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ABSTRACT Image edges are essential for understanding and processing the content of the acquired scene,
but a clear edge detection is not always possible. Unfavorable environmental conditions, poor lighting,
incorrect camera settings and/or vibrations may produce blurry or dark images with unclear content and
details. Local spatial filters are integrated into many hardware and software as sharpening tools, but choosing
the most adequate filter and its parameters is usually non trivial. This work proposes a new filter, whose
kernel is computed by comparing over a pre-defined window the image Prewitt gradient with an image
contrast measure inspired by Retinex theory. The experiments, carried out on public real-world images with
different edge visibility, show that the proposed image-aware filter efficaciously increases the edge visibility
with low computational cost and performs better than a standard Laplacian filter. As an usage example,
the sharpening filter is here applied to medical images of retinal fundus: improving the clarity and detail
of these images is essential for visualizing and analysing anatomical structures, identifying abnormalities,
and assisting in diagnosis and treatments. Finally, a hardware architecture of the sharpening filter, partially
integrating on-chip the gradient and contrast computation, is outlined. Such an integration could be beneficial
for enhancing in real-time the quality of pictures captured by devices with limited power resources, with an
average consumption of ∼ 28 µW and ∼ 30 kb of embedded memory in case of a color VGA image. The
data obtained in filter validation experiments show a marked increase in the Prewitt’s gradient magnitudes
in 100% of cases and in the edge thickness in a percentage ranging from 73.3% to 100% of cases, without
visibly affecting the image naturalness.

INDEX TERMS Edge detection, image contrast, image sharpening, local spatial filters.

I. INTRODUCTION
Image edges are local variations of image intensity. Their
detection is of primary importance to allow humans and
vision systems to understand content and details of the
acquired scene. In fact, edges may represent object bound-
aries, texture elements, changes in spatial depth or in
light. Edges are exploited by many algorithms, e.g., for
recognizing objects and people [1], [2], [3], interpreting
medical images [4], [5], and improving the quality of images
captured under bad light conditions [6], [7], [8]. An accurate
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edge detection is thus highly desired, however this task
may be hampered by several factors, like e.g. environmental
conditions, bad illumination, camera wrong settings and/or
vibrations, which produce blurred images, with weak edges
and poorly readable content and details.

Image sharpening is the image processing branch devoted
to enhanced the image local contrast and texture, making
edges more visible. Image sharpening can be achieved in
different ways, for instance by improving the overall image
quality [9], [10], [11], by re-working the image in the
frequency domain [12], [13], or by applying local spatial
filters, like Laplacian operator and unsharp masking [14],
[15], [16], also combined with the analysis in frequency
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FIGURE 1. Work-flow of the proposed sharpening approach. The computation of c is pictorially summarized in Figure 2.

FIGURE 2. Main steps of the sharpening algorithm within the proposed estimate of c: on top, left, the color input image; on top, right, the
normalized magnitude of Prewitt’s gradient, the Retinex inspired contrast measure ϕ and the map with ρ computed pixel by pixel; on bottom, left,
the dotted box shows pictorially the terms of Eq. (1), i.e., the luminance L of the input image, its filtered version and the sharpened luminance S; on
bottom, right, the color image with sharpened luminance. In this example, α = 1 and w = 3.

domain [17]. Local spatial filters are included as in-built
modules in many cameras and displays and as sharpening
tools in many photo- and video-editors, e.g. [18] and [19],
because they enable a fast edge enhancement at a low
computational cost [16]. The image sharpening based on
such filters works as follows. First, the input image (or its
luminance) L is convolved with a high-pass filter, designed
to increase the local spatial changes of L while leaving
unchanged uniform regions. Then, the filtered image, usually
re-scaled by a positive, real-valued factor, is summed up to L:
the result is a new image with more visible edges. In software
tools, the choice of the filter, of its parameters as well as of the
scaling factor, which is essential in controlling the sharpening
strength, is usually left to the user. Some methods propose to
estimate the scaling factor adaptively from image luminance,
gradient and blurriness (see e.g. [16], [20]), but they require

making specific assumptions on the blur nature and diffusion,
that, in turn, introduce other variables to be carefully tuned.
This represents a critical point, since a non-expert user must
generally proceed by trial and errors.

This problem is addressed here by introducing a new,
discrete, spatial filter, exploiting a single parameter c
estimated without supervision from gradient and contrast
information extracted from L. Since when c = 8 this filter
coincides with a numerical approximation of the Laplacian
operator, the proposed approach is here referred as to
a Laplacian-like sharpening. This Laplacian-like approach
computes a Retinex-inspired contrast of L derived from [21]
and compares it with the magnitude of the Prewitt gradient
of L. Since this Retinex-inspired contrast enables detecting
blurry, slight and low-lighted edges much better than a
standard gradient, the pixels whose the contrast exceeds

176048 VOLUME 13, 2025



M. Lecca et al.: New Image Sharpening Filter Based on Gradient and Retinex-Inspired Contrast

FIGURE 3. In (a) two reference images from TID-2013 and their distortions by Gaussian blur (GB) at the levels indicated in the brackets. In (b) two
images from MEXICO-2020, each of them captured at five different exposure times (from T = 15 ms to T = 27 ms).

the magnitude of the Prewitt gradient are considered as
edges with improvable visibility and are used to compute
the coefficients of the filter kernel. Precisely, these latter are
set as a function of the ratios between the contrast and the
Prewitt gradient magnitude of the improvable pixels. The
use of such features’ combination for defining a sharpening
filter represents one novelty of the proposed approach.
Moreover, the scaling factor used for blending the input
image and its filtered version is set to one by default, but
another value, estimated without supervision from the image
gradient, is also considered. The experiments, conducted on a
public dataset of real-world images acquired under different
exposure times and with different blur levels, show that
the proposed image-aware sharpening filter well enhances
the image edges, surpassing the results of the Laplacian
sharpening, that - due to its mathematical similarity the
proposed approach - represents its main competitor but has
the disadvantage of leaving the choice of the scale factor to
the user. As an usage example, the proposed filter is applied
here to medical image of retinal fundus: improving the details
of such images is very important to clearly detect the retinal
anatomic structures, in particular the blood vessels, and thus
assist medical doctors in diagnosis and treatments of possible
diseases. Some tests on edge enhancement of remote sensing
and compressed images are also provided. Lastly, some
considerations on a possible sensor architecture are reported,
aimed at integrating the filter on the same silicon die as the

sensor. This approach might enable low-power application
scenarios such as Uncrewed Aerial Vehicles (UAV), where
the captured images may be blurred due to device instability,
weather conditions or atmospheric pollution.

II. THE PROPOSED IMAGE SHARPENING FILTER
Image sharpening by spatial filters has the following
mathematical expression:

S(x) = L(x) + α(L ∗ F)(x) (1)

where L is the input image, F is a high-pass filter, α is a
re-scaling factor strictly greater than zero, x is an image pixel,
∗ indicates the convolution operator and S is the sharpened
image.

In this work, image sharpening is reached by setting α =

1 and convolving the image L (or the luminance channel L of
any color image I ) with a spatial filter having the following
3 × 3 kernel:

KF =

−
c
8 −

c
8 −

c
8

−
c
8 c −

c
8

−
c
8 −

c
8 −

c
8

 (2)

where c is a real-valued parameter greater than 1. It is easy
to check that this filter amplifies any local variation of L,
while maintains stable the values of L over uniform regions.
Tuning c enables controlling the sharpening effect: the higher
c, the stronger the sharpening is. Since for c = 8 Equation (1)
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FIGURE 4. Laplacian and proposed sharpening applied to an image from TID-2013 (REFERENCE) distorted by Gaussian blur at
two different levels GB(1) and GB(2): the Gaussian blur is here very slight, however the proposed approach returns an image
whose edges are even more visible than those of the image REFERENCE.

implements the Laplacian sharpening, the proposed filter
can be considered as a Laplacian-like operator with the
difference that here the coefficient c is not fixed a-priori,
but estimated based on the image gradient and contrast (see
Appendix A for mathematical details about the proposed
kernel and the Laplacian operator). The work-flow of the
proposed sharpening algorithm is depicted in Figure 1, while

the computation of c is sketched in in Figure 2. Specifically,
c is computed by the following steps:

1) Computation of Prewitt’s Gradient Magnitude: Pre-
witt’s gradient approximates the gradient of L as

∇PL(x) =

(
L ∗ Kx ,L ∗ Ky

)
(3)
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FIGURE 5. Laplacian and proposed sharpening applied to an image from TID-2013 (REFERENCE) distorted by Gaussian blur at
two different levels GB(3) and GB(4): the edges, that are poorly visible in the distorted images, are well enhanced by the
proposed filter, especially for α = α∗.

where

Kx =

−1 −1 −1
0 0 0
1 1 1

 and Ky =

−1 0 1
−1 0 1
−1 0 1

 .

The gradient magnitude |∇PL| is here computed by the
L∞ norm and normalized by the maximum value of
|∇PL| so that it ranges over [0,1].

2) Computation of Image Contrast: Let N (x) be the w ×

w window centered at x. The contrast of L at x is
computed as:

φ(x) =


1 −

L(x)
max
y∈N (x)

L(y)
if max

y∈N (x)
L(y) ̸= 0

0 otherwise

(4)
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FIGURE 6. Laplacian and proposed sharpening applied to an image from TID-2013 (REFERENCE) distorted by Gaussian blur at
two different level GB(5): the Gaussian blur is here particularly evident and both the Laplacian sharpening and the proposed
approach perform poorly.

TABLE 1. Performance evaluation on TID-2013: the objective measures described in Section III are evaluated on the reference images (see superscript o),
on their versions distorted by Gaussian blur (GB) at five levels (specified by the number in the brackets) and on their versions sharpened by the Laplacian
filter (see superscript l ).

If L(x) = max
y∈N (x)

L(y) = 0, φ(x) is set to zero.

φ varies over [0,1] and is a modified version of the
Milano Retinex contrast MiRCo presented in [21] and
grounded on Retinex theory [22]. The mathematical
equation of MiRCo at x looks like Eq. (4), but the
denominator in the ratio of Eq. (4) is replaced by
a value (ranging over [0,1]) computed from a set of
intensity ratios sampled over n random paths starting
from x and scanning its neighborhood. Although
MiRCo provides a less noisy contrast measure than
φ, its computational complexity and execution time
are much higher, making impracticable its in-built
sensor implementation as well its usage in real-
time applications. In this framework, φ provides
a good compromise between runtime and contrast
computation performance. Moreover, φ preserves a
very important feature ofMiRCo, namely its robustness
to changes of light intensity: this property enables an

accurate detection of details even in low-lighted image
areas.

3) Estimate of c: On blurry and/or badly lighted
images, the luminance differences computed by
image gradients like Prewitt’s operator are usu-
ally lower than the corresponding luminance ratios
computed by a contrast measure like φ. On any
edge x (i.e. pixel with |∇PL(x)| ̸= 0) in blurry
and/or low-lighted regions, |∇PL(x)| is smaller than
φ(x), i.e.

ρ(x) =
φ(x)

|∇PL(x)|
> 1. (5)

We note that ρ(x) depends both on the local intensity
variations (captured by contrast and gradient) and on
global intensity variations (captured by the maximum
gradient magnitude normalizing the Prewitt gradient).
Let R be the set of edges of L with ρ greater than
1 and let |R| be its cardinality. When R is empty, the
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FIGURE 7. Graphical representation of the data in Table 1. The length of
the barplot bars is equal to the difference between the performance
objective measures evaluated on the images sharpened by the Laplacian
filter (superscript l ) and those evaluated on the reference images
(superscript o).

TABLE 2. Performance evaluation of the proposed image-aware filter on
TID-2013 for α = 1 and w = 3, 5, 7. As in Table 1, GB indicates the images
modified by Gaussian blur at the levels specified in the brackets.

method returns the input image, otherwise the image is
sharpened and c is computed as

c =
1

|R|

∑
y∈R

ρ(y). (6)

The sharpening level depends on the parameters c and α.
Of course, being ρ(x) > 1, c is also greater than 1.
Moreover, being the image data discrete, the value of c is
upper-bounded. As discussed above, the value of c is here
image-dependent and is determined by Equation (6) without
any user supervision. On the contrary, the value of α is an
user-defined threshold. By default α = 1, but this work also

TABLE 3. Performance evaluation of the proposed image-aware filter on
TID-2013 for α = α∗ and w = 3, 5, 7. As in Table 1, GB indicates the images
modified by Gaussian blur at the levels specified in the brackets.

proposes to set it based on the image content as follows:

α∗
=

255
max (L ∗ F)

. (7)

The experiments reported in the next Sections show that
this choice provides in many cases an efficacious edge
enhancement.

III. FILTER EVALUATION
The proposed filter is here evaluated on two different
datasets and its performance is compared with that exploiting
the standard Laplacian filter which presents a similar
mathematical structure. Laplacian filter is computed on a 3×

3window and its kernel is defined by Equation (2) with c = 8.
In the following, Subsection III-A provides some details on
the implementation of the proposed filter, Subsection III-B
presents the datasets used for testing, Subsection III-C
describes the evaluation metrics, and Subsection III-D reports
and discusses the results achieved by the proposed filter,
also in comparison with the Laplacian one, that - as already
mentioned in the paper - presents a similar mathematical
structure and can be obtained by setting c = 8 in Equation (2).
Nevertheless, for sake of completeness, a comparison with
other three popular sharpening algorithms is presented in
Appendix B.

A. IMPLEMENTATION DETAILS
In the current implementation of the proposed filter, the
luminance L of an RGB image is computed by averaging
pixel-by-pixel the R, G, B image channels. To make the
estimate of cmore robust against image noise, L is smoothed
by a 3× 3 median filter, and the set R is refined by excluding
pixels with ρ very proximate to 1, i.e. ρ(x) > 1 + ε, where
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FIGURE 8. Graphical representation of the data in Table 2. The length of the barplot bars is equal to the difference between the
performance objective measures evaluated on the images sharpened by the Laplacian-like sharpening filter and those evaluated on
the images not subjected to sharpening (superscript o). After the sharpening procedure, Pm is increased (i.e. bar height with positive
value) in 100% of cases, µm is decreased in 100% of cases, PSNR is increased in 53.3% of cases, and SSIM is slightly increased in
33.3% of cases. Lm is slightly decreased in all the cases, but the decrement does not exceed 1. NIQE is increased in 60% of cases, and
its increment does not exceed 2.5. In the remaining 40% of cases, NIQE is reduced approximately by 1.5.

ε = 0.05. In fact, due to the discrete nature of image data, for
1 ≤ ρ ≤ 1.05, φ and |∇PL(x)| are very close to each other.
Also isolated groups of five or less pixels of R and pixels
with ρ(x) exceeding the 98% percentile of the ρ distribution
are discarded from the estimate of c, since they correspond
likely to noise. The image I ∗ K is then smoothed with a
3 × 3 median filter and summed up to I as in Equation (1)

to diminish possible noise. All the thresholds used here have
been set empirically.

B. DATASETS
The performance of the proposed filter are evaluated here on
the public datasets TID-2013 [23] and MEXICO-2020 [24].
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FIGURE 9. Graphical representation of the data in Table 3. The length of the barplot bars is equal to the difference between the
performance objective measures evaluated on the images sharpened by the Laplacian-like sharpening filter and those evaluated on
the images not subjected to sharpening (superscript o). After the sharpening procedure, Pm is increased (i.e. bar height with positive
value) in 100% of cases, µm is decreased in 100% of cases, PSNR is slightly increased in about 47% of cases, and SSIM is slightly
increased in 33.3% of cases. Lm is slightly increased in 33.3% of cases, and slightly decreased in 60% of cases, but the decrement
does not exceed one and the increment does not exceed 0.5. NIQE is increased in 60% of cases, and its increment does not exceed
2.5. In the remaining 40% of cases, NIQE is reduced approximately by 1.5.

The dataset TID-2013 consists of 25 real-world, indoor
and outdoor images, each of one has been synthetically
modified by 24 distortions, each of which with five
different levels. These distortions include noise addition,
Gaussian blurring, aberration, in-painting, compression, local
changes of color and contrast. The size of each image is

512 × 384 pixels. The original images are provided as
reference (i.e. gold standards) and each distortion has been
performed at five increasing levels, from slight to strong,
as illustrated in Figure 3(a). Although the images of TID-
2013 are synthetic, they are of interest because they enable
to identify which distortions and levels of distortion a given
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FIGURE 10. Three images from TID-2013 (first column), their versions distorted by Gaussian blur at level 4 (second column), their versions
sharpened by the proposed filter for different values of α and w (third column) and their versions processed by Laplacian sharpening (fourth
column).

TABLE 4. Performance Evaluation on MEXICO-2020: the objective measures described in Section III are evaluated on the input images (see superscript o)
and on their versions sharpened by the Laplacian filter (see superscript l ).

TABLE 5. Performance Evaluation of the proposed sharpening on MEXICO-2020 for α = 1 and different values of w .

TABLE 6. Performance evaluation of the proposed sharpening on MEXICO-2020 for α = α∗ and different values of w .
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FIGURE 11. Results of the proposed sharpening on an image from MEXICO-2020 with T = 15, 18, 21 ms. Different values of α

and w have been used.

algorithm is capable of correcting. Indeed, synthetic datasets
offer higher model accuracy [25], [26] and thus for this
particular purpose to identify types and levels of distortion
they prove to be more suitable than a dataset of real data.
The proposed sharpening filter is here tested on the 125
images distorted by Gaussian blur that typically affects the
edge quality and can be reduced by sharpening. Appendix B
reports additional experiments where the proposed filter has

been applied to JPEG and JPEG2000 compressed images
from TID-2013 with results similar to those described in this
Section.

The dataset MEXICO-2020 consists of 50 real-world
scenes of indoor and outdoor environments acquired by the
FLIR camera FMVU-03MTM-CS under six exposure times
T = 6, 15, 18, 21, 24, 27 ms for simulating different levels
of light intensity: the lower the illumination intensity the
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FIGURE 12. Results of the proposed sharpening on an image from MEXICO-2020 with T = 24 and 27 ms. Different values of α

and w have been used.

TABLE 7. Performance Evaluation of the proposed sharpening on the
aerial images from the Kaggle repository test in [46].

lower the edge visibility and sharpness. In this work, T =

6 ms was not considered since the images acquired with this
exposure time are too dark and sharpening cannot be visually
appreciated. The total number of images from MEXICO-
2020 considered here is thus 250. The size of each image from
MEXICO-2020 is 640× 480 pixels. As shown in Figure 3(b),
the visibility and sharpness of the image edges is scarce for
T = 15 ms and increases with T. Like the multiple distortion
levels of TID-2013, the multiple-exposure data of MEXICO-
2020 enables testing the sharpening filter on images with
different quality.

C. METRICS
The performance of the proposed filter has been evaluated by
comparing the following features before and after sharpening:
the image luminance (Lm), its (not normalized) Prewitt’s
gradient magnitudes (Pm), the no-reference sharpness metric
in [27] (µ) basically measuring the edge thickness, and
the image regularity measure in [28] (NIQE). All these
measures are related to human perception of image quality.
For the dataset TID-2013, that includes references (i.e.
not distorted) images, the values of PSNR (peak-signal-to-
noise-ratio) and SSIM (structural similarity index) are also
computed.

To be effective, a sharpening algorithm is expected to
change these features as follows. After sharpening, Pm
and µ should respectively increase and decrease, mean-
ing that the edge visibility is improved, while Lm and
NIQE should remain almost stable because the increment
of edge magnitude should not significantly change the
global luminance and not introduce local irregularities
worsening the image naturalness. Finally, the higher the
image quality, the higher the values of PSNR and SSIM.
Differently from the other measures considered here, PSNR
and SSIM are full reference metrics, thus their value
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FIGURE 13. Particulars of some images from MEXICO-2020 and their versions sharpened by the proposed filter for α = 1 and w = 3, and by a
Laplacian one.

FIGURE 14. In adult humans, the retina includes approximately 7 million
cones and 75 to 150 million rods. The optic disc, a region of the retina
also known as ‘‘the blind spot’’ because it lacks photoreceptors,
is positioned near the optic papilla, where the optic nerve fibres exit the
eye. It appears as a 3 mm2 oval-shaped white spot. The macula is located
temporally (towards the temples) to this disc, and its centre is the fovea,
a pit that is responsible for acute central vision but is less sensitive to
light due to a lack of rods.

depends on the reference defined as gold-standard. This is
an important point, that will be discussed in more details in
Subsection III-D.

FIGURE 15. A. Original image of the retina. B. Processed image. The
image processed through the sharpening filter shows in significantly
greater detail than the original the blood vessels along their entire length,
greater edge accuracy of the fovea area and of the optic disc.

D. RESULTS
Table 1 shows the evaluation measures (averaged over the
number of test images) computed on the original images
of TID-2013 (see the superscript o) and on its versions
sharpened by the Laplacian filter (see the superscript l).
Tables 2 and 3 show the corresponding mean evaluation
measures computed on the images sharpened by the proposed
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FIGURE 16. A. Original image of the retina. B. Processed image. Even in
low light conditions, the image processed through the sharpening filter
shows in significantly greater detail than the original the blood vessels
along their entire length, greater edge accuracy of the fovea area and of
the optic disc.

FIGURE 17. A. Original image of the retina. B. Processed image. The
image processed through the sharpening filter shows in significantly
greater detail than the original the blood vessels along their entire length,
greater edge accuracy of the darker areas of the ocular fundus and the
edges of the optic disc. On retinal endoscopy of a healthy eye, the area of
the macula should appear as a well-defined area. If, however, a darker,
opaque, or irregularly shaped area is observed (as in this image), it could
be a sign of a pathologic condition that impairs the function of the
macula.

FIGURE 18. A. Original image of the retina. B. Processed image. The
image processed through the sharpening filter shows in significantly
greater detail than the original. In particular, black pigmentation areas
around the optic disk are shown in greater resolution, and suggest the
need of further analyses to assess a possible diagnosis of optic disc
melanocytoma, a rare form of cancer that while generally considered
benign, it can occasionally grow or cause visual problems [36].

filter with different values of the parameters α andw. In order
to facilitate comparisons of the results shown in Tables 1, 2
and 3, Figures 7, 8, and 9 are provided. Figure 7 shows the
barplots of the differences between the performance objective
measures evaluated on the images sharpened by the proposed
Laplacian sharpening filter (superscript l) and those evaluated
on the reference images (superscript o). In Figures 8 and 9
the barplots of the differences between the performance
objective measures evaluated on the images sharpened by the

FIGURE 19. A. Original image of the retina. B. Processed image. The image
processed through the sharpening filter shows in significantly greater
detail than the original. In particular, we notice in higher resolution
whitish areas around the fovea and (although smaller in size) also in the
macula. The better view of these regions can help the doctor in evaluating
a possible diagnosis of macular pucker, that is a condition characterized
by the formation of scar tissue on the macula’s surface, the central area
of the retina that is essential for clear, detailed vision. This scar tissue
may create wrinkles or puckers on the macula, resulting in unclear or
distorted central vision [37]. With the help of increased resolution, the
image can also be used as part of differential diagnosis that also assesses
the possibility that it is white dot fovea, a condition characterized by the
presence of small, white dots on the surface of the fovea [38].

proposed Laplacian-like sharpening filter and those evaluated
on the reference images (superscript o) are shown. Similar
figures, which refer to the data obtained from JPEG and
JPEG2000 compressed images, are provided in Appendix B
to illustrate the numerical data in Tables 10, 11, and 12
(see Figures 33, 34, 35, 40, and 41). Referring the reader
to the captions of each of these figures for a more detailed
description, the results obtained in the validation experiments
of the proposed filter state that, in a proportion of cases
ranging from 73.3% to 100%, µ undergoes a significant
reduction, and Pm undergoes a marked increment in 100% of
cases.

As shown in Figure 3 (a), the visual quality of the
original images decreases by increasing the distortion
level. This behavior is clearly described by the numerical
measures. In fact, while Lm remains more or less stable,
Pm and µ respectively increases and decreases, meaning
that edges are improved; NIQE increases denoting a loss of
image regularity and naturalness; finally, PSNR and SSIM
become smaller since the higher the distortion level, the
higher the difference between the distorted image and the
reference.

The Laplacian sharpening remarkably increases Pm and
decreasesµwith respect to the corresponding original values,
but over-enhances the edges making the image unnatural,
noisy and far from the reference one, as inferable from the
high values of Lm and NIQE and from the small ones of
PSNR and SSIM. In particular, since the Laplacian sharpened
image becomes brighter, the edges appear poorly improved,
as illustrated by the examples in Figures 4, 5, 6, 10.

The proposed filter performs much better: for any value
of α and w, the edges are magnified, the luminance is
more or less stable and NIQE is only slightly increased,
meaning that the image naturalness is much better preserved.
However, for the both the filters, the higher the distortion
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FIGURE 20. Results of the proposed sharpening on three remote sensing images showing natural and artificial structures
from [39].
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FIGURE 21. Digital block used to compute the components of the
Prewitt’s Gradient along y during the image readout. Four memories are
needed to store the pixel values of the same j-th column that are
progressively read out and converted by the j-th ADCs. The circuits
calculate the elements of L ∗ Ky through a 3 terms moving sum. Here Mx y
is the maximum value of L at the position (x, y ).

FIGURE 22. The block MovSum used to implement the computation of
the Prewitt’s gradient during the image readout. Four memories are
needed to store the pixel values of the same j-th column that are
progressively read out and converted by the j-th ADCs. It calculates the
elements of Ky along the vertical direction through a 3 terms moving
sum. To implement the moving sum, the rightmost term (P1,j ) must be
always subtracted from the output of the first adder.

level, the lower improvement of edge and image quality is.
In general, the proposed filter achieves very good results on
any blur level from 1 to 4, but - as well as the Laplacian

FIGURE 23. Flowchart for the MovSum block organized in an array of M
elements in the first processing layer (Gradienty ).

sharpening - it performs poorly onGB(5), where the Gaussian
blur is particularly evident. From Tables 2 and 3 it comes
out that the edge magnitude increases with α and w and is
particularly high for α = α∗. In fact, α∗ is often greater
than 1 and this increases the contribution of the sharpened
luminance in Equation (1). Moreover, the higherw, the higher
the value of φ(x), thus the higher the value of ρ(x) and c
and more evident the sharpening is: in fact, in the most real
world images, in a small neighborhood of x, the variability of
the luminance L(x) is low, thus ρ(x) is close to 1, making
the sharpening effect negligible or even null (R is empty).
On the contrary, the higher w, the higher the variability of
L(x) and the higher the probability of finding φ(x) < 1 is
(of course, the final result depends on the local luminance
distribution).

It is to note that in some cases, the Laplacian sharpening
and the proposed one reach a level of edge visibility much
higher than that of the reference (see for instance the
values Pm and µ for GB(1) and GB(2)). Since this effect
makes the sharpened image and the reference different,
the values of PSNR and SSIM decrease. Nevertheless,
such a decrement does not indicate a worsened quality
of the sharpened images: indeed, a visual inspection of
the results confirms that the edges have a better visibility
after sharpening, also in comparison with the reference: as
mentioned in Section III-C, PSNR and SSIM depend on the
reference, but in this case even the reference edges can be
improved.

Tables 4, 5 and 6 report the evaluation measures computed
on the original images of MEXICO-2020 and on their
versions sharpened by using the Laplacian filter and the
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FIGURE 24. The block MovDiff used to implement the Prewitt’s Gradient
during the image readout. It consists of a 3-stages shift-register storing
three Sy term that are progressively fed during the readout. For each new
data shift, it calculates the difference between the first and the third term
(−Syi,j + Syi,j+2).

FIGURE 25. Flowchart for the MovDiff block organized in an array of M
elements in the second processing layer (Gradientx).

proposed one with different parameter values. As for TID-
2013, these values are averaged over the number of test
images. It is to note that although the quality of the
original images of MEXICO-2020 increases with T, the
corresponding value of µ increases with T (see Table 4).
As a better quality should correspond to a better edge
visibility, this behavior could appear surprising but actually
it is not because of the noise that usually affects badly lighted
images. In fact, low light images are characterized by brightly
colored pixels scattered throughout the image and due to
physical limitation of the acquisition device. These noisy
pixels produce narrow edges that, having a small width,
diminish the value of µ with respect to a well illuminated
image, because, unfortunately, any sharpening filter will tend
to emphasize not only important edges but also such noise.
Anyway, the performance of the proposed sharpening filter on
MEXICO-2020 are like expected: Pm increases, µ decreases
and Lm is stable with respect to their original values, while
NIQE remains stable for T= 15 and increases slightly for the
other values of T . Like for TID-2013, the higher α∗ and w,
the stronger the enhancement effect (see Figures 11 and 12 for
an example), and the Laplacian sharpening is much stronger
than that provided by the proposed filter. In particular, the
Laplacian-filtered images exhibit higher values of Lm. Pm and
NIQE and lower values of µ than the proposed filter.

TABLE 8. Operations for the block MovSum implementing a three-tap
moving sum, which is used to calculate the moving sum used to build the
gradient magnitude in (3). During the image readout (Fig.21), for each
column the values of the pixels are added together, as the rows are
selected and converted by the ADCs, while the fourth pixel is subtracted.

Both for TID-2013 and MEXICO-2020, the results have
been visually inspected by three volunteers with the aim
of checking and interpreting the numerical assessment. The
volunteers confirmed that the proposed sharpening is less
aggressive than the Laplacian one, as indicated by the higher
value of PSNR and the lower value of NIQE. In particular,
in the Laplacian sharpened images, the volunteers observed
saturated pixels along the object borders, which have been
described as shredded (see Figure 13). These artifacts
become more frequent as T increases since, being image-
blind, the Laplacian sharpening over-enhances already clear
details. Such an effect is absent in the images sharpened
by the proposed filter for α = 1 and w = 3, while
is observable in some images for higher values of w,
as well as for α = α∗, meaning that for the low light
images of MEXICO-2020 a local, gentle edge processing
(as that obtained for α = 1 and w = 3) suffices
for improving the detail visibility and does not generate
artifacts.

To conclude, taking into account both the quantitative
analysis and the visual check of the results, on both
the databases TID-2013 and MEXICO-2020, the proposed
image-aware sharpening filter performs well and generally
results to be more accurate than that based on the Laplacian
filter.

IV. AN APPLICATION TO RETINAL IMAGES
In modern medicine, medical imaging has become an
increasingly vital tool, significantly enhancing the precision
and efficiency of early disease diagnosis and treatment
through direct visualization of internal organs. Sharp and
precise images are critical for proper diagnosis. Indeed,
as long as the image is accurate, the doctor can discriminate
between diseases that may be confused with one another
from an inaccurate image or generic symptoms. Furthermore
low-quality images pose a challenge not only for the
doctors’ clinical diagnosis but also for computer-assisted
diagnosis systems, yet obtaining high-resolution medical
images frequently necessitates specialized and expensive
equipment.

Based on these considerations, by way of example the
results of applying our image sharpening filter on retinal
images are shown here. Many disorders, including as diabetic
retinopathy [29], glaucoma [30], and age-related macular
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FIGURE 26. MaxValue block which is used find the maximum value among pixels. In this simple case, the input pixels are A and B, but
multiple pixels can be put in competition by simply adding them in parallel, thanks to the modularity of the circuit. The comparison starts
from the stage n (MSB) and propagates asynchronously to the last stage (LSB). The output of the network is Mn. The output bit-line are
pre-charged at the same time and released with a delay(PREn, PREn−1, . . . , PRE0) taking into account the propagation delay of each
comparison stage.The timing diagram on the right shows how the network works when comparing two 4-bits pixels A and B, with A > B.
Initially, the network is under reset, with all the pre-charge inputs asserted (PREi = H for i = 0:3)and the outputs M3 . . .M0 = 0. The
comparison starts first setting PRE3 = H . Since A3 > B3, the pixel A takes the control of the first stage of the network (stage 3), writing its
value A3 = M3 = 1 and disabling the successive stages associated to the pixel B. In this simple case, the other output bits (M2, M1, M0) are
controlled by pixel A. Since the comparison is an asynchronous process, the precharge signals (PREn, . . . , PRE0) must be progressively
activated with a proper delay to take into account the analog delay of each stage, as shown in the timing diagram.

TABLE 9. Comparison of electrical performance of this work with the sensor in [44], assuming the same technology, pixel array, frame rate and supply
voltages.

degeneration [31], [32], can be screened for and diagnosed
using retinal imaging. These conditions frequently result in
anomalies in the optic disc, cup, and blood vessels. The optic
disc profile andmicroscopic blood vessels can only be clearly
seen in high-quality retinal pictures.

Both computer-aided diagnosis methods and ophthalmol-
ogists’ clinical diagnosis are hampered by unsatisfactory
retinal images quality [33]. In retinal images even more than
in other types of medical images, in spite of the current
advancements, low-quality images can still occur due to
factors like poor focus, inadequate illumination, or patient
issues (e.g. patient movement during image capture, presence
of cataracts, corneal oedema, or vitreous haemorrhage can
hinder the image quality, but also structural issues such
as the spherical shape of the eye and the structure of
the retina itself can also contribute to image distortion).
Of crucial importance is particularly the clear view of the

anatomical structures of the retina, such as those shown in
Figure 14.

The proposed sharpening filter has been applied to the
retinal images available in the Kaggle Retina Blood Vessel
Segmentation dataset [34]. This dataset contains a collection
of 100 retinal fundus images (with size 512 × 512 pixels)
annotated for blood vessel segmentation. The examination
of blood vessels is essential in ophthalmology since it
supports the early identification and treatment of different
retinal disorders, including diabetic retinopathy and macular
degeneration [35]. This use case is particularly illustrative
of the capabilities of our filter to significantly increase the
accuracy of images, given the minimal thickness of the blood
vessels in the retina and the not rare eventuality that their
resolution can be easily compromised by events independent
of the quality of the instrument with which the images were
taken, such as (in addition to those already listed above) the
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FIGURE 27. On top, an RGB image from TID-2013 GB(1), the sharpened versions KF ∗ L and −KL ∗ L of its luminance L: on bottom, the corresponding
sharpened RGB versions. The overall brightness of KF ∗ L is lower than that −KL ∗ L because the value of c here is 4.94. Anyway, the edges (i.e. zero
cross points) in KF ∗ L and −KL ∗ L are the same.

proximity to or inclusion of the vessels in other anatomical
structures.

The images in Figures 15, 16, 17, 18 and 19 show the
improvement immediately visible even at a visual inspection
of the image quality, even in low light conditions (see
Figure 16). Of potential interest to the task discussed here
are the images in Figures 18 and 19 that may suggest
possible retinal pathology and thus further analysis to refute
or confirm diagnostic hypotheses. In the captions of each
figure, the reader will find a detailed description of the case
studies considered here.

V. A DRAFT ARCHITECTURE FOR ON-CHIP
IMPLEMENTATION OF THE FILTER
Embedding sensing and processing on the same chip can
bring several benefits in terms of low power consumption
and real-time processing, compared to a standard approach,
where the computation is the prerogative of the processor.
Many contributions have been published targeting on-chip
image processing to enhance the performance of vision
systems for specific applications. Some works adopted pixel-
level processing [40], [41], [42], while others locate the
processing in the periphery of the image sensor [43], [44],
[45]. The best sensor architectural approach depends on the
image processing that must be embedded on-chip for the
specific task.

This Section presents a draft architecture for implementing
the main computational blocks of the proposed filter on-chip

with the image sensor. Such an on-chip integration could be
beneficial for remote sensing applications and aerial images
acquisition, especially in case of sensors with constraints on
power consumption, like e.g. uncrewed aerial vehicles. These
images are captured by satellites and drones tomonitor and/or
classify geographical regions, like urban environments,
forests, water bodies, farming, and are often affected by
blur caused for instance by satellite or drone instability, bad
weather conditions like foggy or rain, atmospheric pollution.
In this case, the image details appear poorly visible and
scarcely interpretable and sharpening represents a solution
to mitigate these effects. By this way, Table 7 reports
the evaluation measures computed on 100 aerial images
with size 100 × 100 pixels available in the repository test
in [46]: these results show that the proposed sharpening
effectively improves the image quality (see Figure 20 for
some examples).

The low complexity of the proposed sharpening algorithm
makes it possible for it to be partially integrated on-chip,
together with the image sensor. In the architecture proposed
here, the integration regards the computation of L ∗ Kx ,
L ∗ Ky and the local maximum M with M (x) = max{L(y) :

y ∈ N (x)} (i.e. the denominator in Equation (4)), while the
computations of c, α, φ and Equation (1) are delegated to an
external processor. This is because the computation of L ∗Kx ,
L ∗Ky,M exploit sum, subtraction and comparison operators
that can be efficiently implemented on-silicon, while the
computations of c, α and φ perform pixel-wise divisions,
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FIGURE 28. This pictures shows: on left, the luminances of a reference image, its version blurred by GB(1), its
enhancement by the proposed sharpening filter and that by the Laplacian sharpening; on right, the histograms of the
log-magnitudes of the discrete Fourier transforms of the luminances on left. The peak of the histograms of the
log-magnitude of the sharpened luminances is narrower and positioned further to the right than that of the reference
and blurred luminances. This indicates that the sharpened luminances contains higher frequencies than the original
ones.
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FIGURE 29. An example of JPEG compressed image from TID-2013. The reference image undergoes 5 different
levels of compression indicated by JPEG-C(X) with X = 1, 2, 3, 4, 5.

FIGURE 30. The JPEG compressed images in Figure 29 enhanced by the Laplacian sharpening. On all the
images, the Laplacian sharpening over-enhances the edges and for the two highest compression levels the
image appears like cartoonized.

whose implementation is very expensive in terms of silicon
area and thus not convenient. Therefore, in the proposed
image sensor architecture, the L∗Kx , L∗Ky andM are directly
computed on-chip and delivered to the output together with
the raw image L, while the rest of the algorithm has to be
implemented by an external processor.

In this framework, the column-level processing is a suitable
to provide a sufficient degree of programmability, while
preserving an acceptable pixel pitch. Figure 21 shows a
simplified block diagram of the proposed image sensor with
the three processing layers computing respectively L ∗ Kx ,
L ∗ Ky and M on an image with size N × M. During

image readout, the Row Decoder progressively selects the
N rows of the array, so that the M pixels of each selected
row are converted into a digital value by the column-level
Analog-to-Digital Converters (ADC). The Raw Image in
Figure 21 is delivered off-chip, row by row, by the first
column decoder. The M outputs of the ADCs also feed three
digital filters (MovSum, MovDiff, and MaxValue) that are
used to implement L ∗ Ky, L ∗ Kx and M respectively in
a pipeline architecture. The output data of each filter are
serially shifted and filtered before being dispatched off-chip.

The first processing layer (Gradienty) of Fig. 18 uses M
column-level MovSum blocks to calculate a 3 pixel moving
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TABLE 10. Performance Evaluation on TID-2013: the objective measures described in Section III are computed on the original images (see superscript o)
distorted by JPEG compression (JPEG-C) and JPEG2000 compression (JPEG-C2) at five levels (specified by the number in the brackets) and on their
versions processed by the Laplacian sharpening (see superscript l ).

sum (Pi−1,j + Pi,j + Pi+1,j) with j = 1 to M. The M
resulting values Syi,j are then subtractedwith a blockMovDiff
(−Si,j + Si,j+2) at the output of its column decoder, before to
be delivered off-chip. The final output will be the gradient
image L ∗ Ky.
A complementary image filter (named Gradient x in

Figure 21) runs in parallel with the filter Gradient y, fed with
the same pixel values (Pi,j), to calculate L ∗ Kx and L ∗ Ky.
In this case, the blocks MovDiff first calculate the difference
of the odd or even pixels of the same column (−Pi−1+Pi+1,j).
TheM resulting values are progressively summed by a 3 pixel
block MovSum before being delivered. Table 8 shows the
operations that MovSum performs to compute the gradient
component L ∗ Ky as the sensor rows are read.
The second layer calculates L ∗ Kx as the first layer, apart

from the fact that the blocks MovSum and MovDiff are
inverted.

The schematic of a possible implementation of the Mov-
Sum block is shown in Figure 22, together with a flow-chart
describing its operations. The last filter (MaxValue) finds the
maximum value of L in each sub-windows with 5 × 5 pixel
kernel (max L(x)). At first, the maximum value is found
among the 5 pixels of the same column (Pi−3,j, . . . ,Pi+1,j).
The output of this operation consists of M maximum values
associated to the last 5 converted rows of the array. The M
values feed a second MaxValue block, which progressively
delivers themax values to the output. The three filtered output
images are delivered by the sensor together with the raw
image L.
The third layer calculates the maximum value of L in a

sub-window. Figure 21 illustrates the case of 5 × 5 pixels
window (i.e. w = 5), where the pixels of each column feed a
block MaxValue that delivers the maximum value of the last
5 pixels in the column. The circuit that finds the maximum
value between two n-bit data (A, B) is shown in Figure 26.
It consists of 2 x (n+1) cascaded blocks. The blocks of each
stage share a precharged line. During the computation of
the maximum value, A and B are compared starting from

the leftmost block (MSB). For example, if A > B, with
An > Bn, the line is pulled high by An, which transfers the
control (CAn) to the (n-1)-th stage, while the control on B
(CBn) is inhibited. At the end of this operation, the output
of the network returns the value of A. The precharge signals
(PREn to PRE0) are turned off with a proper delay, taking into
account the propagation delay of each stage. For each new
row, the maximum values are generated by comparing the
past 5 rows. In conclusion, the proposed sensor architecture
delivers in parallel the raw image L, the horizontal and
vertical components L∗Kx and L∗Ky of the Prewitt’s gradient
and the term maxL (from the valuesMxys).

A. COMPARISON WITH SIMILAR SENSORS
Comparing the energy efficiency of a custom image sensor
with other state-of-the-art sensors is usually very difficult,
because hardware and software of any customized device
are designed to optimize specific tasks in specifically
constrained domains. Nevertheless, this Subsection presents
a comparison of the proposed architecture with that of
the VGA (640 × 480 pixels) image sensors described
in [44]. This image sensor integrates a dynamic background
subtraction algorithm on a QQVGA sub-sampled image
(160× 120 pixels) and is manufactured with a 110 nmCMOS
process and powered with 3.3 V/ 1.2 V for the analog and
digital parts respectively. The imager embeds two 10 bit
memory/pixel resulting in a total memory of 375 kb. Despite
performing different tasks, the architecture of this sensor is
very similar to that one of the presented manuscript. In fact,
beside the pixel array, it embeds a digital image filter directly
fed by the column-level ADCs.
In the proposed sensor, assuming M = 160, N=120, each

MovSum block requires 6 × 8 b memory, while MovDiff
uses 4 × 8 b memory. In addition to this, one M-stage
column decoder is necessary to dispatch data off-chip. Thus,
an additional 160 × 8 b = 1.25 kb memory must be added
to each Gradient layer. Therefore, to implement the layers
computing the horizontal and vertical derivatives, a memory
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FIGURE 31. The results of the proposed sharpening algorithm on the first three JPEG compressed images in
Figure 29. No edge over-enhancement is visible.
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FIGURE 32. The results of the proposed sharpening algorithm on the last three JPEG compressed images in
Figure 29. The compression of these levels is very heavy and sharpening scarcely improves the image quality.

of about 15 kb is needed. To implement the MaxValue
block, each pixel to be compared needs one 8 b digital
buffer. Moreover, by approximating one single stage of the
MaxValue block to 1 b memory, for a total 8 b/pixel, each
block Max L, working on a 5 × 5 pixel kernel, will require
about 5 x (8 b + 8 b) = 80 b. This turns into a 160 × 80 b +

1.25 kb = 13.75 kb. For a 7 × 7 kernel, the memory scales
up linearly to 18,75 kb.

Summarizing, the proposed sensor architecture running on
a QQVGA image format and using a 5 × 5 pixel kernel for
the MaxValue, will require about 30 kb memory.

In Table 9, the main electrical performance of the
proposed sensor are listed and compared with those of
the sensor in [44], assuming that the two sensors have
same number of pixels, frame rate, supply voltages and
are manufactured with the same CMOS technology node.
As a rough estimation, similar values for average power

consumption can be assumed for the two sensors, making the
proposed architecture suitable for low power applications.

An estimation of the area of silicon occupied is made as
follows. First consider a VGA sensor with a RGBW color
filter array. The proposed architecture is applied only to
the white pixels (W) of the array, therefore on a QQVGA
image (320 × 240 pixels). Each of the 320 processing blocks
(MovSum, MovDiff and MaxValue) must be organized at
the column level, as shown in Figure 21. It is assumed that
the three processing levels are implemented using standard
110 nm CMOS cells, where 1 bit of memory is realised with
a 33 µm2 D-type flip-flop. Since the total memory required
is 30 kb (Table 9), the total amount of memory will occupy a
silicon area of approximately 1 mm2. In addition, an extra
silicon area occupied by the interconnections, estimated
around a further 50%, has to be added. Consequently, the
total area would be 1.5 mm2. Each single processing block
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FIGURE 33. Subfigure (a): graphical representation of the data in Table 10
(a) and subfigure (b): graphical representation of the Table 10 (b). The
length of the barplot bars is equal to the difference between the
performance objective measures evaluated on the images sharpened by
the Laplacian filter (superscript l ) and those evaluated on the reference
images (superscript o).

would occupy 1.5 mm2/320 = 4700 µm2. Assuming that
the pixel pitch of the VGA sensor is 3 µm, the pitch of
each processing block at the column level must be 6 µm,
resulting in a block length of (4700 µm2)/(6 µm) = 800
µm. According to this estimate, the proposed architecture can
be considered compact enough to be integrated on the chip
with the sensor. Further improvements can be made through
full-custom design techniques.

VI. CONCLUSION
This work proposes a new image-aware, computationally
efficient spatial filter for image sharpening. This filter is
defined by a 3×3 kernel whose values are estimated without
supervision from the Prewitt gradient and a Retinex inspired
measure of contrast. The use of these features for sharpening
has been never proposed before and represents the novelty
of the approach conceived and implemented in this study.
The spatial locality of the sharpening filter is controlled
by a parameter w, whose typical values for images with
size from 100 × 100 to 640 × 480 pixels are 3, 5 and 7.
By default, the blending parameter α in Equation (1) is set
to one, but another choice of α, depending on image gradient
information, is also investigated in the paper (see Equation 7).

TABLE 11. Performance evaluation of the proposed image-aware filter on
the JPEG compressed images from TID-2013 for the parameter values
α = 1, α = α∗ and w = 3, 5, 7. The compression level (JPEG-C) is indicated
in the brackets.

The experiments carried out on 850 real-world images, show
that the proposed method provides good performance for any
value of α andw considered here, also in comparison with the
Laplacian sharpening and other popular algorithms described
in Appendix B-A.

The specific application of the filter on retinal fundus
images, which are often compromised by noise and low
contrast, shows that the filter is particularly effective in
increasing the visibility of fine details and blood vessels in
the retina and is a valuable aid for computerized diagnosis
procedures of the ocular fundus. A possible integration
on-chip of the filter modules computing the horizontal and
vertical gradients and the local maximum luminances is
described. This draft hardware architecture could be used
as a starting point for embedding the proposed sharpening
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FIGURE 34. Graphical representation of the data in Table 11 (a), (b), and (c). The length of the barplot bars is equal to the
difference between the performance objective measures evaluated on the images sharpened by the Laplacian-like
sharpening filter and those evaluated on the images not subjected to sharpening (superscript o). After the sharpening
procedure, Pm is increased in 100% of cases, µ is decreased in 73.3% of cases. PSNR is decreased in all the cases, and
undergoes a maximum decrease in value of approximately 13. SSIM is decreased in 100% of cases, but the decrement does
not exceed 0.18. Lm is slightly decreased in all the cases, but the decrement does not exceed 1. NIQE is increased in 60% of
cases, where the increment does not exceed 3. In the remaining 40% of cases, NIQE is reduced by a maximum of 1.5.

on devices with limited power resources like UAVs, whose
images are often blurred because of device instabilities,
weather conditions, pollution. Although the proposed sensor
architecture uses very standard digital building blocks, there
is enough room for design optimization aimed at matching
the filter structures with an acceptable pixel pitch.

Based on the mathematical properties and experimental
results reported in Appendix A and Section III, future work
will address two main research lines.

The first study concerns the use of the proposed filter for
detecting edges and keypoints. As explained in Sections I
and II and in Appendix A, the kernel KF is linearly related
to a kernel used for approximating numerically the Laplacian
operator. Due to this property, the proposed approach can
be considered as a Laplacian-like sharpening algorithm, i.e.
as a Laplacian sharpening but with the advantage that there
are no parameters to be set by the user. As the Laplacian
filter, the proposed one can be used as a zero-crossing edge
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FIGURE 35. Graphical representation of the data in 11 (d), (e), and (f). The length of the barplot bars is equal to the
difference between the performance objective measures evaluated on the images sharpened by the Laplacian-like
sharpening filter and those evaluated on the images not subjected to sharpening (superscript o). After the sharpening
procedure, Pm is increased in 100% of cases, µ is decreased in all the cases. PSNR is decreased in all the cases, and
undergoes a maximum decrease in value of approximately 13. SSIM is decreased in 100% of cases, but the decrement does
not exceed 0.17. Lm is slightly decreased in all the cases, but the decrement does not exceed 1.25. NIQE is increased in 60%
of cases, where the increment does not exceed 3. In the remaining 40% of cases, NIQE is reduced by a maximum of 1.5.

detector [47]. In this framework, the less aggressive edge
enhancement obtained by the proposed filter F with respect
to the Laplacian one suggests that F could provide a less
noisy detection of image keypoints, i.e. pixels relevant to
that identify, describe, or match objects or features in the
image (see [48], [49], [50]). Future research could be thus
dedicated to investigate benefits and drawbacks of the use
of F within the contexts of unsupervised image description,

retrieval, classification and people/object recognition and
tracking.

The second study regards the fact that the proposed filter
is applied over the whole image: the sharpening is performed
on each pixel with the same strength that is defined by c and
α. This may represent a limitation when the image contains
both clean and blurry regions: setting c according to the local
level of edge distortions could provide better performance
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FIGURE 36. An example of JPEG2000 compressed image from TID-2013. The reference image undergoes to
5 different levels of compression indicated by JPEG-C2000(X) with X = 1, 2, 3, 4, 5.

FIGURE 37. The JPEG2000 compressed images in Figure 29enhanced by the Laplacian sharpening. On all the
images, the Laplacian sharpening over-enhances the edges and for the two highest compression levels the
image appears like cartoonized.

in this case. Some works in the literature have been already
proposed algorithms with adaptive sharpening strengths, but
they require making assumptions on the blur nature and
distribution (see e.g. [16]). The development of an adaptive
sharpening method exclusively based on the input image is
thus very challenging.

APPENDIX A
SOME MATHEMATICAL PROPERTIES OF KF
The edges of a grey level image L are often detected
as the pixels where the Laplacian operator 1L changes sign.
The approaches based on this principle are usually called

zero-crossing edge detectors [47]. In the discrete image
space, 1L can be approximated by the following convolution

1L = (K1 ∗ L)(x) (8)

where K1 is the following 3 × 3 kernel:

K1 =

1 1 1
1 −8 1
1 1 1

 . (9)

As already mentioned in Section II, 1L can be used for
sharpening, specifically Laplacian sharpening is achieved by
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FIGURE 38. The results of the proposed sharpening algorithm on the first three JPEG2000 compressed images
in Figure 29. No edge over-enhancement is visible.
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FIGURE 39. The results of the proposed sharpening algorithm on the last three JPEG2000 compressed images
in Figure 29. The compression of these levels is very heavy and sharpening scarcely improves the image quality.

modifying Equation (1) as follows:

S(x) = L(x) − α1L ≃ L(x) − α(K1 ∗ L)(x). (10)

It can be observed that KF is a scaled version of K1:

KF = −
c
8
K1 (11)

where c is the parameter defined in Section II based on
image contrast and gradient information. FromEquation (11),
it follows that KF shares with K1 several properties,
in particular:

1) As K1, KF can be used for edge detection: in fact, the
values of the images K1 ∗L and KF ∗L differ in a scale
factor only, thus K1 ∗ L and KF ∗ L share the same
zero-crossing points (see Figure 27);

2) When embedded within a scale-space framework, KF
is proportional to a difference of Gaussian filters with
adjustable variance. In fact, the Laplacian operator

(computed with respect the spatial coordinates) of a
Gaussian functionG(x, σ ) with variance σ satisfies the
following equation:

1G(x, σ ) =
∂

∂σ
G(x, σ ) (12)

and specifically

1G(x, σ ) =
1

2πσ
exp−

∥ x ∥
2

2σ

[
−

1
t

+
∥ x ∥

2

t2

]
.

(13)

Therefore, given two Gaussian functions with close
variances σ1 and σ2, the Laplacian operator of
G(x, σ1) ∗ L can be approximated as:

1G(x, σ2) ∗ L ≃ (G(x, σ1) − G(x, σ2)) ∗ L. (14)
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FIGURE 40. Graphical representation of the data in Tables 12 (a), (b), and (c). The length of the barplot bars is equal to the
difference between the performance objective measures evaluated on the images sharpened by the Laplacian-like
sharpening filter and those evaluated on the images not subjected to sharpening (superscript o). After the sharpening
procedure, Pm is increased in 100% of cases, µ is decreased in 80% of cases. PSNR is decreased in all the cases, and
undergoes a maximum decrease in value of approximately 11.3. SSIM is decreased in 100% of cases, but the decrement
does not exceed 0.17. Lm is slightly decreased in all the cases, but the decrement does not exceed 1. NIQE is decreased in
all cases, and its decrement does not exceed 1.2.

It follows that

(KF ∗ G(x, σ2)) ∗ L ∝ (G(x, σ1) − G(x, σ2)) ∗ L.

(15)

3) The Fourier transforms F of KF ∗ L and K1 ∗ L are
linearly related, precisely:

F(KF ∗ L) = −
c
8
F(K1 ∗ L). (16)

Therefore, the distributions of the log-magnitude of the
Fourier transforms of the two sharpening approaches
are shifted to each other (see figure 28).

APPENDIX B
APPLICATION TO IMAGE COMPRESSION
This Appendix reports on the use of the proposed sharpening
filter in the context of image compression.
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FIGURE 41. Graphical representation of the data in Tables 12 (d), (e), and (f). The length of the barplot bars is equal to the
difference between the performance objective measures evaluated on the images sharpened by the Laplacian-like
sharpening filter and those evaluated on the images not subjected to sharpening (superscript o). After the sharpening
procedure, Pm is increased in 100% of cases, µ is decreased in 80% of cases. PSNR is decreased in all the cases, and
undergoes a maximum decrease slightly above 10. SSIM is decreased in 100% of cases, but the decrement does not exceed
0.92. Lm is slightly decreased in all the cases, but the decrement does not exceed 1. NIQE is decreased in all cases, and its
decrement does not exceed 0.13.

In the paper, the sharpening filter has been tested on
four different case studies. Specifically, it has been used
and evaluated as a tool for improving the quality of images
affected by synthetic Gaussian blur (TID-2013 with GB
distortions), low-light (MEXICO dataset), opacity, instability
and structural features of the object of interest (Kaggle Retina
Blood Vessels segmentation dataset), device instability, bad
weather and environmental conditions (Kaggle Remote

sensing dataset). In these contexts, the quality of the acquired
image is in general uncontrollable or only poorly controllable,
because it depends on external conditions. On the contrary,
in the context of image compression, the quality of the image
edges is voluntarily modified to enable a more efficient
storage and transmission of the visual data. Precisely, the
image compression algorithms rework the visual information
in the spatial frequency domain and remove redundant and/or
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TABLE 12. Performance Evaluation of the proposed image-aware filter on
the JPEG2000 compressed images from TID-2013 for the parameter
values α = 1, α∗ and w = 3, 5, 7. The compression level (JPEG-C2) is
indicated in the brackets.

less significant details, lowering the overall image quality.
Although the detail loss due to the compression is irreversible,
image sharpening can be applied to improve the quality of the
edges in the compressed image.

This Appendix reports the results obtained by the standard
Laplacian sharpening and the proposed one on the images
from TID-2013 compressed by JPEG and JPEG2000 at five
different levels. The test set considered here thus contains
250 images, each of which with size 512 × 384 pixels.
Basically, the JPEG and the JPEG 2000 compressions
encode the visual information of the input image by the
quantized coefficients of the discrete cosine transform and
of the wavelets respectively. The level of the coefficients’
quantization is related to the frequency details that the
compression discards. Two examples of images compressed

by JPEG and JPEG2000 at different quantization levels
and of their enhancement by the Laplacian sharpening and
by the proposed one for different values of α and w are
shown in Figures 29, 30, 31, 32, 36, 37, 38 and 39.
The trend of the evaluation measures for the sharpened
JPEG and JPEG2000 compressed images is very similar
to that of the Gaussian blurred images. In particular from
Tables 10, 11, 12 (and related Figures 33, 34, 35, 40,
and 41), it comes out that the Laplacian sharpening increases
the brightness and the contrast of the images but also
reduces their naturalness (NIQE), their similarity with the
reference (SSIM) and the peak-signal-to-noise-ratio (PSNR).
The sharpening obtained by the proposed filter performs
better: while it increases the edge visibility a little less,
it generally avoids over-sharpening, keeps the brightness
more or less constant and provides better values of NIQE,
SSIM, PNSR. Nevertheless, both the Laplacian sharpening
and the proposed one perform poorly on the images with
compression levels 4 and 5. As visible from Figures 32
and 39, for these compression levels, both the sharpening
algorithms tend to emphasize the pixelized appearance of the
JPEG compressed images, while their effect is negligible on
the JPEG2000 compressed images whose edges still remain
poorly visible. Moreover, both the sharpening algorithms
(which are applied here on the luminance channel only)
can neither remove nor mitigate the color artifacts present
in the JPEG and JPEG2000 compression levels 4 and 5.
Additionally, for these quantization levels the low frequency
levels are practically lost and sharpening can only emphasize
the already high frequency, returning still a low quality image.

A. FURTHER COMPARISONS
In Section III-D, the proposed sharpening filter has been
compared with that based on Laplacian kernel. Two reasons
motivated this choice. First, these two sharpening filters have
similar mathematical form and computational complexity.
Second, the Laplacian sharpening can be seen as a limit case
of the proposed one, that occurs when c is set to 8 for all
the image pixels. Nevertheless, for sake of completeness,
this appendix shows and discusses some results achieved on
the Gaussian blurred images of TID-2013 by the histogram
equalization method (HE), the unsharp masking (UM) and
the non-local-means based filter (NLM). Here, UM and
NLM are implemented by code freely available at [51]. The
experiments are here conducted on the Gaussian blurred
images from TID-2013.

HE increases the visibility of image details by redis-
tributing the image colors so that their probability density
function becomes similar to an uniform one. One of the main
advantages of HE is that it does require the user to set up any
threshold.

BothUMandNLMadopt a slight variation of Equation (1),
precisely:

S(x) = βI (x) − α(I ∗ F)(x). (17)
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FIGURE 42. Comparison of the proposed filter (PF) with HE, UM and NLM on two images from TID-2013. Increasing the value of the UM parameter σ

introduces relevant artifacts, while lowering the value of ‘α makes the image sharpened by NLM quite dark.

In UM, β = 1 + α and F is a Gaussian function whose
variance σ is usually computed on a 3× 3 window. In NLM,
β and α are independent of each other and F is a denoising
operator processing the image luminance on patches of
different sizes. Both UM and NLM require the user to set
the parameters of F as well as the blending coefficients α for
UM and β for NLM. In [51], by default, σ = 1.5, α = 1.5,
β = 0.5.

Some examples of sharpening by these algorithms are
shown in Figure 42. Tables 13 (a), (b) and (c) report the
performance of HE, UM and NLM with the parameters’
values set by default. For all these algorithms, the sharpened
images have a higher brightness than the corresponding
references. The edges are remarkably magnified by HE, but
the sharpened images are quite noisy and structurally far from
their references, as indicated by the low values of PSNR

and SSIM. NLM returns the lowest values of Pm, which
remain close to those of the original images, meaning that the
edge visibility is only slightly improved. However, due to the
denoising operator, NLM returns the highest values of PSNR
and SSIM. UM generally performs well, but, apart from the
case of GB(1), where the sharpened images have the highest
values of Pm, its results are comparable with those provided
by the proposed filter, especially for α = α∗. It is worth
to note that setting properly the filter parameters is crucial
for the final results. In fact, as illustrated by the examples
in Figure 42, for σ = 3 (and α = 1.5), UM generates
noticeable color distortions, while the values of α and β

strongly affect the overall image brightness, as shown by
the results of NLM for the pairs (α = 1.5, β = 0.5) and
(α = 1.0, β = 0.5). In this framework, the unsupervised,
image-aware estimate of the parameters c and α discussed
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TABLE 13. Performance evaluation on TID-2013: the objective measures described in Section III are evaluated on the images of TID-2013 with Gaussian
blur sharpened by HE, UM and NLM (as secified by the superscripts) For UM and NL the parameters have the default values specified in [51].

in Section II represents a main advantage of the proposed
filter.
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