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ABSTRACT

To achieve the best image quality, noise and attifare generally removed at the cost of a losketsils generating the
blur effect. To control and quantify the emergentdhe blur effect, blur metrics have already beeoposed in the
literature. By associating the blur effect with thége spreading, these metrics are sensitive dpttorthe threshold
choice to classify the edge, but also to the pmsei noise which can mislead the edge detection.

Based on the observation that we have difficulteperceive differences between a blurred imagethadsame re-
blurred image, we propose a new approach whictoisbased on transient characteristics but on tkeridiination
between different levels of blur perceptible on $hene picture.

Using subjective tests and psychophysics functiamsyalidate our blur perception theory for a @epictures which
are naturally unsharp or more or less blurred thinoane or two-dimensional low-pass filters. Thossts show the
robustness and the ability of the metric to evauadt only the blur introduced by a restorationcessing but also focal
blur or motion blur. Requiring no reference andw tost implementation, this new perceptual bletrio is applicable
in a large domain from a simple metric to a mearfine-tune artifacts corrections.

Keywords: Blur, Perception, No-Reference, Objectivetric, Subjective test.

1. INTRODUCTION

New technologies of displays, panels, cameras diile®aim at obtaining the best image quality. Til@nomenon
plays an important role in the evolution of the geacorrection algorithms to remove noise or congioesartifacts.
Unfortunately, most of the corrections using lovepdilters not only smooth artifacts, but also laspart of the high
frequency content and generate a blur effect. Gthmathods such as rescaling algorithms can alserggenthis artifact.

To control and quantify the emergence of the bfteot, blur metrics have been proposed in thediime. One of the
first blur estimation [1] was established in 1997improve the super resolution algorithms. Them, lthur estimation
was used as a quality metric. In 1999, Marichaklke{2] estimated the blur by using an histogramtied DCT
coefficients, but this method was limited to thanfies in the compressed domain. Then, several mdtased on an
edge detection were proposedimong them, Marziliano et al [3] took into accouthe edge spreading using the
inflection points delimiting an edge. Caviedes lqdgmade an evaluation of the sharpness (thersevef the blur) by
computing the Kurtosis of the DCT on blocks contagnedges. Ong et al [5] characterized the amoftiril by
computing the average extent of the edges. Basatlgiven edge detector, these metrics are sensitvenly to the
threshold choice to classify the edge, but alstiiéopresence of noise which can mislead the edgetien. Hu et al [6]
proposed a Gaussian blur estimation algorithm wischmot based on an edge detection. Their methadehtbe focal
blur with the normalized Gaussian function and @lwdapted for the out of focus blur detectiolinimges or videos.

To be independent from any edge detector and tabie to predict any type of blur annoyance, we psepa new
approach which is not based on transient charatiteribut on the discrimination between differeewels of blur
perceptible on the same picture. In fact, we oleséinat we have difficulties to perceive differenbesween a blurred
image and the same re-blurred image. Consequentyise this phenomenon to estimate the blur amueya



The major interest of a no-reference metric is @ dble to replace subjective tests requiring time aeans.
Nevertheless, these tests are necessary to vatltatmetric by correlating them with the human juegt. Following
the ITU recommendations [7] to make subjectivestest take also advantage of this step to anahsdehaviour of
the viewers and their abilities to evaluate the bffect on a picture.

In this paper, we present the description and #lielation of our no-reference perceptual blur neetfiection 2 presents
the method used to evaluate without reference the gerception, section 3 is the description of theperimental
protocol used to establish subjective tests, antisse4 proposes an analysis of the behaviour ®@tbwers and shows
the correlation between the objective measurenmatise quality metric and the subjective tests. A heection 5 lists
the possible applications of the metric and sedigmovides the conclusion of the paper

2. THE NO-REFERENCE BLUR ESTIMATION

2.1 Theblur discrimination of the human perception

Because the blur effect is caused by a loss offigfie frequency content, it can be reproduced witbvapass filter. By

studying naturally blurred pictures and using dife low-pass filters to cover the largest possiblege of blur levels,
we observe that we have difficulties to perceivifiedénces between a blurred image and the samiimeth image. In

Figure 1, we present from left to right the oridisharp picture, the original picture blurred withow-pass filter and the
blurred picture re-blurred with the same low-paksrf We observe a high difference in term of lo$gletails between
the first and the second picture and a slight dffiee between the second and the third picture.

Figure 1: from left to right: original picture, ginal picture blurred with an averaging filter, bled picture re-blurred with
the same averaging filter.

Actually, the more we blur, the more the neighbgnixels converge to the same gray level. If we Blsharp picture,
gray levels of neighboring pixels will change wihmajor variation. On the contrary, if we blur dready blurred

picture, gray levels of neighboring pixels willlsthange, but only to a weak extent. We can expihais phenomenon
by the fact that the second blur effect reducesffardnce between pixels that has already beencestiby the first

blurring effect. To illustrate this phenomenon, fiigure 2 represents the three histograms of tselate difference

between neighbouring pixels for a same picture ghblurred and re-blurred. We notice that the hditferences

significantly decrease after the first blurringpstend slightly decrease after the second blurrieg. On the contrary, the
number of slight variations increases with the bhwrring steps.

The key idea of our blur estimation principle isbtar the initial image and to analyse the behavafithe neighbouring
pixels variation. The blurring step should be darith a strong low-pass filter in order to be suvecompare the initial
image with an image which seems blurred for the d&umerception. The choice of the type of filtenig exhaustive if
it is a strong filter.
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Figure 2: histograms of the variations (the absollifferences) between neighboring pixels for arghblurred and re-
blurred picture

2.2 General observations on the blur perception

In addition to this previous principle, we note eth phenomena on the blur perception which leatb us specific
principle of the blur estimation.

The first observation depends on the local conbénibe picture. If we look at a picture containiagmall blurred part
over a homogeneous area, we perceive it as anhap-picture even if only a minor part of this pig is blurred

(Figure 3). For this reason, in the analysis ofrthighboring pixels variation, we only take int@agnt the pixels which
have changed after the blurring step.

Sharp or Blur?

Figure 3: A small blurred text over a large flagar

Moreover, by blurring a sharp edge on a flat aneapbserve that we create slight variations betwesghboring pixels
around the edge which were not existing on thepspiture. To avoid to take into account theseatamms, we consider
only the neighboring pixels variations which haweerkased after the blurring step. This method takieantage of the
possibility to access to specific local variatisapresentatives of the blur effect.

Finally, by using our principle, we are robust toeventual presence of noise. In fact, more orddsitive noise makes
blurred pictures appear more or less sharp. Byitpkito account all variations of the image whievé decrease after

the blurring step, we analyze also the pixels daoimg the noise information which can be locatectlom edges, on the
textured areas or on the homogeneous areas.

The last observation is done for pictures with aiomoblur. For example, we observe this phenomeéioora picture
extract from a traveling sequence. On a picturerbtliin one direction, the eye perceives the biigceon this direction

but does not perceive the sharpness on the otirexgidns. For this reason, we estimate the bluhehorizontal and
the vertical directions and select the blur theerannoying as the final blur value.



2.3 Description of the blur estimation principle

Based on the phenomena explained in the previai®seewe are able to quantify the blur annoyancea@icture by
blurring it and comparing the variations betweenghleoring pixels before and after the low-passefitig step.
Consequently, the first step consists in the coatprt of the intensity variations between neighhgrpixels of the
input image. On this same image, we apply a lovgfdigter and compute also the variations betweenrthighboring
pixels. Then, the comparison between these intemaitations allows us to evaluate the blur annegaf hus, an high
variation between the original and the blurred imageans that the original image was sharp wherstigha variation

between the original and the blurred image meaas tthe original image was already blurred. Thiscdpson is

summarized in Figure 4.

Intensity variations
Input picture  [——————M  betweenneighbouring

pizels

Cormparison between these

Low-pass filter — | intensity variations modulated 1 g Blhur Estimation
with the local content

hd . -
- - Intensity variations
Blurred input picture | ———®  petween neighbouring

pizels

Figure 4: Simplified flow-chart of the blur estirnmt principle
Based on this principle, we describe in the follagvsubsection the algorithm of this no-reference bietric.

2.4 Algorithm description of the no-reference blur metric

It is known that the sharpness of an image is doathin its gray component. This assumption, whsckerified with
subjective tests, justify that we estimate the lalunoyance only on the luminance component. The ¢loart in Figure
5 describes the steps of the algorithm descrigimhrefers to the following equations.

Let F be the luminance component of an image or a vidaoeof size ofm x npixels. To estimate the blur annoyance
of F the first step consists in blurred it in orderdiotain a blurred imagB. We choose an horizontal and a vertical
strong low-pass filter (1) to model the blur effaad to creat8., andByg,.

h=3x111111111]  h=transpos¢h)=h’ "

Brer=h*F BHor=h*F

Then, in order to study the variations of the nbiing pixels, we compute the absolute differenbagesD_Fyer,
D_Fhor, D_Byerand D_By,, as followed:

D_Fedi, j)=AbSF (i, ))-F (i-1,])) for i=l to m-1, j=0 to n-1
D_Fror(i,j)=AbSF (i, )~F (i,j=1) for j=1 to n-1, i=0 to m-1
D_Bue(i, j)=AbsBreri, |)-Bee(i—L,j)) for i=l to m-1, j=0 to n-1 @
D_Bhor(i, j)=AbsBror(i, |)~Bror(i, j-1)) for j=L to n-1, i=0 to m-1



As we explain in the previous subsection, we neednialyze the variation of the neighboring pixdterathe blurring
step. If this variation is high, the initial image frame was sharp whereas if the variation ishglithe initial image or
frame was already blur. This variation is evaluaiaty on the absolute differences which have deada

Wer=Max(0,D_Fver(i, j)—-D_Bued(i,j)) fori=lto m-1, j=1to n-1

3)
Vhor=Max(0,D_For(i, j)—D_Bror(i,])) fori=1to m-1, j=1to n-1

Then, in order to compare the variations from th&ail picture, we compute the sum of the coeffitieofD_Fye, ,
D_Frors D_Wsen D_ V4o as followed:

m-1,n-1 m-1n-1
S_F\/er: ZD_F\/er(i,j) S_FHor: ZD_FHor(i,j)
ij=1 ij=1
(4)
m-1,n-1 m-1n-1
S_Wer: ZD_\Ner(i , J) S_VHor: ZD_VHor(i , J)
ij=1 ij=1
Finally, we have to normalize the result in a dedi range from O to 1:
b_R/er_S_F/er—S_Wer b_FHor _S_Fror—=S_ Vhor (5)
S_HFver S_Fror

We note that the variations between the two diffees image®_F andD_B are always slighter than the values of the
initial difference imagd®_F.

Then, we select the blur the more annoying amoagéhtical one and the horizontal one as the fihai value.

blur r :MaX(b_FVer,b_FHor) (6)

To summarize, we obtain a no-reference perceplualdstimationblur_- ranging from 0 to 1 which are respectively
the best and the worst quality in term of blur peton.

Frame F F | Lines Differences D_Fyy i N Burmn of 5_Fy.,
Pl Rows Differences | Fiton | P coefficients
2 - i “ S_Faor
U DF, DBy |Yre Bl b Fyer! blar
F ; D Fy,,—D By, Estimation | i* "W
> 3 Vigor —™ o) b i @
Y B
F blurred i ~ Lines D1ger'ences D Byl S?;n of 5_Vyu
6D Rows Differences i coefficients
BHor (2) DfBHDr : (4) S_VHDI’

Figure 5: Flow chart of the algorithm with the efjoas references.



3. EXPERIMENTS

Following the ITU-R recommendations [7], we madees anain subjective experiment in order to assessgibieal
quality of some blurred pictures.

3.1 Subjectivetest procedure

The aim of the procedure is to collect an absdautgective opinion of each picture. In this way, develop a program
for psychophysics experiments with the psychtoolbbiklatlab. Before this experiment, a training sas<alibrates the
opinion of each viewer with ten pretest picturefie3e results are not taken into account in thd filsda. The
experiment is a test-retest experiment, contaibirgequivalent parts separated by a pause of 3tesrmainimum. Each
part contains a whole set of one hundred picti¥esthe experiment, we set several timing parareetesich picture is
shown during a duration of 5 seconds. This timel®en chosen after many tests to collect only itlsé $pontaneous
opinion of the viewers. Nevertheless, the viewens assess the pictures faster by hitting a buftbrs. allows to obtain
results about visualization time. The picture isnthieplaced by a graph showing a five level gradoaiNo time limit
has been set for the assessment. The viewer cariigévscores between 1 and 5 corresponding terakguality levels
as shown on the Table 1. After the assessmense@d@nds of a neutral gray is presented beforedhkepicture in order
to suppress any retinal effect.

Tablel: Five-grade scale

Quality | Score I mpair ment
Excellent| 5 Imperceptible
Good 4 | Perceptible but Not Annoying
Fair 3 Slightly Annoying
Poor 2 Annoying
Bad 1 Very Annoying

3.2 Theroom

The assessment of the quality of a picture dependbe environment. Thus, we make the main expatinmea total
neutral gray environment in order to minimize paeaseflections on screen, walls, ceiling and talideiring the
experiment, the light was turned off contrary te gause where the light was on in order to makerithger’s eyes rest
(Figure 6).

3.3 Thescreen

The screen used is a 21" View Sonic G220f which theen previously calibrated with the GretagMacHeyk-One in
order to have a 6500K color temperature. The réisolwf the display is set to a resolution of 1400%0 in order to fit
with the picture’s original size. The viewing diste is about 4 times the height of the screen, tantpwith the ITU
recommendations (Figure 6).

Figure 6: Subjective tests room



3.4 Thepictures

The content of the pretest is chosen to repredentifferent levels of degradation. Then, sevetaré are randomly
applied to 12 pictures: 2 types of Gaussian filgs3 and 5x5), 4 types of averaging (3x3, 5x5, aad 9x9) and
motion filters (3x1, 5x1, 7x1 and 9x1) and one ager disk filter with a diameter of 11 pixels. Th2 ihitial pictures
represent natural scenes more or less textured.Fithee 7 illustrates a sample of the data setedoh part of the
experiment, all pictures are randomly put on threee and assessed. The random order allows toessgpany influence
from the order of the presentation. Finally, 13&uynies are assessed twice per viewer.

Figure 7: Example of pictures from the data base

3.5 Thepaddle

We only used a paddle to make the experiment. Tthasyiewers are almost twice faster than usingybkard. Finally,
they take about 25 minutes to assess the 264 etlihe experiment is all the more easy to pasgtbee are only 3
buttons (validate-confirm-cancel) and 2 arrowshargye a score given to a picture.

3.6 Theviewers

At the beginning of the experiment, information abthe viewers are written in the database (age,assivity, ...). An
Ishihara test is made in order to detect possibler dlindness. Finally, the panel of observermade up with 15 non-
expert viewers. Each one has a perfect visualacuit

4. RESULTS

A similar experiment with gray scaled pictures amdored pictures has been made before this mainiroeder to
prove that the luminance component study was seffficto estimate the blur artifact. We notice thia¢ scores
corresponding to the gray scaled pictures werewdifft only by 0.21 with a standard deviation oB0oh the five-grade
scale. That confirms the fact that the analysiefchrominance is not very important when we eatalthe blur effect.

4.1 Analysisof the viewer s behavior

Following the ITU recommendations, the computatainthe Mean Opinion Score (MOS) and statistical lysia
allowed us to reject 3 viewers out of 15. Then,examine the different times taken by the vieweradsess a picture,
and we obtain some interesting results representeijure 8:

» There are no hesitation when the pictures are larodal.

« On average, the highest scores have been givanaalteger time than the lowest scores. Indeedyiders
wanted to find some defaults before to give theesco

e There is a psychological jump in the subjectivelgation of the blur. Indeed there are less assastsnveth
scores between 2 and 3.5. That implies that theiblgenerally perceived or not.
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Figure 8: Average response time function of theaye assessment

4.2 Correlation between the subjective tests and the no-r eference per ceptual blur metric

In order to evaluate the proposed algorithm, wepzmed the subjective and the objective assessntérgs.we observe

a correlation between the objective and the subgcheasurements. The Figure 9, which represeat8M@S with the
95 percent interval versus the objective metrigsillates this correlation: the no-reference mdtilows the human
estimation. In order to evaluate more preciselyséheesults, we try to find a relation between these assessments.
Referring to psychophysics functions Ay, is the objective assessment ahg,the subjective assessment, we tried to
approximate the functioASub= f(Aobj) by the following function (7).

_ A
P exp(O* Ao —Dw)*G) T © Y

where the real numbessandB are found with the boundary values of the functenmdG, D andDy, by computing the
coefficients of a linear approximation of the falimg function:

log(1)=(D* Aobi~Dw)*G

; =1_ - 1 (8)
with | 0 1 and p Trexp(D* Aoy —Dw)*G)

Finally, we achieve to the equation (9) called iptdation in Figure 9:

b= 379 ; : - _ (9)
Asub 1+exp(10.72"A0bj—455)+1'13 with a correlation coefficient R=0.92

This interpolation allows to compare the subjectiviel the objective assessments relatively to tfierdnt filters. The

Figure 10 illustrates for each filter, the subjeetand the objective assessments. First, we natetth largest the filter
is, the worst the quality is for both objective aubjective assessments. Then, by introducing Shge8cent confidence
interval computed with the subjective results, vsarve that the no-reference blur metric fits ithtis interval except
for the nine pixels averaging filter that fallsgitly outside.
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Note: In order to be a low-cost metric, we cho@sedmpute the blur annoyance only in two directiimsrizontal and
vertical) but our principle is adapted to each cimns. This choice depends not only to the wighettision but also to
the cost implementation. In our case, we consillat the two directions give a result sufficientiycarate and well
correlated with the human perception.

To conclude this subsection, we summarize in Fidlkethe several steps used to allow the validatibour no-
reference blur quality metric as a no-referencegual blur quality metric.
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Figure 11: Flowchart of the no-reference blur qyatietric validation step.

5. APPLICATIONS
This low-cost and robust no-reference perceptual imletric can be used in different applications:
» A simple quality metric for pictures or video frasne

* A means to compare the quality of restoration maghor scaling methods. For example, this percejtiugl
metric is well correlated with a subjective teshaig at estimate the quality of several scalingathms.

* A means to fine-tune artifacts correction algorithwhich have a tendency to smooth details. For planve
use this algorithm to control the emergence of bfua deblocking algorithm.

» An other application consists in the sharpness éwvgmment by using an inverse method to evaluatebése
appropriate sharpness filter from the blur coeéinti

6. CONCLUSION

Based on the discrimination between different IewdIblur perceptible on the same image, we propasew method to
estimate the blur annoyance. We justify each sfepuo method with a general observation on the plknception and
we develop a no-reference perceptual blur metanging from 0 to 1 which are respectively the sl the worst
quality in term of blur perception. To evaluate jitsrformance, we compared this metric with subjectests done
following the ITU recommendations as good as pdssitye validated this metric for static images hpwing the high
correlation between this no-reference blur metnid the human estimation.

This new measure can now be used as a blur quaditsic but also as a means to improve a picturgosleas or to fine-
tune artifact corrections avoiding the emergencblof. About the subjective tests, it is interegtio notice that there
was only one default introduced in the tested péstulf one more default was introduced, the sulbyeeneasures could
be less well aligned to the objective ones. Furthgreriments are currently in progress to assessaeartifacts at the
same time and to understand how to combine obgctigtrics of different artifacts to produce onlyedmal quality
factor.
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