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Abstract - Conventionally, image quality assessment (IQA) algorithms represent image quality as
linearity with a “reference” or “perfect” image. Obvious drawback of this method is that the many
times original image may not be accessible for the QA algorithm. This paper proposes an image
quality assessment of natural-scene statistic-based on DCT score prediction approach. It operates in
transform domain. Major artifacts like ringing, blocking and blur are observed in image quality
assessment technique. In this paper DCT is used to extract different features of the image. We train
and test our algorithm on LIVE database with respective subjective mean opinion score (MOS) on
scale of (1-10) and manifest that the recommended work has good regularity with subjective interpret
values and the objective estimation results. This paper well replicates the visual quality of images as
well as quantifies possible losses of “naturalness” in the image. This paper presents a statistical
approach for image quality analysis. In this approach degradation in an image are explored through
DCT and wavelet transformation of images and computing statistical parameters like mean, standard
deviation, skewness and kurtosis
Keywords - Discrete Cosine Transform Kurtosis Natural-Scene Statistics No-Reference Image
Quality assessment Artificial Neural Network Support Vector Machine.
I. INTRODUCTION
Nowadays for representing and communicating information there is magnificent use of digital
images. Many times images are passes through acquisition, compression, transmission, processing,
and reproduction which incorporate distortions. This may or may not be perceptual by human visual
system. To preserve and improve the quality of images, it is important to identify and quantify image
quality degradations. Calibrating this measurement against human judgments' of quality is image
quality assessment. Subjective assessment and objective assessment are used for this purpose.
However, subjective evaluations are bulky and costly. The objective image quality assessment
models can predict apparent image quality perfectly and mechanically. Objective image quality
assessment divided into three categories: full-reference image quality assessment, reduced-reference
image quality assessment, and no-reference image quality assessment. FR:- full-reference algorithm
need original high quality images. RR: - Reduced reference algorithm extorts features from the
original and certain images and evaluate them to one another. Obvious limitation of full reference
and reduced reference is that it requires full or fractional access to the original image. But many
times, plagiarized images available. NR:-In no-reference quality assessment image quality estimate
without the reference image, has been very popular. There are three types of No reference –image
quality assessment approaches
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Distortion-specific approach, Feature extraction and learning approach, Natural scene statistics
(NSS) approach: 1) Distortion-specific approach compute a detailed distortion in exclusion of other
factors. Quantify the image accordingly. Examples of such approaches are (1)blockiness [2] and
[3],(2) blur [4] (3)and ringing effects[5]. 2) Feature extraction and learning approach train the model
based on number of features extracted from images. An example of such approach [6]–[8] 3) Natural
scene statistics (NSS) approach Using high-quality devices natural images are captured. This
approach assumes that natural scenes are distortion free and resides in small subspace in space of all
images. As any alterations are introduced to image the statistics of images change.[9]. The limitation
of distortion specific approach is distortion; hence application has a specific approach. There are
wide ranges of distortions introduced in images. Tedious compute every type of distortion by using
first approach. The feature extraction and learning approach is only useful for the features extraction
of image. Finally, the NSS approach is a very capable one, but extensively based on statistical
representation. This paper represents combination 2 and 3 of approaches. It shows how certain
statistical features of original images changes because of distortion. To make blind (or no-reference)
predictions about the quality of the natural image, these features are used to train a statistical model.
The estimated no reference image quality approach is based on a DCT and wavelet transformation
entirely. Here DCT of images compressed different qualities. After taking DCT and Wavelet
transformation, statistical features like Local contrast, Global Contrast, Mean, Standard Deviation,
Skewness and Kurtosis of AC coefficient in DCT and approximate related coefficient in wavelet are
computed. Since computed statistics do not show linearity machine learning approch instead of
computation modeling is used. The paper is organized as follows, Section I gives Introduction,
Section II gives Existing IQA methods. Section III gives a brief description about natural Scene
statistics Section IV the Feature selection of the images based on DCT section V gives result and VI
contains conclusion and references.
II.
RELATED WORK
Most existing image compression standards are based on block based methods. Most of block based
image compression image being encoded is first partitioned into 8×8 blocks then local DCT is
applied to pixels in each block. At low bit rates, the most prominent types of artifacts are created
Such as interblock blurring and blocking artifacts. Due to the defeat of high frequencies during
quantization the blurring effect occur[10]–[15]. while blocking artifact images may exhibit cyclic
horizontal and vertical edges .[16]. Most blocking quantification methods quantify blocking either in
the spatial domain [3]–[5] or in the frequency domain [7][17][18]. As above mentioned methods
would fail for other distortion such as ringing or blurring .The model described here is unique it
employ natural scene statistics models to provide a “reference,” beside which the distorted images
can be assessed.

Fig1.Natural Image
@IJMTER-2015, All rights Reserved
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Images captured using high-quality devices are categorized as natural scenes. Artificial images are
text, computer generated graphics scenes, cartoons, and animations, paintings and drawings, random
noise, radar and sonar, X-rays, ultrasounds, etc. Natural images are highly structured images and
acquire certain regularity. Statistical properties of natural images measurably customized because of
distortions. In natural images the deformation found in nonlinear addiction can be measured for
making approximation of feature selection. This approch for quality assessment of image using
wavelet based features selection represented by Authors. [30] Positional similarity measure of
wavelet coefficient based spectral fall off curves by the use of a neural network represented in [26].
The limitation of this approach to be applicable only to JPEG2000 images .By using contourlet
transform authors show that wavelet transform does not completely illustrate the artefacts present in
the image [27].The idea of the impact of distortions on NSS has been used in [25] for prediction of
video quality. Quality values and statistical relationship between the features in NSS images was
studied in [28].It present the feature ranking of filtered natural images, a histogram of a grouping of
Curvelet, wavelet ,and cosine transform is computed. By the use of Support vector machine the
distortion identification-based image quality estimation method proposed in [29]. It estimate feature
scale and orientation careful statistics, spatial correlation, noise ratio (PSNR) and SSIM.
III.

FEATURE SELECTION

As human visual system is easily distinguish high quality images in comparison with distorted one.
Feature selection process relies on the basic fundamental fact that natural images are highly ordered
in the sense that their pixels shows sturdy dependencies. These dependencies carry important
information about the natural scene. Since HVS is highly sensitive to numbers of features, here we
extract image structure features as well as image contrast feature. In general high contrast in an
image is more desirable property, which makes image visually more appear. As shown in fig.3 most
of viewers prefer fig.3 as compared to fig.4. Additionally, two more features are extracted 1) images
sharpness and 2) orientation anisotropies. This is property of image for which HVS is highly
sensitive. However, image sharpness, is highly content dependent. For example as shown in fig.5
image background is blurred, it is required property of this specific image. This is why we do not
seek to quantify sharpness or blur. For this reason it is necessary to know how statistics of spatial
frequency domain features changes in natural images. This approach uses discrete cosine transform
and wavelet transform to extract number of features of image.
A. DCT-Based Contrast
Contrast is a basic perceptual quality of an image. We can easily differentiate between local contrast
and global contrast. This model compute the contrast based on local DCT patches and illustrate that
statistics of this local contrast associate with distortion. In this model after dividing an image in
17×17 patches, the 2-D DCT is applied to every pixel in each patches [20]. The local DCT contrast is
then calculated as, average of the ratio total of the non-DC DCT coefficient magnitudes in the local
patch stabilized by the DC coefficient of that patch. The local contrast scores from all patches of the
image are then pooled together by averaging the computed values to obtain a global image contrast
value.
@IJMTER-2015, All rights Reserved
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B. DCT- and Wavelet Structure Features
From the local DCT frequency coefficients Structure features are derived. Higher frequency DCT
coefficients in the image patch whose magnitude is usually much larger are ignored. Ignoring the DC
coefficient unaffected the local structural content of the image. Natural images show statistical
consistency in wavelet space also. Minimal difference has been observed in natural image wavelet
coefficients, consistently have pointed peaks near zero and elongated tails than Gaussian. This
reflects exact intuitive properties of images .Most of natural images is even. This consistency is
broken up by thin distortion represent large amplitude discontinuities. Such highly kurtosis
distributions have important allegation with respect to natural scenes.

Fig3.Low Contrast Image

Fig4.High Contrast Image

Fig5.Sharp object on blurred
background

By computing Kurtosis (quantifies the measure of pointedness and tail weight) we can capture
statistical traits of the DCT and Wavelet features which is given by
K ( x)  E ( x   ) ^ 4 /  ^ 4
n
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3.1

3.2

x 1

@IJMTER-2015, All rights Reserved

1254

International Journal of Modern Trends in Engineering and Research (IJMTER)
Volume 2, Issue 7, [July-2015] Special Issue of ICRTET’2015

s  E( x   ) ^ 3) /  ^ 3

3.3

where mu is mean of x and sigma is its standard deviation. The parameters vary as degradation
varies. It has been noticed that kurtosis variation is perfect in comparison with other parameters. In
some cases there is no linear variation in magnitude with respect to degradation.
IV.

RESULTS

A.
Simulation Details
The nonlinearity of the parameter calculated is the key problem in the developing a model for quality
analysis. Back propagation neural network with number of inputs based on the number of parameters.
The neurons in the hidden layer are fixed to 10 and a single output which is scored (MOS). The
model is tried with changing number of inputs for better optimization. It has been found that kurtosis
in DCT and wavelet domain contrast and skewness input give better result.

Fig6.Regression Plot

The regression plot of images tested is as shown in the figure below. MATLAB with neural net
toolbox, image processing, wavelet and statistics toolbox is used. Multiclass Support Vector
Machine (SVM) is used for estimation of the score but in this case artificial neural network performs
better than SVM.
V.

CONCLUSION

The paper presents statistical approach for the image quality analysis/ In this approach the
degradation in an image are explored through DCT and wavelet transformation of the images and
computing statistical parameters like mean standard deviation, skewness and kurtosis which indicate
@IJMTER-2015, All rights Reserved
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shift according to the degradations. It has been observed that even though there is certain steeped
variation in the statistics the parameters show non linear behavior for certain degradations, which do
not help in formulating computational model for estimating the quality score. Neural network
approach is proposed for the estimation of score and it is observed that around 89% correlating exist
in actual and estimated quality scores. Support machine approach has been also tried, but ANN
approach work better.Other parameters can also be used for training. Images with different noise and
other degradations not available in JPEG can also explored
VI.
[1]
[2]
[3]
[4]
[5]
[6]
[7]
[8]
[9]
[10]
[11]
[12]
[13]
[14]
[15]
[16]
[17]
[18]
[19]
[20]
[21]
[22]
[23]

[24]

REFERANCES

Z. Wang, A. C. Bovik, and B. L. Evans, “Blind measurement of blocking artifacts in images,” in IEEE Int. Conf.
Image Processing, September 2000, vol. 3, p. 981984, IEEE.
Z. M. Parvez Sazzad, Y. Kawayoke, and Y. Horita, “No-reference image quality assessment for jpeg2000 based on
spatial features,” Signal Process.: Image Commun., vol. 23, no. 4, pp. 257–268, April 2008.
X. Zhu and P. Milanfar, “A no-reference sharpness metric sensitive to blur and noise,” in QoMEX, 2009.
R. Barland and A. Saadane, “A new reference free approach for the quality assessment of mpeg coded videos,” in
7th Int. Conf. Advanced Concepts for Intelligent Vision Systems, Sep. 2005, vol. 3708, pp. 364–371.
X. Feng and J. P. Allebach, “Measurement of ringing artifacts in jpeg images,” in Proc. SPIE, Jan. 2006, vol. 6076,
pp. 74–83.
M. Jung, D. Léger, and M. Gazalet, “Univariant assessment of the quality of images,” J. Elect. Imag., vol. 11, no. 3,
pp. 354–364, Jul. 2002.
C. Charrier, G. Lebrun, and O. Lezoray, “A machine learning-based color image quality metric,” in Proc. 3rd Euro.
Conf. Color Graphics Imag. Vision, Jun. 2006, pp. 251–256.
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, May 2010.
T. Brandao and M. P. Queluz, “No-reference image quality assessment based on DCT-domain statistics,” Signal
Process., vol. 88, no. 4, pp. 822–833, April 2008
H. R. Wu and M. Yuen, “A generalized block-edge impairment metric for video coding,” IEEE Signal Process. Lett.,
vol. 4, no. 11, pp. 317–320, Nov. 1997.
V.-M. Liu, J.-Y. Lin, and K.-G. C.-N. Wang, “Objective image quality measure for block-based DCT coding,”
IEEE Trans. Consum. Electron.,vol. 43, no. 3, pp. 511–516, Jun. 1997.
L. Meesters and J.-B. Martens, “A single-ended blockiness measure for JPEG-coded images,” Signal Process., vol.
82, pp. 369–387, 2002.
Z.Wang, A. C. Bovik, and B. L. Evans, “Blind measurement of blocking artifacts in images,” in Proc. IEEE Int.
Conf. Image Processing, vol. 3, Sep. 2000, pp. 981–984.
K. T. Tan and M. Ghanbari, “Frequency domain measurement of blockiness in MPEG-2 coded video,” in Proc.
IEEE Int. Conf. Image Processing, vol. 3, Sep. 2000, pp. 977–980.
A. C. Bovik and S. Liu, “DCT-domain blind measurement of blocking artifacts in DCT-coded images,” in Proc.
IEEE Int. Conf. Acoust., Speech, and Signal Processing, vol. 3, May 2001, pp. 1725–1728.
H. R. Sheikh, Z. Wang, L. Cormack, and A. C. Bovik, LIVE Image Quality Assessment Database Release 2
[Online].Available: http://live.ece.utexas.edu/research/quality 2006
M. Jung, D. Léger, and M. Gazalet, “Univariant assessment of the quality of images,” J. Electron. Imag., vol. 11, no.
3, Jul. 2002.
T. Brandao and M. P. Queluz, “No-reference image quality assessment based on DCT-domain statistics,” Signal
Process., vol. 88, no. 4, pp. 822–833, April 2008.
Hamid Rahim Sheikh, Alan Conrad Bovik, “No-Reference Quality Assessment Using Natural Scene Statistics:
JPEG2000”,IEEE Int. Conf. Image Processing,, vol.. 14, no. 11, November 2005
Michele A. Saad,, Alan C. Bovik, “Blind Image Quality Assessment: A Natural Scene Statistics Approach in the
DCT Domain” IEEE Int. Conf. Image Processing, vol. 21, no. 8, August 2012
Michele A. Saad,, Alan C. Bovik, ,Christophe Charrier” A DCT Statistics-Based Blind Image Quality Index” IEEE
Signal processing letters vol. 17, No. 6, June 2010
S. Gabarda and G. Cristóbal, “Blind image quality assessment through anisotroy,” J. Opt. Soc. Amer., vol. 24, no.
12, pp. B42–B51, Dec. 2007.
Bagade, J. V., Y. H. Dandawate, and Kulbir Singh. "No reference image quality assessment using block based
features and artificial neural network." In Global Trends in Information Systems and Software Applications, pp. 128138. Springer Berlin Heidelberg, 2012.
Bagade, Jayashri V., Kulbir Singh, and Yogesh H. Dandawate. "No reference image quality assessment using
blocked-based and frequency domain statistical features: a machine learning approach." International Journal of
Communication Networks and Distributed Systems 12, no. 1 (2014): 95-112.

@IJMTER-2015, All rights Reserved

1256

International Journal of Modern Trends in Engineering and Research (IJMTER)
Volume 2, Issue 7, [July-2015] Special Issue of ICRTET’2015
[25]
[26]
[27]
[28]
[29]
[30]
[31]

K Zhu, K Hirakawa, V Asari, D Saupe, A no-reference video quality assessment based on Laplacian pyramids. 20th
IEEE International Conference on Image Processing (ICIP) (Melbourne, 15–18 September 2013), pp. 49–53
J Zhou, B Xiao, Q Li, A no reference image quality assessment method for JPEG2000. IEEE International Joint
Conference on Neural Networks (Hong Kong, 1–8 June 2008), pp. 863–868
W Lu, K Zeng, D Tao, Y Yuan, X Gao, No-reference image quality assessment in contourlet domain.
Neurocomputing 73, 784–794 (2010).
Shen, Q Li, G Erlebacher, Hybrid no-reference natural image quality assessment of noisy, blurry, JPEG2000, and
JPEG images. IEEE Trans. Image Process 20(8), 2089–2098 (2011).
HR Sheikh, AC Bovik, L Cormack, No-reference quality assessment using natural scene statistics:JEPG .IEEE
Trans. Image Process 14(11), 1918–1927 (2005).
AK Moorthy, AC Bovik, Blind image quality assessment: from natural scene statistics to perceptual quality. IEEE
Trans. Image Process 20(12), 3350–3364 (2011).
Madhuri A. Joshi, Mehul S. Raval, Yogesh H. Dandawate, Kalyani R. Joshi, Shilpa P. Metkar :Book, “Image and
Video Compression: Fundamentals, Techniques and Applications”(2014)

@IJMTER-2015, All rights Reserved

1257

