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ABSTRACT 
 
This paper presents a noise-resilient no-reference 
objective sharpness metric using the Riemannian tensor by 
mapping the image into a non-Euclidean space and 
measuring the curve variation.  Results are provided to 
illustrate the performance of the proposed sharpness 
metric with and without noise. These results show that the 
proposed metric predicts well the perceived sharpness 
even in the presence of noise eliminating the need for a 
denoising algorithm. 

 
 

1. INTRODUCTION 
 
There has been recently an increasing need to develop 
quality measurement techniques that can predict perceived 
image/video quality automatically. These methods are 
useful in various image/video processing applications, 
such as compression, communication, printing, display, 
analysis, registration, restoration and enhancement [1]. 

Objective metrics can be divided into two categories: 
full-reference and no-reference. In the former case, a 
processed image is compared to a reference such as the 
original image. In the latter case, the metric is not relative 
to a reference image, but rather an absolute value is 
computed based on some characteristics of the given 
image. Quality assessment without a reference is a 
challenging task; distinction between image features and 
impairments is often ambiguous.  

Different types of impairments may exist in an image. 
For example, the JPEG2000 standard mostly introduces 
blurriness and ringing artifacts to the compressed version, 
while the JPEG and MPEG coders introduce blockiness as 
artifacts.  Noise is another important factor that may affect 
the performance of the objective quality metric. For 
example, degraded transmitted video may result in a high 
packet loss in video over IP applications. 

Of particular interest to this work is the no-reference 
sharpness/ blurriness objective metric. This metric is often 
used to assess the quality of the compressed video as well 
as a benchmark for different proposed enhancement 
algorithms. In addition, a sharpness metric is used in 
biomedical and photography applications for focusing 
purpose. 

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

Noise is an important factor affecting the performance 
of the objective image sharpness metric. The source of 
noise can be internal or external. Images captured, for 
example, from the Scanning Electron Microscope (SEM) 
tend to be noisy due to the internal movement of electrons. 
On the other hand, in a communication system, the noise 
present in the received images is due to the interference 
between the channel and other external sources. Existing 
sharpness metrics have been shown in [2] to fail in the 
presence of noise. A noise-immune wavelet-based 
sharpness metric was presented by the authors in [2]. In 
this work, a noise-resilient no-reference sharpness metric 
is proposed by mapping the image into a non-Euclidean 
space using Riemannian geometry and computing the 
tensor as a measure of sharpness. 
This paper is organized as follows. Section 2 presents the 
proposed noise-resilient sharpness metric based on the 
Riemannian tensor. Performance results are presented in 
Section 3. A conclusion is given in Section 4. 
 



2. PROPOSED SHARPNESS METRIC 
 
Sochen et al. [3, 4] proposed to view images and image 
feature spaces as Riemannian manifolds embedded in a 
higher dimensional space. The term image manifold is 
used here as the surface formed by the graph of the image 
as shown in Figure 1. The surface has non-Euclidean 
coordinates and, thus, the measure of distance on the 
manifold can be computed as follows: 
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where I is the image intensity, Ix and Iy are the derivatives 
with respect to x and y, respectively. The Riemannian 
tensor metric is given by [5]: 
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This tensor metric basically is the inner product between 
the tangent vector to the Riemannian manifold and the 
manifold itself. The determinant of this manifold’s metric 
is interpreted as a measure for the presence of gradients on 
the manifold. This is because the integral over the square 
root of the determinant of the metric is simply the area of 
the manifold [3]. When the contribution of the integrand  

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

is large, this means that the area of this part of the 
manifold is large as compared  to the projected area on the 
xy-plane. This is an indication for the existence of large 
gradients. The tensor in (2) is used to measure distances 
on manifolds, and its components indicate the rate of 
change of the manifold given a specific direction. 
Therefore, when the determinant  has a value which is 
much larger than unity, it indicates the presence of a 
strong gradient on the manifold. A value which is close to 
unity indicates a region where the manifold is almost flat. 
Moreover, the metric’s determinant gives an indication for 
the ratio between the size of an area element when 
measured on the manifold and when measured on the xy 
plane. The larger the metric, the less horizontal this patch 
of the manifold (thus containing an edge). 
The proposed sharpness metric S of an image of size MxN, 
is obtained by computing the average determinant tensor 
metric as follows: 
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3. SIMULATION RESULTS 

 
The proposed metric S of (3) has been successfully tested 
by applying it to several images from the LIVE database 
[6]. As an example, Table 1 shows the performance of the 
proposed metric (3) when applied to two images, 
‘coinfountain’ and ‘ocean’, extracted from the LIVE 
database and having different amount of Gaussian blur. 
The original two images are shown in Figure 2. Analyzing 
the obtained results, it is clear that the metric predicts the 
sharpness correctly where it decreases when the blur 
variance increases. It is believed that the signal rate of 
change is much slower in the Riemannian manifold as 
compared to the Euclidean space, which leads to a stable 
and noise-robust sharpness metric.  
To test the validity of the hypothesis, Gaussian noise is 
added to the already blurred ‘coinfountain’ (Gaussian blur 
variance set to {2.51, 1.71, 1.45, 0.85, 0.56}) and ‘ocean’ 
(Gaussian blur variance set to {5.8, 1.48, 1.1, 0.8, 0.56}). 
To test the resilience of the proposed metric to noise, the 
Gaussian noise is injected starting with a variance of 0.01 
and incrementing by 0.01 till the metric fails. For a good 
statistical metric measurement, the noise is applied for 100 
runs for each selected variance, the metric is applied for 
each run and averaged to get the final value.  Figures 3a 
and 3b show the metric performance in the presence of 
Guassian noise at a variance equals to 0.05 and 0.06, 
respectively. As shown, the curve still decreases 
monotically even in the presence of a large amount of 
noise. Note that the ‘ocean' image is more tolerant to noise 
due to the presence of smooth regions.  Figures 4a and 4b 
show a sample of the resultant noisy images. As it can be 



seen from Figure 4, the images are severely distorted and 
still the metric is able to predict correctly the perceived 
sharpness. It is worth mentioning that the metric failed for 
a variance higher than 0.05 for the ‘coinfountain’ image 
set, and higher than 0.06 for the ‘ocean’ image set. The 
metric is more immune to noise for images having low 
variations such as the ‘ocean’ image. 
 
Table 1. Proposed metric values when applied to LIVE 
database images [6]. 

 
4. CONCLUSION 

 
Knowing that existing objective no-reference sharpness 
will fail in the presence of noise [2], this paper presented a 
new objective no-reference sharpness metric based on 
measuring the rate of change of the curve of the image in 
the Riemannian manifold. Simulation results show that the 
proposed metric is resilient to noise and can, in some case, 
tolerate large amounts of noise eliminating the need of a 
denoising algorithm for measuring sharpness. For future 
directions, a study should be performed analyzing the 
effect of the content on the metric behavior.  

 
(a) Original ‘coinfountain’ image 

 
(b) Original ‘ocean’ image 
 
Figure 2. Images extracted from the LIVE database 
 

Coinfountain image 
Gaussian Blur 
variance 

2.51 1.71 1.45 0.85 0.56 

Proposed metric 29.1 47.8 58.9 109.6 164.9 
Ocean image 

Gaussian Blur 
variance 

5.8 1.48 1.1 0.8 0.56 

Proposed metric 3.3 14.4 21.9 32.5 49.2 
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(a) Metric performance when applied to the noisy set of blurred 
coinfountain images. 
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(a) Metric performance  when applied to the noisy set of blurred 
ocean images. 
 
Figure 3. Metric performance in the presence of Gaussian 
noise. 



  
(a) ‘Coinfountain’ with gaussian blur variance = 1.7. (b) Noisy ‘coinfountain’ with Gaussian blur = 1.7 and gaussian 

noise variance = 0.05. 

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

noise variance = 0.06. 
 
Figure 4. Extracted samples from the testing set to which the proposed sharpness metric is applied. 
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