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an image is to calculate the variance of all image gray values [3]. It is based on the fact that when an image is blurred,
the transitions between the gray levels decrease. As a result,
the variance decreases. Another simple technique is to define
sharpness metric based on histogram. Firestone et al. [4] defined their sharpness as the weighted sum of the histogram
bins values above a certain threshold “T ”. The weights are
set to the gray levels themselves, and the threshold, “T ”, is
selected to be near the mean of the image. Based on the idea
that entropy increases when the probability of occurrence of
gray level decreases and vice versa, Chern et al. [5] defined a
sharpness metric on the entropy computed from the histogram
of the image gray values. Besides the above variance and histogram, the kurtosis, a statistical measure of the peakedness
and flatness of a distribution, is also used to measure image’s
sharpness. For example, Zhang et al. [6] estimated the sharpness based on the kurtosis of the power spectral density of the
image. Using the discrete cosine transform (DCT), Caviedes
et al. [7] built a block-based sharpness estimator using the
kurtosis of DCT coefficients of each block. And the overall
sharpness estimation is given by the average of the sharpness
values computed for edge profiles.

ABSTRACT
In this work, the expectation of wavelet transform coefficients
is used for estimating an image sharpness. It’s based on the
observation that the greater the probability of big detail coefficients, the more pixels appear sharply, and consequently,
the sharper the image. Specifically, an input image is firstly
decomposed into three directional sub-bands by a separable
discrete wavelet transform. Then these directional sub-bands
are viewed as three random variables, and their expectations
are computed. Finally, The proposed sharpness index is the
weighted sum of three expectations. The experiments show
that, despite its simplicity, the proposed sharpness index is
competitive with the current best-performance techniques for
no-reference image sharpness estimation.
Index Terms— image sharpness metric, expectation,
wavelet decomposition
1. INTRODUCTION
Objective sharpness metrics have been used in many image
processings and engineering applications including, for example, image quality assessment, main-subject detection [1],
visual perception-based auto-focus cameras, and astigmatism
correction in the scanning electron microscope [2]. Depending on how much information from the reference image is
used, objective sharpness metrics can be divided into three
types: full-reference, reduced-reference, and no-reference
metrics. Full-reference metrics need full information of the
reference image, and the reduced-reference metrics make use
of a part of the information of the reference image. However,
in many real-world scenarios, the reference image does not
exist or is unavailable. Therefore, it is important to develop
no-reference metrics that do not use any information about
the reference image.
In the literature, a number of no-reference metrics have
been developed. The easiest way to assess the sharpness of

From the observation that a blurred image has wider
edges, many no-reference metrics involve measuring the
spread of edge. Marziliano et al. [8] first identified vertical edges in an image, and then estimated overall sharpness
based on the average edge width. Ong et al. [9] determined
the image sharpness as the average extent in both the gradient
direction and the opposite direction of edges in the image.
Ferzli et al. [10] presented a perceptual-based no-reference
objective image sharpness metric by integrating the concept
of Just Noticeable Blur (JNB) into a probability summation
model. The JNB is the minimum amount of perceived blurriness around an edge given a contrast higher than the “just
noticeable difference” [11]. Using the concept of JNB in a
different way, Narvekar et al. [12] estimated the sharpness of
an image as the cumulative probability of detecting blur in an
image.
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It is well known that the attenuation of high-frequency
content leads to an image that appears blurred. Hence vari-
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ous DCT, discrete wavelet transform (DWT), and other transforms have also been used to detect the image’s sharpness.
Ferzli et al. [13] applied the dyadic wavelet transform to the
image and then measured the kurtosis of the two-dimensional
discrete fourier transform of the wavelet coefficients across
large scales. Hassen et al. [14] proposed a sharpness metric based on the local phase coherence measured via complex wavelets. Vu et al. [15] presented a fast image sharpness (FISH) based on a three-level discrete wavelet transform
(DWT) for estimating both global and local image sharpness,
which operates under the assumption that the perceived sharpness could be estimated by examining the log-energy of the
DWT high-frequency bands. Based on the local maximum
total variation and the slope of the local magnitude spectrum,
Vu et al. [16] proposed an algorithm that can measure the
perceived sharpness of local image and global image.
In the wavelet theory, the magnitude of detail coefficient
at some pixel indirectly represents the gray value variation
between this pixel and its neighbor. The larger the magnitude
of detail coefficient, the larger the gray value variation, and
consequently, the sharper the pixel. Hence, the sum of magnitude of all detail coefficients can indicate the global image
sharpness. However, this sum metric is not always accurate
because of different image size and the randomness of image
contents. On the other side, just because of the randomness
of image contents, detail coefficients can be viewed as values
of a random variable. And, the greater the probability of big
detail coefficient, the more pixels appear sharply, and consequently, the sharper the global image. Therefore, we use the
expectation of detail sub-bands to measure the image sharpness in this work.
This work is organized as follows. Section II presents the
detail of the proposed sharpness index. Experimental results
are given in section III. General conclusions are given in section IV.

(a) Disk Blur

(b) Gaussian Blur

(c) Horizontal Motion Blur

(d) Vertical Motion Blur

Fig. 1. The performance of three directional sub-bands’ expectation when original image is blurred by different PSFs.
(Horizontal sub-band: Black dash-dot line; Vertical sub-band:
Red dashed line; and Diagonal sub-band: Blue line.)
is determined based on the sharpest regions in each image
[16]. In other words, the small detail coefficients which account for a large proportion of all detail coefficients make a
little contribution to the image sharpness. Therefore, we only
use the T % of the largest elements of each detail sub-band to
construct an accurate sharpness metric. In our experiments to
test the global image sharpness , the T % is set to 1%.
M
Let {Sd
XY (i)}i=1 be the vector consisting of the first M
elements of the sorted vector Sg
XY in descending order as
Sg
XY = sortd (SXY (i)), where M = bL×T %c is the number
of elements in the subset containing T % of the largest values
of SXY (i), and XY is either HD, V D or DD. To calculate
the expectation of XY sub-band, we firstly divide the vector
M
{Sd
XY (i)}i=1 into N equally spaced bins, where N given by
N = dSd
XY (1)/20e is the number of bins. Consequently, we
N
get two vectors {C(i)}N
i=1 and {L(i)}i=1 containing the frequency counts and the bin locations. Next, we calculate the
expectation of XY sub-band via

2. SHARPNESS BASED ON EXPECTATION
2.1. Global Sharpness
Given a gray scale input image I, the proposed global sharpness index is computed by the following three steps.
1) Decompose the input image. The gray-scale input image is decomposed into three directional detail subbands by a wavelet transform filter. Let SHD (i), SV D (i)
and SDD (i) denote the absolute value of the horizontal detail (HD) coefficient, the vertical detail (VD) coefficient,
and the diagonal detail (DD) coefficient, respectively. And
i = 1, ..., L, where L = R2 × C2 , R and C are the numbers of
the row and the column of the input image, respectively.
2) Compute the expectation of each detail sub −
band. When observing two images, the image that appears
sharper is not necessarily one that contains more sharp regions. Instead, visual summation dictates that the sharpness

EXY =

N
X
i=1

L(i)

C(i)
.
M

(1)

3) Compute the sharpness index. Finally, the image’s
overall sharpness index is given as follows:
Sharpness =

p

αEHD + βEV D + γEDD .

where α, β and γ are the weights, and α + β + γ = 1.
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(2)

The de-focused blur and linear motion blur are two famous and frequent image blurs. And they can be expressed
using a standard linear convolution model as g(x, y) =
f (x, y) ∗ h(x, y) , where g(x, y) denotes the blur image,
f (x, y) denotes the ideal image, and h(x, y) denotes the
space-invariant point spread function (PSF) with ∗ as a twodimensional linear convolution process. Fig.1 shows the
performance of horizontal sub-band’s expectation (black
dash-dot line), vertical sub-band’s expectation (red dashed
line) and diagonal sub-band’s expectation (blue line) when
the original image is blurred by different PSFs. The Y axis
Ratio is the ratio of the blurred image sub-band’s expectation to the original image sub-band’s expectation. And the
tested images in Fig.1.(a), Fig.1.(b), Fig.1.(c) and Fig.1.(d)
are blurred by the disk PSF with radius from 1 to 3, the Gaussian PSF with σ from 0.3 to 3, the horizontal motion PSF with
length from 1 to 3 and the vertical motion PSF with length
from 1 to 3, respectively. From Fig.1, we can easily note
that the diagonal sub-band’s expectation is more sensitive
to the blurriness than the horizontal and vertical sub-band’s
expectation. Hence, the α, β and γ are set to 0.2, 0.2 and 0.6,
respectively, in our experiment section.

(a) ball, 3.773 / 2.614

(b) airplane, 5.036 / 3.782

(c) petal, 5.504 / 3.889

(d) zebra, 5.999 / 3.988

(e) pelicans, 6.303 / 4.277

(f) branches, 10.786 / 6.504

Fig. 2. Representative maps generated by using EBSbb along
with sharpness indices computed via EBS / EBSbb . The images were organized in the order to overall sharpness judged
by human subjects [16].

2.2. Sharpness Map

utility of proposed sharpness index on no-reference quality assessment of blurred images from four image-quality
database. The wavelet filter used in our experiments is the
Daubechies 7 (db7) [17] filter.

In this subsection, we apply the global sharpness to small
blocks of the entire image, and generate a sharpness map.
To generate the sharpness map, the entire image is firstly
divided into small blocks of size 10×10 with 50% overlap between two consecutive blocks. Next, the global sharpness described in previous subsection is applied to each image block.
Because the block is very small related to whole image, the
parameter T % is set to 100% in the block’s sharpness index
with the aim of generating an accurate sharpness. Fig.2 shows
six sharpness maps generated by this process.
With the same approach used in S3 [16] and FISH [15],
it is also possible to collapse the sharpness map into a scalar
sharpness index representing the image’s overall sharpness.
That is
v
u k
u1 X
Sharpnessbb = t
Sharpness2 (i)
(3)
k i=1

3.1. Representative Results
Fig.2 depicts the EBSbb maps and sharpness indices estimated by EBS and EBSbb . The images in this figure are
from S3[16] web-page and ordered based on subjective ratings of sharpness [16].
In terms of across-image prediction, the EBS and EBSbb
indices agree with the relative perceive sharpness across these
image. For example, the blur image ball gets the lowest EBS
/ EBSbb indices; The image branches, which contains very
sharp tree branches, gets the greatest EBS and EBSbb indices.
In terms of within-image sharpness, EBSbb map quite accurately captures the sharpness regions in each image. For
example, in image ball, the ball is blurry, and this region is
dark in the corresponding EBSbb map. The branches in image branches are much sharper than the sky; This fact is also
reflected in the corresponding EBSbb

where k denotes the number of block which receives the 1%
largest local sharpness of sharpness map. The value 1% is
used because the overall perceived sharpness of an image is
largely determined by the image’s sharpest regions.

3.2. No-Reference Quality Assessment of Blurred Images

3. EXPERIMENTAL RESULTS

To analysis the performance of EBS and EBSbb indices,
we employ the blur image subsets of four publicly available
image databases: 1) the CSIQ database[18] (containing 150
blurred images); 2) the LIVE2 database[19] (145 blurred images); 3) the TID database[20] (96 blurred images); and 4)

In this section, we firstly demonstrate that the proposed
Expectation-based Sharpness (EBS) and Block-based EBS
(EBSbb ) can accurately estimate across-image and withinimage sharpness, respectively. Next, we demonstrate the
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CSIQ

LIVE2

TID

IVC

Avg.

W. Avg.

0.727
0.698
0.848
0.801
0.737
0.781
0.874
0.927
0.816
0.957
0.858
0.941
0.841
0.949
0.842
0.963
SROCC
0.714
0.666
0.854
0.769
0.794
0.527
0.85
0.869
0.787
0.932
0.841
0.919
0.829
0.906
0.827
0.954
OR
72.92%
68.75%
80.21%
67.72%
66.67%
70.4%
67.71%
68.8%
OD
39.421
27.316
41.629
23.42
32.107
28.315
28.585
27.896

0.762
0.857
0.826
0.914
0.902
0.922
0.905
0.925

0.786
0.875
0.851
0.915
0.895
0.923
0.899
0.923

0.732
0.857
0.773
0.892
0.875
0.904
0.887
0.908

0.755
0.885
0.847
0.905
0.895
0.907
0.888
0.903

41.13%
37.9%
40.41%
33.92%
32.04%
31.73%
35.05%
30.07%

37.09%
34.02%
35.29%
29.67%
27.62%
26.79%
30.94%
25.09%

49.101
30.147
31.961
9.421
13.849
10.34
13.582
10.267

49.767
30.171
30.388
7.585
11.414
7.977
11.573
7.943

perform well on all four databases on almost all criteria. In
terms of CC, OR and OD, EBSbb outperforms other methods
on the two databases (CSIQ and LIVE2) and is competitive
on the other two databases. When compared to the similar
sharpness index F ISH, the EBS is better than F ISH in
terms of SROCC on three big databases: CSIQ, LIVE2 and
TID. The EBS values of “Avg.” and “W. Avg.” in terms of
SROCC and CC are both biger than F ISH values.

CC
JNBM
CPBD
BLIINDS-II
S3
FISH
FISHbb
EBS
EBSbb

0.806
0.882
0.893
0.911
0.923
0.943
0.903
0.948

0.816
0.896
0.893
0.944
0.91
0.944
0.927
0.945

JNBM
CPBD
BLIINDS-II
S3
FISH
FISHbb
EBS
EBSbb

0.762
0.886
0.877
0.906
0.894
0.917
0.901
0.918

0.786
0.92
0.894
0.944
0.886
0.938
0.912
0.932

JNBM
CPBD
BLIINDS-II
S3
FISH
FISHbb
EBS
EBSbb

36.67%
37.67%
30.67%
32.67%
26.00%
24.00%
34.00%
20.70%

13.79%
8.28%
10.34%
1.38%
3.45%
0.8%
3.45%
0.7%

JNBM
CPBD
BLIINDS-II
S3
FISH
FISHbb
EBS
EBSbb

6.285
4.272
3.759
3.037
2.425
1.658
3.531
1.321

101.597
58.853
50.494
1.807
7.014
1.048
8.629
1.583

4. CONCLUSION
In this work, we propose a new index for estimating global
image sharpness, which operates by first decomposing the input image via a separable DWT, and then estimating sharpness based on a weighted geometric mean of each DWT subband expectation. By applying the same computation to small
image block, we generate a local sharpness map. The effectiveness of proposed sharpness index on four image databases
is also presented.

Appendix: The URL of used Softwares
and Databases
Softwares
JNBM[10]: http://ivulab.asu.edu/software/jnbm
CPBD[22]: http://ivulab.asu.edu/software/cpbd-better-thanjnbm
BLIIND-II[23]: http://live.ece.utexas.edu/research/quality
S3[16]: http://vision.okstate.edu/s3/

Table 1. Performances of various algorithms on the blurred
images from the CSIQ, LIVE2, TID and IVC databases. “W.
Avg.” is the average weighted by number of images in each
database. The EBS and EBSbb are the proposed indices.
the IVC database[21] (20 blurred images). And all color images are converted into gray-scale images. The CSIQ and TID
releases the standard deviations of the DMOS and MOS, respectively. However the LIVE2 and IVC do not release the
standard deviations. It is necessary to note that the standard
deviations of DMOS for each blurred image in LIVE2, are
from the CPBD software. We compared our sharpness indices
against five sharpness estimator (JN BM [10], CP BD[22],
S3[16], F ISH and F ISHbb [15]), and one no-reference image quality estimator (BLIIN DS − II[23]). We list the
URLs of four databased and four softwares in Appendix section. The performance is measured in terms of : 1) Pearson
correlation coefficient (CC); 2) Spearman rank-order correlation (SROCC); 3) Outlier Ratio (OR); and 4) Outlier distance
(OD).
Table 1 summarizes the performance of EBS, EBSbb
and other algorithms on this evaluation. A sharpness estimator aims to simultaneously obtain high CC and SROCC, and
low OR and OD. The two best results are highlighted in this
table. Note that the OR and OD are not calculated on IVC because the standard deviations between subjects have not been
released for this database. In generally, the EBS and EBSbb

DataBase
CSIQ[18]: http://vision.okstate.edu/?loc=csiq
LIVE2[19]: http://live.ece.utexas.edu/research/quality/
TID[20]: http://www.ponomarenko.info/tid2008.htm
IVC[21]: http://www2.irccyn.ec-nantes.fr/ivcdb/
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