A NO REFERENCE OBJECTIVE SHAPRNESS METRIC USING RIE MANNIAN
TENSOR

R. Ferzli

and LinaJ. Karam

Department of Electrical Engineering
Arizona State University
Tempe AZ 85287-5706
{rony.ferzli, karam}@asu.edu

ABSTRACT

This paper presents a noise-resilient
objective sharpness metric using the Riemanniasoteloy

Of particular interest to this work is the no-refece
sharpness/ blurriness objective metric. This megrizften

no-referenceused to assess the quality of the compressed asleeell

as a benchmark for different proposed enhancement

mapping the image into a non-Euclidean space andalgorithms. In addition, a sharpness metric is used

measuring the curve variation. Results are praite

biomedical and photography applications for focgsin

illustrate the performance of the proposed shampnes purpose.

metric with and without noise. These results shioat the
proposed metric predicts well the perceived shapne
even in the presence of noise eliminating the rfeech
denoising algorithm.

1. INTRODUCTION

There has been recently an increasing need to aevel
quality measurement techniques that can prediceperd
image/video quality automatically. These methode ar
useful in various image/video processing applicejo
such as compression, communication, printing, displ
analysis, registration, restoration and enhancefi¢nt
Objective metrics can be divided into two categarie
full-reference and no-reference. In the former case
processed image is compared to a reference sutheas
original image. In the latter case, the metricas relative
to a reference image, but rather an absolute vaue

Several no-reference objective sharpness metrice we
suggested throughout the literature [2]. These ban
divided into several categories starting by pixaséd
techniques and including analysis of statisticalpgrties
and correlation between pixels. Transform-based
approaches are also extensively used taking acdyaruth
the fact that sharper edges increase the high drexyu
components. In addition, techniques based on image
gradient and Laplacian, detecting the slope ofetlhges in
an image were presented. An overview as well as
performance comparison of the aforementioned nsetric
can be found in [2].

Noise is an important factor affecting the perfonce
of the objective image sharpness metric. The soofce
noise can be internal or external. Images captufed,
example, from the Scanning Electron Microscope ($EM
tend to be noisy due to the internal movement etebns.

On the other hand, in a communication system, thisen
present in the received images is due to the ernente

computed based on some characteristics of the giverbetween the channel and other external sourcestiffxi
image. Quality assessment without a reference is asharpness metrics have been shown in [2] to fathn

challenging task; distinction between image featumad
impairments is often ambiguous.
Different types of impairments may exist in an imag

presence of noise. A noise-immune wavelet-based
sharpness metric was presented by the authors].inn[2
this work, a noise-resilient no-reference sharpmasgic

For example, the JPEG2000 standard mostly intraxluce is proposed by mapping the image into a non-Euatide

blurriness and ringing artifacts to the compressadion,
while the JPEG and MPEG coders introduce blockiasss
artifacts. Noise is another important factor tmaty affect
the performance of the objective quality metric.r Fo
example, degraded transmitted video may result hiigh
packet loss in video over IP applications.

space using Riemannian geometry and computing the
tensor as a measure of sharpness.

This paper is organized as follows. Section 2 prissthe
proposed noise-resilient sharpness metric basedhen
Riemannian tensor. Performance results are prasémte
Section 3. A conclusion is given in Section 4.



2. PROPOSED SHARPNESS METRIC

Sochen et al. [3, 4] proposed to view images anajyan

is large, this means that the area of this partthef
manifold is large as compared to the projected arethe
xy-plane. This is an indication for the existendelavge

feature spaces as Riemannian manifolds embedded in gradients. The tensor in (2) is used to measurardies

higher dimensional space. The term image manifeld i
used here as the surface formed by the graph afrihge

on manifolds, and its components indicate the wfte
change of the manifold given a specific direction.

as shown in Figure 1. The surface has non-EuclidearTherefore, when the determinant has a value which

coordinates and, thus, the measure of distancehen t
manifold can be computed as follows:

ds’ =dx +dy +dI*=

1)
=dx +dy’ + (1 dx+] ,dy)’ =

=L +H1)dC+2 1 dydx dy +(1 +12)dy

wherel is the image intensity, andl, are the derivatives
with respect tox andy, respectively. The Riemannian
tensor metric is given by [5]:
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This tensor metric basically is the inner produetween
the tangent vector to the Riemannian manifold drel t
manifold itself. The determinant of this manifoldigetric
is interpreted as a measure for the presence diegita on
the manifold. This is because the integral oversipgare
root of the determinant of the metric is simply Hrea of
the manifold [3]. When the contribution of the igitend

Figure 1. Representation of the image in the Rierzan
Manifold [3].

much larger than unity, it indicates the presen€eao
strong gradient on the manifold. A value whichlsse to
unity indicates a region where the manifold is atritat.
Moreover, the metric's determinant gives an indarafor
the ratio between the size of an area element when
measured on the manifold and when measured omythe
plane. The larger the metric, the less horizottal patch
of the manifold (thus containing an edge).

The proposed sharpness me8icf an image of siz#xN,

is obtained by computing the average determinargote
metric as follows:

_ 1 MmN
>= MN x=1y=1gXy

3. SIMULATION RESULTS

®3)

The proposed metric S of (3) has been successasdted

by applying it to several images from the LIVE dmise
[6]. As an example, Table 1 shows the performaridben
proposed metric (3) when applied to two images,
‘coinfountain’ and ‘ocean’, extracted from the LIVE
database and having different amount of Gaussian bl
The original two images are shown in Figure 2. Amnialg

the obtained results, it is clear that the metredzts the
sharpness correctly where it decreases when the blu
variance increases. It is believed that the sigatd of
change is much slower in the Riemannian manifold as
compared to the Euclidean space, which leads taldes
and noise-robust sharpness metric.

To test the validity of the hypothesis, Gaussiaiseas
added to the already blurred ‘coinfountain’ (Gaasdblur
variance set to {2.51, 1.71, 1.45, 0.85, 0.56}) awkan’
(Gaussian blur variance set to {5.8, 1.48, 1.1, 0.86}).

To test the resilience of the proposed metric tiseahe
Gaussian noise is injected starting with a variasfc@.01
and incrementing by 0.01 till the metric fails. Fpigood
statistical metric measurement, the noise is agpite 100
runs for each selected variance, the metric isieggbr
each run and averaged to get the final value. régyG@a
and 3b show the metric performance in the presefice
Guassian noise at a variance equals to 0.05 argl 0.0
respectively. As shown, the curve still decreases
monotically even in the presence of a large amaint
noise. Note that the ‘ocean’ image is more tolei@nbise
due to the presence of smooth regions. Figuremdaib
show a sample of the resultant noisy images. Aartbe



Proposed Metric Performance for Coinfountain (noise variance = 0.05)
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(a) Metric performance when applied to the noigyo$élurred
coinfountain images.

(a) Original ‘coinfountain’ image

Proposed Metric Performance for Ocean (noise variance = 0.06)
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Figure 2. Images extracted from the LIVE database
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seen from Figure 4, the images are Severe]y oestaahd Gaussian Blur Variance

still the metric is able to predict correctly therpeived (a) Metric performance when applied to the noityas blurred
sharpness. It is worth mentioning that the metitedl for  ocean images.
a variance higher than 0.05 for the ‘coinfountamage
set, and higher than 0.06 for the ‘ocean’ image Beé Figure 3. Metric performance in the presence of &an
metric is more immune to noise for images having lo noise.
variations such as the ‘ocean’ image.
4. CONCLUSION
Table 1. Proposed metric values when applied toELIV
database images [6]. Knowing that existing objective no-reference shagm

Coinfountain image will fail in the presence of noise [2], this papeesented a

Gaussian Blur new objective no-reference sharpness metric based o
variance 251 | 1711 145 085| 056 measuring the rate of change of the curve of thegerin

Proposed metric | 29.1 | 47.8| 58.9| 109.6| 164.9 the Riemannian manifold. Simulation results shoat the

Ocean image proposed metric is resilient to noise and canpimescase,

Gaussian Blur tolerate large amounts of noise eliminating thedneka
variance 58 | 148 1.1 0.8 0.56|  denoising algorithm for measuring sharpness. Farrdu

Proposed metric | 3.3 | 14.4| 21.9 325 49.2| directions, a study should be performed analyzing t

effect of the content on the metric behavior.



(a) ‘Coinfountain’ with gaussian blur variance 7 1.

(c) ‘Ocean’ with gaussian blur variance = 1.0.

(b) Noisy ‘coinfountain’ with Gaussian blur =71and gaussian
noise variance = 0.05.

Nojisy ‘ocean’ with gaussian blur variance = 1.0 gadssian
noise variance = 0.06.

Figure 4. Extracted samples from the testing sethizh the proposed sharpness metric is applied.
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