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Image Quality Assessment for Defocused Blur Images
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Abstract Defocus blur is considered as an important visual cue for image quality assessment which the latter plays an
effective role in various image processing applications. Image quality assessment related to image similarity in which quality
is based on the difference between the degraded image and the original one. Among the well-known algorithms for measuring
image quality assessment, Mean Squared Error (MSE), Signal-to-Noise Ratio (SNR), Structural Similarity Index Metric
(SSIM), and structural Dissimilarity metric (DSSIM) have been used. An attempt to improve the quality of such blur has been
executed which the latter treated by six different mechanisms. Results of the objective quality assessment showed the role of
its parameters in providing mechanisms' quality through their applications. Among the different used mechanisms, the
conversion to grayscale mechanism produces a powerful result upon the defocused blur images. Besides, results also show
the highest efficiency for the objective quality assessment which has been used here to discriminate the best and worst used

mechanisms upon such blur images.
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1. Introduction

Defocus blur is mainly a result of a certain problem of the
geometric image formation in addition to the finite depth of
field of practical camera lens systems. This type of blur
causes a serious image degradation [1]. So, the need for
image quality measurement takes place which has long
considered a very important cue for numerous image
processing applications. Basically image quality is measured
in two ways; subjective and objective methods. In practice,
however, subjective evaluation is usually too inconvenient,
time-consuming and expensive [2]. The objective method
attempted to quantify the visibility of differences between
the distorted image and the reference one using a variety of
known properties of the human visual system (HVS) [3]. The
objective method is more preferable than subjective method
because it predicts image quality automatically [4]. In recent
years, an attention towards an objective methods has been
attracted and a large number of objective image quality
metrics has been developed during the last decade. The
objective metrics can be divided into three categories;
full-reference, no-reference, and reduced-reference. The
full-reference is the most existing approaches in which a
complete reference image is assumed to be known. In many
practical applications, however, the reference image is not
available, and hence a no-reference quality assessment
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approach is desirable. In order to evaluate the quality of the
distorted image in the third part of the method, the reference
image is only partially available in a form of a set of
extracted features which are made available as side
information [2, 3, 5]. The presented work here has been
established upon the assumption of a full-reference image
quality measure. In general, there are two classes of
objective quality assessment approaches [2, 6]:

o Simple statistics error metrics

e HVS feature based metrics

Among numerous metrics of objective quality assessment
approaches, the presented work has been adopted the
following measures:

2. Simple Statistics Error Metrics

2.1. Mean Squared Error (MSE)

It is the simplest, and most widely used full-reference
image quality measurement. This metric measures the
similarity between images through computing the average
energy of signal's error. It stands for the mean squared
difference between the original and distorted images and can
be defined as follows [2, 4, 6]:
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Where x(i,j), and y(i,j) represent the original and distorted

image respectively. Pixel's positions of the MxN image are i
and j respectively.
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2.2. Signal-to-Noise Ratio (SNR)

The signal to noise ratio is inversely proportional to the
MSE and it is given by the next equation [7]:

x(i, J)
SNR = ==
VMSE

Advantage of MSE and SNR is that they are fast and easy
to implement in quantifying error signal. The lower value of
MSE indicates greater image similarity, while greater SNR
value refers to higher image similarity [2, 7].

)

3. HVS Feature Based Metrics

3.1. Structural Similarity Index Metric (SSIM)

The structural similarity index is a method for measuring
the similarity between two images [5]. This measure
compares two images using information about luminous,
contrast and structure as follow [5, 8, 9]:
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Where x and y are two different images that would like to
match, x4, o, and o, are the average of x, standard deviation
of x, and the covariance of x and y respectively where [2, 5]:
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Where w(p,q) is a Gaussian weighting function such that:
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And Cy, C, and Cj are constants given by [5, 9]:
C=(K,Ly’ (10)
Cr~(KoL’ (11
and
C=C,/2 (12)

L is the dynamic range for the sample data, i.e. L=255 for 8
bit content and K;{{1 and K,{{1 are two scalar constants.
Throughout this research a value of 0.01 and 0.03 are set to
parameter K; and K, respectively. The structure similarity
can be written as [5, 8, 9]:

SSIM (x, y) = [1(x, )].[c(x, »)].[s(x, ¥)]
SSIM is a decimal value between (-1,1) [6].

(13)

3.2. DSSIM

This is the structural dissimilarity metric which is derived
from SSIM as follows [6]:

1
1-S8SIM (x,y)
The greater values of SSIM and DSSIM refer to greater
similarity between images [2]. In order to examine the

quality of defocused blur image, several mechanisms have
been tested here, these are:

DSSIM (x,y) = (14)

4. The Adopted Mechanisms

4.1. Histogram Equalization

Histogram equalization is a method in image processing of
contrast adjustment using image's histogram [10, 11]. This is
achieved by spreading the intensity values over full range
[12]. So, if X={x(i,j) } denotes an image which composed of L
discrete gray levels. Then the probability density function
pl) is [11];

nk

p(xg) =— (15)
n
Where k=0,1,.....L-1, n* represents the number of times
that the gray level x; appears in the input image. The total
number of images' samples is 7.
The cumulative density function (cdf) is then defined as

[11]:
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In this research, the output image takes the next

expression:

Y = cint( (17)
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Where 7k and Iw represent image's height and width
respectively.

Tw

4.2. Opposite Histogram Equalization
Based on the above equations, a new mechanism has been
suggested. The cdf can be re-written as:
L-1

cdf = Zp(255—xk)

k=0

(18)
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4.3. Laplacian Filter

Laplacian filter is one of the sharpening spatial filters
which enhances image's details that have been blurred
through errors or imperfect capturing devices. According to
the consideration of laplacian filter as a linear spatial filter,
one can implement it by using the convolution process and
hence laplacian's filter can be implemented here by using the
next 3x3 masks [12].

0 |-1]0 1 -2 1

105 |- 2 5 | 2

0 |-1]0 1 -2 1
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Figure 1. Laplacian masks (a) [13], (b) suggested

4.4. Conversion the RGB Image to Grayscale Image

In RGB images, each pixel has a particular color described
by the amount of red, green and blue in it. In grayscale image
on the other side, each pixel is a shade of gray in which each
pixel is represented by eight bits, or exactly one byte [14].
The following average method can be used here to convert
RGB image to grayscale image [15].

LGrgy = Ip(x, )+ 16 (x, ) +1p(x,») /3 (19)

Where Ix(x,y), I5(x,y), and Ip(x,y) are the intensity of the
pixel (x,y) in the red, green and blue bands respectively.

4.5. Emboss Filter

An emboss filter gives a 3D shadow effect to the image in
such that some objects of the picture are closer or further
away than the background, making a 3D or embossed effect
[16]. Filter's matrix for embossing effect which has been
used here is:

-1 -1 -1

-1 -1 ] -1

-1 119

Figure 2. The suggested emboss mask

5. Experimental Results and Discussions

As said previously, the research here is based on
full-reference image quality assessment. With the aim of
Canon EOS 650D of 18 megapixel CMOS, two scenes have
been selected to capture images as shown in Fig.(3). The blur
images have been obtained by defocusing the scene
randomly. The effect of the adopted mechanisms was shown
in Fig.(4). The measurement for image quality assessment

has been tested upon the defocused blur image for each scene.
Tables (1), and (2) show the results of such measurements.

(b)

Figure 3. The original used images (a) Palm image (b) Masterpiece image

(a) Defocused Blur Image
(c) Opposite Histogram Equalization

(b) Histogram Equalization

(d) Laplacian Filterl
(f) Convert to Gray

(e) Laplacian Filter2
(g) Emboss Filter

Figure 4. Results of the adopted mechanisms upon palm image
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Table 1. Image quality assessment measurements for palm image

. Quality Measurement Parameters
Mechanism's Name
MSE SNR SSIM DSSIM
Histogram Equalization 1924 3.43 0.79521 4.883
Opposite Histogram 31283 0.48 0.20701 1.261
Equalization
Laplacianl 259 11.59 0.99998 54060.642
Laplacian2 163 14.49 0.99996 28285.278
Convert to gray 55 35.83 0.99999 1527484.217
Emboss 3568 3.26 0.99889 906.189
Table 2. Image quality assessment measurements for masterpiece image
. Quality Measurement Parameters
Mechanism's Name
MSE SNR SSIM DSSIM
Histogram Equalization 3808 2.42 0.74972 3.995
Opposite Histogram 32048 1.39 0.59046 2.441
Equalization
Laplacian1 62 11.44 0.99939 1658.526
Laplacian2 68 10.93 0.99969 3239.492
Convert to gray 34 16.94 0.99996 26293.445
Emboss 680 3.56 0.99639 277.552

Through noticing the whole results of image quality
assessment, one can noticed the strongest effect for the
conversion process in conversion the RGB image to
grayscale image mechanism upon defocused blur images.
Otherwise, the mechanism of an opposite histogram
equalization plays the worst role in its application among the
rest used measurements. Between the simple statistics error
and HVS feature based metrics, an alternative role in its
application's effect between laplacians' approaches in its two
masks in addition to emboss and histogram equalization
mechanisms has been resulted. Results also show the highest
efficiency for objective quality assessment in such
comparison to discriminate the best and worst used
mechanisms. For the two used scenes, both SSIM and DSSIM
measure the similarity with consistent accuracy with MSE
and SNR results to present the best (i.e. conversion RGB
image to grayscale image) and the worst (i.e. opposite
histogram equalization) mechanisms upon such blur images
and this opens a new proposals toward further researches.

6. Conclusions

An attempt to measure the quality of defocused blur
images has been executed and tested after being affected by
some selected mechanisms. Among the different types of
mechanisms that have been used here, one can use the
conversion to grayscale mechanism as a good procedure to
treat such blur images. Results also show the role of the
objective quality assessments with all its used parameters in
providing mechanisms' quality through their applications.
Quality measurement parameters measure the similarity

between images with consistent accuracy to introduce as a
result the best and worst used mechanism upon such blur
images.
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