B. J. Chen, H. Z. Shu, G. Coatrieux, G. Chen, X. M. 
Sun and J. L. Coatrieux, “Color image analysis by 
quaternion-type moments, ” J. Math. Imaging 
Vis., vol. 51, no. 1, pp. 124-144, 2015.

[34]  B. Wang, L. L. Sun, X. W. Kong and X. G. You, 
“Image forensics technology using abnormity of 
local hue for blur detection, ” Acta Electronica 
Sinica, vol. 34, no. 12A, pp. 2451-2454, 2006.

[35]  D. Hasler and S. Sausstrunk, “Measuring color-
ful color in real images, ” in Proc. SPIE Human 
Vision and Electronic Imaging, pp. 87-94. 2003.

[36]  M. Saad, P. Corriveau and R. Jaladi, “Consumer 
content framework for blind photo quality eval-
uation, ” in Proc. VPQM, 2015.

[37]  L. D. Li, W. S. Lin, X. S. Wang, G. B. Yang, K. Bah-
rami and A. C. Kot, “No-reference image blur 
assessment based on discrete orthogonal mo-
ments, ” IEEE Trans. Cybern., vol. 46, no. 1, pp. 
39-50, Jan. 2016.

[38]  A. Mittal, A. K. Moorthy and A. C. Bovik , 
“No-reference image quality assessment in the 
spatial domain, ” IEEE Trans. Image Process., vol. 
21, no. 12, pp. 4695-4708, 2012.

[39]  C. C. Chang and C. J. Lin, “LIBSVM: A library for 
support vector machines, ” ACM Trans. Intell. 
Syst. Technol., vol. 2, no. 3, pp. 1-27, 2011.

[40]  Virtanen. T, Nuutinen. M, Vaahteranoksa. M, 
Oittinen. P and Häkkinen. J, “CID2013: a data-
base for evaluating no-reference image quality 
assessment algorithms, ” IEEE Trans. Image Pro-
cess., vol. 24, no. 1, pp. 390-402, 2015.



China Communications • September 2016 130

nological University. From July 2013 to June 2015, he 
was a lecture in Xidian University. Since July 2015, he 
has been an associated professor with the School of 
Electronic Engineering, Xidian University. His research 
interests include visual perceptual modeling, saliency 
estimation, quality evaluation, and just noticeable 

Beijing Chen, received the B.S. degree in Mathe-
matics and Applied Mathematics in 2003 from Ji-
angxi Normal University, the M.S. Degree in Applied 
Mathematics in 2006 from Zhejiang University, and 
the Ph.D. degree in Computer Science in 2011 from 
Southeast University, China. Now he is an Associate 
Professor in the School of Computer & Software, 
Nanjing University of Information Science & Technol-
ogy, China. His research interest includes color image 
processing, information security and pattern recogni-
tion. 

Jianying Zhang, received the B.S. and M.S. degrees 
from Xidian University, Xi’an, China, in 1985 and 
1990, respectively. She is now a full professor in the 
School of Information and Electrical Engineering, Chi-
na University of Mining and Technology, China. Her 
research interests include signal and image process-
ing. *The corresponding author. Email: zjycumt@126.
com.

interests include multimedia quality assessment, in-
formation hiding and image forensics.

Wei Shen, received the B.S. degree from Huaihai 
Institute of Technology, Lianyungang, China, in 2015. 
He is now a master student in School of Information 
and Electrical Engineering, China University of Mining 
and Technology, China. His research interest is image 
quality assessment. 

Ke Gu, received the B.S. and Ph.D. degrees in elec-
tronic engineering from Shanghai Jiao Tong Universi-
ty, Shanghai, China, in 2009 and 2015, respectively. In 
2014, he was a Visiting Student with the Department 
of Electrical and Computer Engineering, University of 

Computer Engineering, Nanyang Technological Uni-
versity, Singapore, from 2014 to 2015. He is now a 
research fellow in the School of Computer Engineer-
ing, Nanyang Technological University, Singapore. 
His current research interests include quality assess-
ment and contrast enhancement.

Jinjian Wu, received his B.S. and Ph.D. from Xidian 
University, Xi’an, China, in 2008 and 2013, respective-
ly. From September 2011 to March 2013, he was a re-
search assistant in Nanyang Technological University, 
Singapore. From August 2013 to August 2014, he 
was a postdoctoral research fellow in Nanyang Tech-



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize false
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /ComicSansMS
    /ComicSansMS-Bold
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /Impact
    /Kartika
    /Latha
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaConsole
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSansUnicode
    /Mangal-Regular
    /MicrosoftSansSerif
    /MonotypeCorsiva
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Raavi
    /Shruti
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Required"  settings for PDF Specification 4.01)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


