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Abstract—The unsharp masking filter is an efficient and
effective algorithm frequently applied in image contrast enhance-
ment applications. The principle is based on sharpening object
edges by appending a scaled high-pass version of the image
to the original. The quality of the processed image is largely
dependent on the characteristics of the high-pass signal and
the scaling factor. Thus, optimal choices of the high-pass kernel
and scaling are needed. In this work, a symmetrical kernel is
employed and optimized to extract the edge together with an
optimal scale factor to enhance a color image. In particular,
the particle swarm optimization algorithm is used to obtain
the proper filter kernel settings and the gain with regard to
maximizing the information content and minimizing the number
of over-ranged pixels. The proposed method is tested with 200
real-world images and the filter performance is assessed by
referring to measures in colorfulness, average saturation and
entropy. Experimental results have shown that image qualities
are improved as compared to results from conventional kernels.

Index Terms—contrast enhancement; unsharp masking filter;
kernel optimization; particle swarm optimization.

I. INTRODUCTION

Image based techniques have been widely used in a broad
range of engineering, science and medical applications. These
applications include, for example, remote sensing of the envi-
ronment [1], robotic guidance [2], traffic monitoring [3] and
medical imaging [4]. It is always a desire and challenge to
obtain images of good qualities to satisfy the requirement for
a particular task. Due to the fact that images carry a large
amount of information, it is not trivial to develop a generic,
simple and automatic enhancement algorithm.

In order to improve the image quality, it is often required
to correct color fidelity [5] and boost the image contrast [6].
Contrast enhancement methods can be broadly classified as
global operation or local operation approaches. In the former
category, features and characteristics of the whole image are
used to derive an output image of better quality. For instance,
histogram equalization and modification are commonly used
[7]. On the other hand, local operation based methods make
use of local pixel patch features to determine how the enhanced
image is obtained. One of the efficient and effective techniques
is the unsharp masking filter (UMF) [8].

The principle of UMF is rested on the optical phenomenon
that image sharpness is increased when edges of the objects
are emphasized. In practice, edges are usually derived from
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high-passing the input image or obtained from the difference
from the input image and its low-passed component. With
regard to deriving the emphasizing signal, a number of filtering
kernels are available. For example, a quadratic filter was used
for imaged fingerprint enhancement [9]. In [10], a hybrid
windowed kernel was used for radiographs enhancement.
A nonlinear kernel was proposed in [11] for mammogram
contrast improvement. In [12], a cubic mask was adopted for
general image contrast enhancement.

The focus on the design of the UMF had currently moved
towards automating the procedures [13]. In particular, the
determination of proper filter parameters was addressed in
[14] with a comparison of the filter kernels. Furthermore, the
optimality of the parameters was studied in [15] where the
importance of filter tuning was revealed. In order to obtain
proper filter designs, the feasibility of intelligent computation
methodologies were evaluated and adopted. A traditional and
popular method used for image enhancement is the genetic
algorithms (GA) [16][17][18]. The efficient particle swarm
optimization algorithm (PSO) is also a common choice and
was used for hue preservation when enhancing color images
[19]. Other works employing PSO include image noise re-
moval [20], and contrast improvement [21].

The application of particle swarm optimization, for its
implementation simplicity, had been directly applied in UMF
designs include the work published in [22] and [23]. In the first
report, PSO was used to tune the scale of edge enhancement.
In the latter work, the PSO was employed in determining the
enhancement profile which is dependent on the original image
intensity and the emphases to be augmented. Both approaches
had demonstrated satisfactory results.

In the present work, the design of the UMF is focused
on the optimization of the filter kernel parameters and the
enhancement gain factor such as to maximize the image
contrast while keeping over-enhancement artifacts to a min-
imum. In addition, the PSO algorithm is also applied as
the tool to obtain a high performing filter. A symmetric
Laplacian-like kernel is designed and used to extract object
edges to augment the input image. In order to achieve a
generic enhancement process, the kernel is further normalized
to unity. With such strategy, kernel parameters as well as
the emphasizing gain factor are then determined by applying
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the PSO. The objective function employed is calculated from
the output image entropy. Furthermore, to cater for artifacts
produced from over-enhancements, the objective function is
penalized by the ratio of the number of pixels falling outside
the permitted display range to the total number of pixels
in the image. The performance of the proposed approach is
evaluated in terms of the output image information, average
saturation and colorfulness. Statistics are collected to validate
the effectiveness of the proposed approach.

The rest of the paper is arranged as follows. In Section II,
the unsharp masking filter operation is reviewed. In Section
III, the proposed approach is developed and presented, and
the use of the particle swarm optimization to obtain optimal
filter parameters is proposed. Experiments are described and
results discussed in Section IV. Finally, Section V contains
the conclusion.

II. UNSHARP MASKING FILTER

The unsharp masking filter achieves image contrast en-
hancement by augmenting an edge-like version of the image
to the input [8][24]. Edges around object boundaries are
emphasized and the quality of the image, in terms of contrast,
is therefore enhanced.

Let a color input image be given as

Z(u,v) = {R(u,v), G(u,v), B(u,v)}, 1)

where (u, v) is the pixel coordinate denoting the horizontal and
vertical orientations across the image of size U xV; R, G, B
denote the primary red, green and blue color channels. In
many reported color image enhancement procedures, the color
image is first converted to an alternate color space that is more
commensurate to the human visual system. For example, the
hue-saturation-value (HSV) space is frequently used. In this
color space, hue (H) represents the color, saturation (S) defines
the richness of the color and value (V) corresponds to the
brightness. In the unsharp masking process, the input color
image in RGB space is first converted to the HSV space [23],
and the V-channel is used for unsharp masking enhancement,
see Fig. 1. The UMF operation can be described as [22]

y(u,v) = z(u,v) + Az(u, v), @

where y(u,v) is the filtered V-channel pixel, z(u,v) is the
input V-channel pixel, A is the scaling factor, and z(u,v) is
the high-passed pixel. Here v € [1,--- , U], v € [1,--- ,V]. It
can be seen that a scaled component is added to the input pixel
to give the enhanced output, as shown in Fig. 2, where the
original gray image has been modified. The set of pixels then
replace the original V-channel component and re-converted to
the RGB space to give the enhanced image.

When the UMF is implemented, a high-pass signal has to
be extracted from the input image. A direct approach is to use
a class of Laplacian kernel to obtain the augmentation. That
is,

Z(U7U) :Ich(u:v)®x(u:v)a 3)

where Kp,(u,v) is a high-pass kernel centered at pixel coor-
dinate (u,v), and ® is a convolution. On the other hand, it

(b)

Fig. 1. Conversion from color image to the gray image in the HSV space.
(a) input color image, (b) converted gray level image in the V-channel.

Fig. 2. The unsharp masking process. (a) emphasizing signal, (b) emphasizing
signal added to the converted gray image.

is possible to subtract a low-passed version from the input
in order to obtain the high-pass signal. In the latter case, the
output can be described as

Z(u7’U) :x(uav) —K:Z(U7U)®$(U,U), (4)
where K;(u, v) is the low-pass kernel. However, an additional
subtraction operation is required for this procedure and not
considered further in this work.

The performance of the filter, with regard to some qualita-
tive measures such as the information content, largely depends
on the setting of the gain factor A and the characteristic
of the high-passed signal z(u,v) to be augmented to the
original image. On one hand, these two parameters would
independently or jointly affect the output image quality. On
the other hand, if the gain A is not set properly, the output
would either be under-enhanced or degraded due to over-
enhancement. That is, pixel values may become over-ranged
resulting in

y(u,v) <0, or y(u,v) > 1. (5)

The effects of different high-pass kernels and emphasizing
scales are illustrated in Fig. 3. These preliminary results are
obtained from setting different gain factors, and using two
common Laplacian-like kernels given by,

Ks(u,v) = [(4z(u,v) — 2(u,v — 1) — x(u,v + 1)

—x(u—LU)—x(u—l—LU)]/éL, (6)

for the sobel-like symmetric kernel ;. Moreover, a diagonal
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Fig. 3. Outputs from the unsharp masking filter. (a) sobel-like kernel, gain
A = 5, (b) sobel-like kernel, gain A = 15, (c) diagonal kernel, gain A = 5,
(b) diagonal kernel, gain A = 15.

kernel IC4 is determined from,

Ka(u,v) = [dz(u,v) —z(u— 1,v—1) —z(u— 1,v+ 1)
—z(u+1,v—1)—z(u+1,v+1)]/4. (7)

It is observed from Fig. 3 that, when the UMF param-
eters are determined in ad-hoc manners, satisfactory filter
performance cannot be guaranteed. In figures 3(a) and 3(c),
with a low gain factor, the output may not receive sufficient
enhancement. Whereas in figures 3(b) and 3(d), if the choice
of high-pass kernel is not proper, undesirable artifacts would
arise. Particularly for color images, intensity distortions as well
as color and saturation distortions would also appear.

III. PROPOSED APPROACH

Based on the unsharp masking filter structure and the de-
pendence of performance on the choice of parameters, namely,
IC and A, the design of the UMF considered here is tackled
as an optimization problem. In the following, the formulation
of the high-pass kernel and the emphasizing gain factor are
described. Then the use of PSO to obtain optimal filter
parameters is presented. The rationale for the construction of
the objective function is also given.

A. Filter design

In the proposed optimal unsharp masking filter, a kernel
K of 3 x 3 size is adopted. The kernel is also constructed
as a symmetric matrix. The chosen kernel size provides the
most sensitive local edge extraction thus giving thinner edges
and contributing to a higher sharpness in the enhanced image.
The elements, unlike those in the conventional Laplacian-
like kernel, contains no zero values unless there are extreme
cases determined as optimal. Similarly, elements of equal

magnitudes are also considered as special cases. In the con-
trary, other element values would constitute a generic kernel
that is suitable to be employed in natural images where the
appearance of sobel-like or diagonal edges do not always
present. The output edge signal from the kernel is then given
by
z(u,v) = K(u,v) @ Q(u, v)
=[—azx(u—1,v—1) = bx(u,v—1) —azx(u+ 1,v —1)
—bx(u—1,v) + 4a(u,v) — bax(u+ 1,v)
—azx(u—1,v+1) —bz(u,v+1) —ax(u+1,v+ 1)]/4,
(®
where Q(u,v) is the 3 x 3 neighborhood pixels centered

around pixel z(u,v). Furthermore, the kernel elements a, b
are constrained by

a>0,b>0, anda+b=1. )
Depending on the numerical values of the parameter a,
parameter b = 1 — a can be determined. When a # 0 or

a # 1, the kernel is neither dominant in the major axes nor
diagonally. Hence, edges for the emphasizing purpose can be
better extracted from images. In particular, this kernel structure
is sufficiently generic to cater for the wide diversity of object
shapes that may appear in a natural image.

The output from the convolution of the gray image with
the kernel is then scaled with the emphasizing factor A\ and
finally added to the original gray image to produce a desir-
able sharpness enhancement. In order to achieve the desired
enhancement on the input image, and based on the preliminary
test results illustrated in Fig. 3, parameters a and \ are to be
optimized by using the particle swarm optimization algorithm.

B. Particle Swarm Optimization

The particle swarm optimization algorithm is a class of
meta-heuristic or intelligent computation methods to derive op-
timal solutions while a model of the problem is not analytically
tractable. Unlike the genetic algorithm, the PSO implementa-
tion is more simpler as it does not involve selection, crossover,
and mutation operations [17][18]. The PSO is motivated by
observations from the social and personal behaviors of swarms
of living species while searching for food [21][22][23][24].
This metaphor is well suitable for finding optimal solutions in
difficult optimization problems where computational resources
can be allocated in a distributed manner.

In the optimization problem undertaken in this work, a
particle in the PSO is first encoded with the parameters to
be optimized. That is, kernel element a, and gain A\ as

x = [z1, x2] = [a, Al (10)

In the PSO, there are p particles in the swarm, i.e., x;, ¢ =
1,-- -, p. Initially, the particles are given their initial positions
X;,0 in a random manner within the range of the potential
solution space. Then the particles are manipulated according
to their evaluated objective function and are guided towards
the optimal solution through a number of generations or time
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steps t = 1,---,g. The particles move through the solution
space with attractions to the global best solution x9 found so
far. The particle motion is also governed by its own solution
experience memorized as x?. The next position that a particle
would reach is determined by its original position and a motion
velocity. The equations governing the evolution of the particles
include a velocity update and a position update given as

(I

where v is the velocity vector, w is the motion inertia
commonly set in the range from to 0.6 to 0.8. Coefficients
rg, and 7, are uniform random numbers in [0, rpqq], Where
Tmaz 18 the maximum value conventionally adopted between
1.7 and 2.0.

Based on the velocity, a particle moves to its new position
according to

_ g P
Vit+l = WiVt + Tg(Xt - Xi,t) + Tp(Xz',t - Xi,t),

Xit+1 = Xi,t + Vi1 (12)

In the problem domain considered here, it is required that
a > 0 and A > 0. Hence, a further step is employed to make
the particles as potential solutions to satisfy the constraint.
That is

(13)

Xit < |Xi,t|a

for both kernel parameter a and gain A. In addition, the
constraint ¢ + b = 1 in the kernel parameter values, requires
that a < 1 has also to be satisfied. Hence,

z1(= a) + min{a, 1}. 14)

The objective function to be maximized is a penalized measure
of the image information content determined from
1y
UxV”

where H is the entropy, 77 is the number of over-ranged pixels
resulting from the UMF operation.

As seen in the design of the unsharp masking filter given
above, a simple procedure with a small number of param-
eters is established. The design procedure is summarized in
Algorithm 1. The number of particles used in the algorithm
is 50 while the number of maximum generations is 50. The
performance of the proposed filter is tested with a collection
of natural images.

f=Hx(1- (15)

IV. EXPERIMENTS

Experiments were conducted to verify the effectiveness of
the proposed PSO-based UMF kernel and gain tuning strategy.
A data set of 200 images of natural scenery, size 400 x 300,
were used and statistics of the enhancement results collected
for evaluation. The sobel-like, diagonal and a full element
kernel were used in the tests. The full element kernel is

K¢(u,v) =[—z(u—1,v—1)—z(u,v—1)—z(u+1,v—1)
—z(u —1,v) + 8z (u,v) —x(u+ 1,v)

—z(u—1,v+1) —z(u,v+1) —z(u+1,v+1)]/8. (16)

Algorithm 1 PSO-based Optimal Design of UMF Procedure
: Input image in RGB format
: Convert to HSV color space
: Set PSO iteration count m =0
. Initialize particle (a, \)
repeat
Generate kernel from each particle
Carry out UMF operation
Calculate entropy penalized by over-range ration
Update x9 and x?
Update particle position
: until maximum iteration reached
: Return optimal solution x9

- =
RS 2 B AR U i

—
N

The contrast of the output image is measured by its entropy
H [25]. Additional attributes including average saturation S
and colorfulness C [26] are also evaluated. They are

L—-1
H=—> pilog(p:) (7
i=0
1 = 3min{R(u,v), G(u,v), B(u,v)}
§= uv u:lX,u::l {1 - R(u,v) + G(u,v) + B(u,v) } as)

C= 0.3\//ng +p2y, + \/U,,zg +0o2, (19)

where p; is the probability that a pixel has intensity i,
rg=R—G, yp = (R+ G)/2 — B, and u, o are the mean
and standard deviation corresponding to the color channel
differences rg and yb given in the subscript. The amount of
potential artifacts produced is given by the ratio of the number
of over-ranged to the total number of pixels in the image

n= Z{y(u,v) <0, or y(u,v) > 1},

where y(u,v) is the intermediate gray pixel magnitude before
converting back to the final RGB color space.

Figure 4 shows the distribution of the kernel parameter and
gain factor of the PSO tuned filter. It can be seen that in order
to obtain a high information content in the output image, the
settings of the parameters cannot be fixed for all images. The
average value of the kernel parameter is 0.18, indicating a
kernel that is not a sobel-like or a Laplacian kernel. The mean
value of the gain factor is 1.27, but it is also observed that a
fixed gain is not suitable for all images.

The performances of the PSO tuned UMF are depicted in
Fig. 5 illustrating the improvements in entropy while there are
no degradations on the average saturation and colorfulness. It
is evident that the distribution of entropies of the enhanced
images had shifted to a higher value from 7.33 to 7.52 as
compared to the input images. The proposed UMF is further
examined in terms of the over-ranged pixels giving rise to
artifacts in the output image. Figure 6 shows the distribution
of the over-range ratios for different UMF approaches included
in the test. It is observed that the PSO tuned UMF is able to
confine the ratio to 1% averaged over the set of test images.

(20
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Fig. 4. Distributions of high-pass kernel parameters, (a) kernel parameter a,
(b) UMF gain A.
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Fig. 5. Performance evaluation of the proposed UMF based on distributions.
(a) entropy H, (b) average saturation S, (c) colorfulness C.

On the other hand, the UMF using diagonal kernel produces
the highest ratio of over-range up to 4% while the sobel-like
kernels and full kernel give ratios at 2% and 3% respectively.
Fig. 7 shows several selected test images and results.

V. CONCLUSION

An unsharp masking filter design strategy had been pre-
sented. The approach, adopting the particle swarm optimiza-
tion algorithm as the optimizer, tuned the edge extraction
kernel and the augmentation gain factor to produce an output
image of increased contrast with minimum over-range arti-
facts. The study, based on a set of 200 test images of natural
scenery, had revealed that using a fixed kernel and a fixed gain
is not able to produce high quality images by the filter. On
the other hand, a varying set of filter parameters has to be
obtained for each individual image.

Mean 0.01 Mean 0.02

20 20
15 15
10 10
5 5
o (TH TN
[ 0.05 0.1 0.15 0.2 0 0.05 0.1 0.15 0.2
Overflow Overflow
(a) (b)
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5 25
20 20
15 15
10 10
5 5
1 n o
0 0.05 0.1 0.15 0.2 0 0.05 0.1 0.15 0.2
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Fig. 6. Performance comparison with respect to over-range pixel ratios. (a)
PSO tuned kernel and gain, (b) sobel-like kernel fixed gain, (c) diagonal kernel
fixed gain, (d) full kernel fixed gain.
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