IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 18, NO. 4, APRIL 2009

717

A No-Reference Objective Image Sharpness Metric
Based on the Notion of Just Noticeable Blur (JNB)

Rony Ferzli and Lina J. Karam, Senior Member, IEEE

Abstract—This work presents a perceptual-based no-reference
objective image sharpness/blurriness metric by integrating the
concept of just noticeable blur into a probability summation
model. Unlike existing objective no-reference image sharp-
ness/blurriness metrics, the proposed metric is able to predict the
relative amount of blurriness in images with different content.
Results are provided to illustrate the performance of the proposed
perceptual-based sharpness metric. These results show that the
proposed sharpness metric correlates well with the perceived
sharpness being able to predict with high accuracy the relative
amount of blurriness in images with different content.

Index Terms—HVS, image assessment, image quality, no-refer-
ence, objective, perception, sharpness metric.

I. INTRODUCTION

HERE has been an increasing need to develop quality
T measurement techniques that can predict perceived
image/video quality automatically. These methods are useful in
various image/video processing applications, such as compres-
sion, communication, printing, display, analysis, registration,
restoration, and enhancement [1]. For example, a noise metric
[2] can be used to estimate the quantization error caused by
compression without accessing the original pictures, while
a sharpness metric can be used as a control parameter for
sharpness enhancement algorithms applied to digital imagery;
a sharpness metric can also be used to estimate the blur caused
by image compression algorithms.

Subjective quality metrics are considered to give the most re-
liable results since, for many applications, it is the end user who
is judging the quality of the output. A subjective quality metric
can be computed by preparing the test images, selecting an ap-
propriate number of individuals, and asking their opinion based
on specified criteria and conditions. Subjective quality metrics
are costly, time-consuming and impractical for real-time imple-
mentation and system integration. On the other hand, objective
metrics can be divided into three categories: full-reference, re-
duced-reference, and no-reference. In the former case, a pro-
cessed image is compared to a reference such as the original
image. For the reduced-reference case, only partial information
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about the original image is available and described by a set of
local features. 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.

Of particular interest to this work is the no-reference sharp-
ness/blurriness objective metric. Note that blur in an image is
due to the attenuation of the high spatial frequencies, which
commonly occurs during filtering or visual data compression.
The image blurriness metric can also be used to measure sharp-
ness since blurriness and sharpness are inversely proportional.
Sharpness metrics can also be combined with other metrics to
assess the overall quality. Several no-reference objective sharp-
ness metrics were proposed in the literature and are analyzed in
[3].

In this paper, a new perceptual no-reference image sharpness
metric based on the notion of just noticeable blur (JNB) is in-
troduced. In this work, it is shown that the HVS will mask blur-
riness around an edge up to a certain threshold; we refer to this
threshold as the JNB. Knowing that the HVS tolerance is sub-
ject-dependent, subjective testing is performed and the JNBs are
determined in function of the local contrast and are used to de-
rive an edge-based sharpness metric based on a HVS model that
makes use of probability summation over space [4].

This paper is organized as follows. Section Il presents an
overview of existing no-reference objective image sharpness
metrics. Section Ill presents a motivation for the need of an
HVS-based image blur/sharpness metric, and presents the re-
sults of available no-reference sharpness metrics when applied
to images having different levels of blurriness and with different
content. Section 1V describes the proposed sharpness metric in-
cluding the derived HVS-based blur perception model based on
the JNB concept and probability summation over space. Perfor-
mance results are presented in Section V. A conclusion is given
in Section VI.

Il. EXISTING NO-REFERENCE SHARPNESS METRICS:
AN OVERVIEW

This section presents an overview of existing popular no-ref-
erence sharpness metrics. These include several categories
starting by pixel-based techniques and including analysis of
statistical properties and correlation between pixels. Trans-
form-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, and which detect the slope of the edges
in an image, are presented. Less popular techniques based on
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histogram are also reported. Thirteen objective no-reference ages contain a larger number of gray levels, meaning a
metrics are described as follows. lower probability and, thus, higher entropy.
« Variance metric [5]: Calculated as the variance of the whole « Histogram frequency-based metric [12]: The metric pro-

image; as the blurriness of the image increases, the edges
are smoothed and the transitions between the grayscale
levels in the image decrease; thus, the variance decreases.
Autocorrelation-based metric [6]: Derived from the
auto-correlation function which uses the difference be-
tween auto-correlation values at two different distances
along the horizontal and vertical directions, respectively.
If the image is blurred or the edges are smoothed, the
correlation between neighboring pixels becomes high.
Consequently, the autocorrelation will increase and, thus,
the sum of the difference metric will decrease.
Derivative-based metrics [6]: Include the first-order (gra-
dient) and second-order (Laplacian) derivatives metrics.
These metrics act as a high-pass filter in the frequency do-
main. While the Laplacian-based method has good accu-
racy, it is highly sensitive to noise. For derivative-based
methods, the higher the metric, the sharper the image is.
Perceptual blur metric [7]: Proposed by Marziliano et al.
to measure image blurriness. Edge detection is applied first
and then, each row of the image is scanned to locate edge
pixels; the start and end positions of the edge are defined
as the locations of local extrema closest to edge. The edge
width is calculated as the distance between the end and start
positions. The overall metric is calculated as the average
of the edge widths of the local blur values over all edges
found. The sharper the image, the lower the metric is.
Frequency threshold metric [8]: Based on computing the
summation of all frequency component magnitudes above
a certain threshold €2. The threshold is chosen experimen-
tally and it is usually set between [ /4, 7/2]. By increasing
the threshold, we may catch more edges but, at the same
time, the metric will be more susceptible to noise. Again,
the sharper the image, the higher the metric is.

Kurtosis metric [9], [10]: The kurtosis is a statistical mea-
sure of the peakedness or flatness of a distribution; a narrow
distribution has high kurtosisand vice versa. Itcanbe used in
the frequency domain for measuring sharpness. Zhang et al.
[9] show that the spectral density function can be considered
as a 2-D probability density function of a bivariate random
vector. Increasing the image sharpnesswill decrease the kur-
tosis; blurring the image will increase the kurtosis. So, the
kurtosis is inversely proportional to the sharpness.
Histogram threshold metric [8]: Defined as the weighted
sum of the histogram bins values above a certain threshold
“T.” The weights are considered to be the gray levels them-
selves. The threshold, “T,” is selected usually to be near the
mean of the image. It is assumed that a sharper image con-
tains a higher number of grayscale levels and, thus, the his-
togram will be wider containing a higher number of bins.
The sharper the image, the higher the metric is.
Histogram entropy-based metric [11]: The entropy is a
measure of the information content of an image; if the
probability of occurrence of each gray level is low, the en-
tropy is high and vice versa. The probabilities are calcu-
lated by normalizing the obtained histogram. Sharper im-

posed by Marichal et al. is based on the occurrence his-
togram of nonzero DCT coefficients throughout all 8 x 8
blocks of the image (more weight is given to DCT coeffi-
cients on the diagonal). The blurriness metric is estimated
by examining the humber of coefficients that are almost
always zero by counting the number of zeros in the his-
togram. Note that the metric is lower for sharper images.

» Shaked-Tastl metric [13]: The metric is based on the
high-pass to band-pass frequency ratio applied to local
features that are extracted by thresholding the bandpass
filter output. The sharper the image the higher the ratio
since the number of high frequency components in the
spectrum increases resulting in higher energy at the output
of the highpass filter.

* Image Quality Measure (IQM) metric [14]: The metric cal-
culates the normalized image power spectrum weighted by
a modulation transfer function (MTF). The MTF is de-
rived empirically taking into account the response of the
Human Visual System to different image frequencies (i.e.,
cycles/deg) [15], [16]. The higher the metric, the sharper
the image is.

« Noise Immune Sharpness (NIS) metric [3]: Relies on the
Lipschitz regularity properties separating the signal singu-
larities from the noise singularities, by applying the dyadic
wavelet transform and then measuring the sharpness using
the perceptual blur metric [7]. In contrast to other existing
sharpness metrics, thismetric will performwell under low to
moderate SNR since the noise will be reduced across wavelet
scales. The sharper the image, the lower the metric is.

* No-reference Blur metric [17]: This metric first finds the
edge pixels using the Canny edge detector. For each edge
pixel, the local extrema (i.e., minimum and maximum),
along the gradient direction and closest to the edge pixel,
are located and the edge width is calculated by counting
the number of pixels with increasing grayscale values from
one side and the number of pixels with decreasing grayscale
values from the other side. The average edge widths over all
the pixels is then found and used in an exponential model to
find the quality metric. Note that the parameters of the expo-
nential model need to be estimated by performing a training
over a large data set of images with available subjective
ratings. The sharper the image, the lower the metric is.

Most of the aforementioned existing metrics were mainly devel-
oped for “auto-focus” applications, where the primary require-
ment is to ensure the monotonicity of the perceived blur with
the metric for a single image.

Ill. EXISTING NO-REFERENCE SHARPNESS METRICS:
PRELIMINARY EVALUATION

This section describes the initial testing bed used to evaluate
the performance of the sharpness metrics presented in Section Il.
The obtained performance results are also reported in this sec-
tion. A more thorough evaluation of these metrics is presented in
Section V, where they are also compared to the proposed sharp-
ness metric.
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Fig. 1. Testing images for Set 1. (a) Original image; (b) blurred image
; (c) blurred image ; (d) blurred image
(e) blurred image ; (f) blurred image

A. Testing Sets

The testing sets consist of the following.

e Set 1: This testing set consists of a 512 x 512 Houses
image having different blur amounts. Different blur
amounts were obtained by filtering the image using a 7
x 7 Gaussian filter with a standard deviation equal to
0.8, 1.2, 1.6, 2.0, and 2.4, respectively. Fig. 1 shows the
original and the blurred versions of the 512 x 512 Houses
image.

 Set 2: This testing set consists of four 512 x 512 different
images blurred usinga 7 x 7 Gaussian filter with a standard
deviation equal to 0.8, 1.6, 2.0, and 2.4, respectively, as
shown in Fig. 2.

B. Performance Evaluation

Note that, for all described metrics, as the blurriness of the
images increases, the metric is expected to decrease except
for the perceptual blur [7], kurtosis-based metrics [9], [10],
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and the no-reference blur metric [17]. So, the multiplicative
inverse of these metrics is calculated and used for assessing the
image sharpness. Table | summarizes the performance results
obtained for the different sharpness metrics that are described in
Section I, when applied to Sets 1 and 2. The simulation results
reveal that the metrics decrease monotonically as expected
when applied to identical images (having same content) with
increasing blurriness amounts (Set 1) except for the histogram
threshold metric. This metric sometimes fails due to the fact
that sharper images may not always result in a wider histogram.

All the metrics fail under test Set 2; no metric could differ-
entiate between blurriness of these different images. The failure
of the metrics can be due to the difference in the local image
characteristics including intensity, frequency, and contrast. For
example, from Fig. 2, it can be seen that the “Peppers” image
contains smooth regions, the “Man” image has a considerable
amount of texture, while sharp edges can be found in the “Fish-
ingboat” and “Houses” images. As indicated in Section 11, sev-
eral of the existing blur metrics were not intended to be used
across images with diverse content but were mainly developed
to assess the blur in blurred versions of a single image.

This work focuses on automatically measuring the sharp-
ness/blurriness across images with different contexts (Set 2).
As shown in Table Il, all existing metrics fail to predict the
increase in blurriness across images with different contexts
(Set 2). Since all existing no-reference metrics failed to predict
correctly the relative blurriness for Set 2, an initial subjective
testing was conducted, in order to check whether the difference
in blurriness across these images can or cannot be perceived
by the HVS. The subjective experiments followed the ITUT-R
BT.500-10 recommendation [18] with the following conditions.

1) Subjects were given a set of instructions before starting

such as how to conduct the experiments, and what is the
objective of the experiment.

2) Experiments are conducted usinga21 CRT SUN monitor

having a resolution of 1280 x 1024.

3) From time to time, the screen is grayed to avoid the effect

of persistence.
Four subjects, with no image processing experience and with
normal or corrected-to-normal vision, participated in the exper-
iment. The subjects had to compare pairs of images taken from
Set 2, in each of 6 different combinations as shown in Table 111,
and they had to state, for each pair, which of the two images is
more blurred. Note that the sequence of displayed combinations
is random. Results reveal that the subjects were able to differ-
entiate the level of blurriness between different images, even
when the blurriness amount difference is small, while none of
the existing metrics did. So, there is a need to develop a reli-
able HVS-based blur/sharpness metric that can predict the per-
ceived sharpness. For this purpose, as described below in Sec-
tion 1V, we study the behavior of the HVS when exposed to dif-
ferent levels of blurriness and derive an HVS-based blur/sharp-
ness perception model that can be incorporated within a no-ref-
erence blur/sharpness metric.

IV. PROPOSED NO-REFERENCE SHARPNESS METRIC

The proposed no-reference objective sharpness metric inte-
grates the concept of JNB into a probability summation model,
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