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Blurriness-Guided Unsharp Masking
Wei Ye and Kai-Kuang Ma , Fellow, IEEE

Abstract— In this paper, a highly-adaptive unsharp
masking (UM) method is proposed and called the blurriness-
guided UM, or BUM, in short. The proposed BUM exploits the
estimated local blurriness as the guidance information to perform
pixel-wise enhancement. The consideration of local blurriness is
motivated by the fact that enhancing a highly-sharp or a highly-
blurred image region is undesirable, since this could easily yield
unpleasant image artifacts due to over-enhancement or noise
enhancement, respectively. Our proposed BUM algorithm has
two powerful adaptations as follows. First, the enhancement
strength is adjusted for each pixel on the input image according
to the degree of local blurriness measured at the local region of
this pixel’s location. All such measurements collectively form the
blurriness map, from which the scaling matrix can be obtained
using our proposed mapping process. Second, we also consider
the type of layer-decomposition filter exploited for generating
the base layer and the detail layer, since this consideration
would effectively help to prevent over-enhancement artifacts.
In this paper, the layer-decomposition filter is considered from
the viewpoint of edge-preserving type versus non-edge-preserving
type. Extensive simulations experimented on various test
images have clearly demonstrated that our proposed BUM
is able to consistently yield superior enhanced images with
better perceptual quality to that of using a fixed enhancement
strength or other state-of-the-art adaptive UM methods.

Index Terms— Image enhancement, unsharp masking,
blurriness estimation, layer decomposition.

I. INTRODUCTION

UNSHARP MASKING (UM) [1] is one of the most
widely-used image enhancement techniques for improv-

ing the sharpness of image. It has become an indispensable
image processing tool in digital photo editing and is often a
built-in processing module in digital cameras, printers, and
displays [2]. The UM enhancement framework can be sum-
marized as a two-stage process as follows. In the first stage,
the input image is decomposed into two layers by applying a
linear shift-invariant low-pass filter (e.g., the Gaussian filter).
The resultant filtered image is called the base layer, containing
the main structure of the input image. On the other hand,
the difference yielded between the base layer and the input
image is called the detail layer, revealing the fine details of
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the input image. Alternatively, a linear shift-invariant high-
pass filter (e.g., the Laplacian filter) can be exploited to
extract the detail layer first, followed by subtracting it from
the input image to generate the base layer. In the second stage,
the obtained detail layer from either of the above-mentioned
approaches is amplified by multiplying a scaling factor and
then added back to the base layer to generate the enhanced
version of the input image.

In the conventional UM, a fixed scaling factor is employed
for amplifying the detail layer. That is, all the pixels on
the detail layer are treated equally important and receive the
same amount of image enhancement. One can intuitively sense
that such fixed scaling practice is not always appropriate,
because the contents of the input image, generally speaking,
are quite dynamic and oftentimes involve high-level semantic
aspects (e.g., photographer’s intention). All these are difficult
to be captured by low-level pixel-based image processing. This
motivates us to develop an adaptive scaling method for the UM
process so that each pixel will have its own scaling factor, even
including no enhancement at all.

To compute the scaling factor for each pixel,
the information-guiding approach is to exploit certain image
characteristics or attributes extracted from the input image to
conduct image enhancement. Most of the existing methods
developed along this direction (e.g., [3]–[8]) utilize the
local contrast as the attribute to determine the enhancement
strength for each pixel. However, our studies have shown
that these methods could lead to under-enhancement (i.e.,
insufficient amount of enhancement) and/or over-enhancement
(i.e., unwanted amplification on enhancement) across various
regions on the enhanced image. The former is often incurred
for those regions with low-contrast details, while the latter
most likely presented along sharp edges.

Rather than using the local contrast, we consider the local
blurriness is the most relevant and effective attribute to
exploit for guiding the image enhancement process. The use
of this low-level feature is motivated by the following keen
observations. First, we have observed that enhancing a highly-
blurred image region often leads to unsatisfactory enhance-
ment results. For example, the granular noise of a blurred
and noisy background region as demonstrated in Fig. 1 (blue-
framed region) has been undesirably amplified and become
more distinct. Furthermore, it is also important to note that
the two patches highlighted in Fig. 1 have nearly identical
local contrast measurement; to be exact, the average gradient
magnitudes of both patches are approximately equal to five
intensity levels. This means that it is difficult to distinguish the
foreground and background regions simply based on the mea-
sured local contrast information. On the other hand, the local
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Fig. 1. Conventional unsharp masking (UM) enhancement results of two
image patches—one cropped from the foreground object (red-framed) and the
other from the highly-blurred background region (blue-framed), respectively.
One can see that enhancing the foreground object gives more visually desirable
result, while this is not the case for the enhancement of blurred background
region, where more distinct granular noise is presented.

blurriness plays an effective role to discriminate these two
regions so that various enhancement treatments can be applied
to them individually. This approach could effectively address a
key issue commonly existing in all UM methods—i.e., how to
address over-enhancement, under-enhancement, and unwanted
noise enhancement within the same picture simultaneously and
with a unified treatment.

Second, even if the given highly-blurred image region is
noise-free, the sharpness of its image details could be too
degraded to be enhanced by applying any image enhancement
technique. In this case, a proper image restoration (rather
than enhancement) method should be deployed instead. Lastly,
the blurred regions could be purposely created by the photog-
rapher in the first place in order to highlight the main object
and create aesthetic bokeh effect, such as the background
region as shown in Fig. 1. In this case, it becomes totally
undesirable to enhance those blurred regions.

Based on the above-mentioned discussions, it is highly
convinced that the image’s blurriness information measured
at each pixel can be utilized as an effective guidance infor-
mation to guide the image enhancement process such that
those highly-blurred or highly-sharp regions will be less
enhanced, or even receive no enhancement at all. To accom-
plish this objective, it is critical to first conduct pixel-wise
blurriness estimation for the image under enhancement, and
then utilize this information to adapt enhancement strength
for each pixel. Existing blurriness estimation approaches are
unable to deliver pixel-wise estimation with high accuracy as
required by our enhancement task. To tackle this problem,
an effective blurriness estimation approach is proposed to
generate more accurate blurriness map that is to be converted
to a scaling-factor matrix via a mapping process.

The rest of this paper is organized as follows. Section II pro-
vides a succinct review of existing unsharp masking algorithms
and blurriness estimation approaches. Section III describes the
proposed pixel-wise blurriness estimation approach, and the
proposed BUM framework is then presented in Section IV.
Experimental results, particularly on the subject performance
evaluation, are provided in Section V. Conclusions are drawn
in Section VI.

II. RELATED WORKS

A. Overview of Existing Unsharp Masking (UM) Methods

Extensive investigations have been conducted in the
past for improving the conventional UM’s performance
(e.g., [3]–[15]). However, these methods mainly address the
issues of under-enhancement and over-enhancement. Gener-
ally speaking, the improvements proposed in these advanced
UM techniques could come from two aspects: 1) more sophis-
ticated layer-decomposition filter for generating the base layer
and the detail layer; and 2) adaptive scaling on the detail
layer for amplifying the extracted details. These attempts are
highlighted in the following.

For the layer-decomposition filtering, various edge-
preserving filters (e.g., [9]–[15]) have been developed to
replace the conventional UM’s linear shift-invariant low-
pass filter. These filters are fairly effective on avoiding the
overshoot artifacts caused by the over-enhancement normally
incurred on sharp edges. When such filters are applied to the
input image, those distinct edges will be largely preserved
in the resultant filtered image (i.e., the base layer). This means
that the extracted details (i.e., the differences between the
base layer and the original image) at the corresponding pixel
locations on the detail layer will be quite small. As a result,
less enhancement will be imposed at these pixels when a fixed
scaling factor is employed for amplifying the detail layer.

For another implementation of the conventional UM method
using a high-pass filter to extract the detail layer as men-
tioned in Section I, several nonlinear polynomial filters
(e.g., [3]–[5]) have been proposed to replace the conventional
linear shift-invariant high-pass filter. These polynomial filters
can be viewed as multiplying a linear Laplacian filter with
a weighting factor computed from the input image, which
could be the local intensity mean [3], the square of local
gradients [5], or the product of both [4]. With this weighting
factor, these filters will extract less details on those dark
regions (with low pixel-intensity mean) and/or those flat
regions (with low gradient magnitude), where the noise tends
to occur. Consequently, they are able to alleviate the noise
amplification issue.

For the design of adaptive scaling scheme, several pixel-
classification-based methods (e.g., [6], [7]) have been pro-
posed, in which the pixels of the input image are first classified
into different classes, and each class is then assigned with a
fixed scaling factor. For example, the method presented in [6]
utilizes the local variance computed from the input image
to classify the pixels into three classes—i.e., low-, medium-,
or high-contrast pixels. For the assignment of a fixed scaling
factor for each class, the low- and high-contrast classes are
assigned with smaller scaling factors than that of the medium-
contrast class, since it has been observed that enhancing the
pixels from these two classes often leads to noise amplification
(for the low-contrast case) and overshoot artifacts (for the
high-contrast case), respectively. In [7], a similar contrast-
based pixel classification scheme is also developed, which is
based on quantizing the filtered result of the input image using
the Laplacian of Gaussian (LoG) filter. Unlike most existing
UM methods that require all scaling factors to be greater



than or equal to one, this method allows the scaling factor
to be less than one for those pixels in flat regions such that
the image details presented by these pixels, which are noisy
in many cases, will be suppressed, rather than being enhanced.

In addition to the above-mentioned methods, other advanced
UM techniques have attempted to improve image enhance-
ment performance through both layer-decomposition filtering
stage and detail-layer’s scaling stage. For example, in [16],
an adaptive bilateral filter is developed for conducting the
layer decomposition, together with an adaptive scaling scheme
similar to the one as proposed in [7]. More recently, a general-
ized UM algorithm is proposed in [8] that exploits an iterative
edge-preserving median filter in the layer-decomposition stage.
Besides, the scaling factor at each pixel is computed based on
the pixel intensity of the detail layer; the larger the intensity
value, the smaller the scaling factor to be imposed. These
improvements help to alleviate the aforementioned overshoot
artifacts.

We have observed that almost all of the above-mentioned
UM methods commonly exploit the local contrast information
to guide the enhancement process. Our earlier discussion
in Section I has pointed out that the local contrast, in fact,
is not an effective guidance information for conducting image
enhancement task. In this paper, a more effective image
attribute—blurriness, is investigated for conducting image
enhancement instead. Therefore, in what follows, we shall
survey existing local blurriness estimation methods and then
describe our proposed estimation algorithm in Section III.

B. Overview of Existing Blurriness Estimation Methods

In order to utilize the blurriness information to guide
the enhancement process, a blurriness estimation process is
conducted for each pixel on the input image. There are two
types of blurs existing in the natural images—i.e., defocus blur
and motion blur. Since the objects being captured by a photog-
rapher’s camera are static in most cases, therefore we limit our
concern to defocus blur only in this paper.1 Among the existing
defocus-blur estimation methods (e.g., [17]–[21]), a blurred
image is often mathematically modeled as the convolution of
an ideal all-in-focus image with a point spread function (PSF)
(also known as a blur kernel), which is typically assumed
to be a spatially-varying disc function [20] or the Gaussian
function [17]–[19], [21]. In this case, the pixel-wise blurriness
estimation can be boiled down to estimating the parameters
of the blur kernel (e.g., the radius of a disc function or the
standard deviation of the Gaussian function).

In [17], the first- and second-order image derivatives are
utilized to estimate the edge location and the amount of blur,
respectively. The method proposed in [18] exploits the so-
called local contrast priors to infer the blurriness at each
pixel, followed by applying a Markov random field (MRF)
based propagation process to refine the obtained blurriness
map. In [19], the amount of blur is estimated from the gradient

1In case the image was acquired with the involvement of motion blur,
the image content could be too blurred and degraded to apply any image
enhancement technique. In this case, image restoration, rather than enhance-
ment, should be considered instead.

ratio computed between the input image and its Gaussian-
blurred version. More recently, a sparse-representation-based
blurriness estimation approach, called the just noticeable blur
estimation (JNBE) [21], is developed that exploits the sparse-
ness measured from each image patch to infer its blurriness.
This method has shown state-of-the-art performance among
all existing blurriness estimation algorithms. However, all the
aforementioned blurriness estimation methods fail to deliver
the estimation accuracy that is required by our blurriness-
guided image enhancement task. Therefore, a new blurriness
estimation method is proposed and described in the following
section.

III. PROPOSED PIXEL-WISE BLURRINESS ESTIMATION

To design our blurriness-guided UM algorithm, the com-
puted blurriness map, which is denoted by M , should have
the same resolution as that of the input image and possess
the following two properties or requirements. First, for each
region at a specific level of focus, the estimated blurriness
for all the pixels within this region should be a constant, or,
at least, very close to each other numerically. In other words,
this region should be perceived as a (nearly) uniform or flat
region on M . Second, a sharp and accurate boundary should
be yielded between two adjacent uniform regions on M that
have different focus levels on I . Multiple blurriness estimation
methods have been experimented (i.e., [19]–[22]), but none of
them is able to produce a blurriness map possessing the above-
mentioned two properties. To address this problem, a novel
pixel-wise blurriness estimation algorithm is proposed in this
paper, which consists of the following two sequential stages:
1) an initial blurriness map ̂M is first generated using the
JNBE algorithm [21], and 2) the weighted least square (WLS)
estimation method is then used to refine ̂M to get the final
accurate blurriness map M . These two stages will be described
in detail in the following sub-sections, respectively.

A. Stage 1: Initial Blurriness Estimation

For this stage, the just noticeable blur estimation (JNBE)
algorithm [21] is first employed for generating the initial
blurriness map ̂M , simply because of its state-of-the-art per-
formance. For a color input image I , the initial blurriness
map ̂M will be estimated based on its luminance channel
recorded in the CIELAB color space. The JNBE algorithm
assumes that the blur kernel is a spatially-varying Gaussian
function, and the standard deviation of the function is used as
the blurriness measurement. This sparse-representation-based
algorithm estimates the blurriness in a patch-wise manner.
To do so, it needs to establish an over-complete dictionary by
using a large set of Gaussian-blurred training image patches
beforehand. In [21], a training set containing 100,000 patches
is employed to train a dictionary containing 256 basis vectors
via the well-known dictionary learning algorithm, called the
K singular value decomposition (K-SVD) [23]. The training
patches are randomly cropped from 1,000 natural images, and
each patch is blurred by a Gaussian kernel with an empirically-
determined standard deviation σ = 2 [21]. With such obtained
dictionary, the blurriness of each test patch is estimated based



on a critical observation that the sparse representation of a
clear (or in-focus) image patch tends to be less sparse than
that of a blurred one. The rationale behind this observation is
that each basis vector of the dictionary contains only smooth
structures as the dictionary was constructed by learning from
a set of Gaussian-blurred patches. Consequently, a clear patch
(often containing sharp transitions) will generally require more
dictionary basis vectors to represent it; thus, yielding a less-
sparse representation.

Based on this observation, the blurriness of an image patch
y ∈ R

n×1 with n pixels can be inferred from the sparseness
of its sparse representation coefficient x ∈ R

k×1, which is
obtained by solving

x = arg min ‖x‖0, subject to ‖y − Dx‖2 ≤ ε, (1)

where D ∈ R
n×k is the aforementioned dictionary with k basis

vectors and was established from a set of Gaussian-blurred
patches. Symbols ‖ · ‖0 and ‖ · ‖2 denote the l0 and l2 norms of
the vector indicated in the argument, respectively. The constant
ε imposes Dx to be close enough to y for finding x (ε = 0.07
was used in [21]).

After the vector x is obtained, its sparseness will be mea-
sured by ‖x‖0 (i.e., the number of non-zero elements contained
in x). In order to use such sparseness measurement to derive
the degree of blurriness for the target patch y, the JNBE
algorithm further establishes a mapping function, which maps
the sparseness ‖x‖0 into the blurriness measurement (i.e.,
the standard deviation σ of the underlying Gaussian blur
kernel). This is accomplished with another set of blurred
image patches obtained by applying Gaussian filtering with
various σ values on clear image patches. For each blurred
patch, its corresponding σ is known and considered as its
ground-truth blurriness, while the sparseness of its sparse
representation, measured by ‖x‖0, can be computed via (1)
as described above. Through a logistic regression conducted
on about 500,000 such patches, the above-mentioned mapping
function is obtained, with which the blurriness of an image
patch can be estimated. For each pixel p on the input image,
the above-described blurriness estimation needs be conducted
on a 8 × 8 patch surrounding the pixel p for computing the
blurriness estimation σ̂p . Consequently, a blurriness map ̂M ,
which is of the same size as the input image I , will be
generated; that is, ̂Mp = σ̂p . In our generated blurriness map,
the darker pixels denote that they are more in-focus; hence,
the whiter pixels indicate that they are more blurred.

However, the generated ̂M is very coarse (as demonstrated
in Fig. 2 (b)) and far from satisfactory for being used to
guide our image enhancement task. Specifically, it has two
major problems as follows. First, since the JNBE estimation
is essentially conducted in a patch-wise manner, it fails to
yield accurate boundaries with pixel-wise accuracy among
adjacent regions that have different focus levels. In this case,
the background pixels could be mistakenly treated as the fore-
ground ones and enhanced. As a result, artifacts surrounding
the object’s boundary will be introduced on the enhanced
image. Second, when a clear patch is highly smooth, the JNBE
method will mistakenly yield a high blurriness value for it,
leading to ‘white’ regions within an in-focus object (which

Fig. 2. Results of various blurriness map refinement schemes: (a) original
image; (b) the initial blurriness map ̂M generated by using the JNBE
algorithm [21]; (c) the confidence weightage map computed according to (3);
(d) the refined map M by using the bilateral filter [10] with σs = 5
and σr = 0.1; (e) the refined map M obtained by using the WLS-based
approach without the confidence weights; (f) the refined map M obtained
by using the proposed WLS-based approach with the adaptive confidence
weightage map as shown in (c).

is supposed to appear as a dark region) in the generated
̂M , as illustrated in Fig. 2 (b). This could cause under-
enhancement issues for the image with low-contrast image
details as demonstrated in such ‘white’ regions. To address
these issues, a refinement step of ̂M is clearly needed and
developed as follows.

B. Stage 2: Blurriness Map Refinement

In this work, the weighted least square (WLS) estimation
method [24] is adopted to refine the coarse ̂M for generating a
much improved blurriness map, denoted by M . Specifically, M
is obtained by minimizing a cost functional F that is defined
as [24]

F=
∑

p

{

wp
(

Mp − ̂Mp
)2+λ

[

h p(∂x M)2
p +v p(∂y M)2

p

]}

, (2)

where the subscript p denotes the pixel location. The partial
differentiation operators ∂x and ∂y compute the derivatives
along the horizontal (i.e., x-axis) and the vertical (i.e., y-axis)
directions on M , respectively. The first term of (2) is the data
term, which is used to prevent M from being deviated away
from the initial map ̂M drastically. Meanwhile, the second
term of (2) is the smoothness term, which forces M to be
as smooth as possible. The constant λ provides a trade-off
between these two terms, and λ = 0.2 is empirically set in this
approach.

The confidence weight wp in (2) indicates how confident of
the initial blurriness estimation ̂Mp obtained at the pixel p.
The main objective of introducing this weighting factor is to
discard those unconfident (thus, unreliable) initial blurriness



estimations; in this case, the corresponding weighting factor
can be set to zero. By doing so, the data term in (2) will take
no effect, and the estimated blurriness will completely depend
on the smoothness term. Similar weighting strategy has been
practiced in some depth map upsampling and enhancement
works (e.g., [25], [26]). Now, the issue is boiled down to how
to identify these pixel locations that have unreliable blurriness
estimation.

As previously mentioned, the JNBE algorithm often mistak-
enly yields such ‘white’ pixels (i.e., pixels with large blurri-
ness) within objects that are actually in focus. Fortunately,
the number of such ‘white’ pixels is usually quite small
according to our observations. To identify these locations,
the mean shift [27] segmentation algorithm is adopted and
applied to ̂M . Based on the segmentation results, wp is
determined as follows:

wp =
{

0, ̂Mp > σt and si ze(Rp) < Nt ;
1, otherwise,

(3)

where Rp denotes the segmented region containing the
pixel p. Thresholds σt and Nt are empirically determined
and used throughout all our experiments as follows: σt = 1.8
and Nt = 2.5% · N , where N is the total number of pixels of
the input image I . Based on (3), wp = 0 will be assigned to the
pixel p, if its corresponding initial blurriness estimation ̂Mp is
greater than σt and meanwhile it belongs to a small segmented
region containing less than Nt pixels. An example of the
confidence weightage map computed via (3) is demonstrated
in Fig. 2 (c), from which one can see that the ‘white’ regions
in Fig. 2 (b) have been successfully detected (via mean shift)
and assigned with zero weights.

Furthermore, the smoothness weights h p and v p in (2) are
imposed to adapt the amount of smoothing at each pixel
location. They are determined by the input image I based on
its gradients along the horizontal direction (i.e., x-axis) and
vertical direction (i.e., y-axis); i.e., ∂x I and ∂y I , respectively:

h p =(∣

∣(∂x I )p
∣

∣

γ + κ
)−1

and v p = (∣

∣(∂y I )p
∣

∣

γ + κ
)−1

, (4)

where κ is a small constant number imposed for avoiding
the divided-by-zero incidence, and the exponent γ controls
the sensitivity of h p and v p to the above-mentioned gradients
(∂x I )p and (∂y I )p , respectively. In our approach, κ = 10−5

and γ = 2 are used. According to (4), the smoothness weights
will be small for those pixel locations that incur large gradients
on I , thus imposing less amount of smoothing on ̂M . This has
the effect of preserving those edges on ̂M that correspond to
sharp object boundaries on I .

By using the matrix notation, the objective functional as
defined in (2) can be re-written as follows:

F(M) = J (VM ) = (VM − V
̂M )T W (VM − V

̂M )

+ λ
(

V T
M

DT
x Ah Dx VM + V T

M
DT

y Av DyVM

)

, (5)

where VM and V
̂M are the vector form of M and ̂M ,

respectively. Matrices Dx and Dx are the discrete (forward)
differentiation operators ∂x and ∂y in the Toeplitz matrix form,
respectively. Matrix W is a diagonal matrix containing the
confidence weight wp . Similarly, matrices Ah and Av are also

diagonal matrices, which contain the smoothness weights h p

and v p , respectively. By letting ∂J /∂VM = 0, the vector VM
that minimizes the above objective functional J (VM ) can be
derived as

VM =
(

W + λDT
x Ah Dx + λDT

y Av Dy

)−1
W V

̂M . (6)

Equation (6) describes a sparse linear system, which can be
solved using the pre-conditioned conjugate gradients (PCG)
approach [28] as practiced in [24]. Finally, the obtained
optimal vector VM is converted back to the matrix form to
yield the final refined blurriness map M .

It is worthwhile to mention that the bilateral filter [10]
was originally suggested in the JNBE [21] for refining the
initially-estimated blurriness map ̂M . However, one can see
from Fig. 2 (d) that the bilateral filter delivered a fairly poor
refinement result M as it fails to filter out the noisy structures
and yield sharp region boundaries. Other local smoothing
filters, such as the guided filter [12] and the domain transform
filter [14], have also been investigated, and they all produce
similar poor results according to our simulations (but not
presented here). On the other hand, the WLS-based approach is
able to deliver a much better refined map M , even without the
use of the confidence weighting (see Fig. 2 (e)). With further
incorporating confidence weights, the final refined blurriness
map is fairly smooth and meets our initially imposed goals
about what the final blurriness estimation map should look
like in order to facilitate the follow-up UM process.

IV. PROPOSED BLURRINESS-GUIDED UNSHARP

MASKING (BUM) ALGORITHM

A. Overview

The framework of the proposed blurriness-guided unsharp
masking method is illustrated in Fig. 3. If the input image I is
a color image, it will be converted in the CIELAB color space,
and the enhancement will be conducted only on its luminance
component L. The enhanced luminance component will then
be combined with the original two chrominance components,
followed by converting them back to the RGB color space to
generate the final enhanced color image for presentation.

In Fig. 3, the refined blurriness map M , which is obtained
through the blurriness estimation process as described in the
previous section, will be utilized as a guidance information to
determine the scaling factor (i.e., enhancement strength) for
each pixel. The entire enhancement process can be mathemat-
ically described as

L̃ = B + � ⊗ T, (7)

where L̃ is the enhanced luminance component, B and T are
the base layer and detail layer decomposed from the input
luminance component L, respectively; i.e., L = B + T . Unlike
many existing UM algorithms that employ a fixed scaling
factor for all pixels on the detail layer T , an adaptive scaling
factor matrix � is used in our approach to scale the detail
layer T through a pixel-wise multiplication (denoted by the
symbol ⊗).

Another novelty of the proposed BUM algorithm lies in its
adaptation to the layer-decomposition filter used in the first



Fig. 3. The processing pipeline of the proposed blurriness-guided adaptive unsharp masking (BUM) method. For the color image, it is converted to the
CIELAB color space first, and only the luminance component L will be enhanced. The layer-decomposition filter demonstrated here is an edge-preserving
type of filter.

stage of the UM process on the generation of the base layer
and the detail layer. Such consideration is important, as the
type of filter used for decomposition is intimately related to
the matrix � to be generated in the second stage. For that,
we classify the layer-decomposition filters into two categories:
edge-preserving filter (e.g., [9]–[15]) and non-edge-preserving
filter (e.g., Gaussian filter, average filter). The rationale behind
such classification is due to the fact that if an edge-preserving
filter were used, more edge information will be kept on the
base layer B . This means that less details will be left on the
detail layer T (i.e., with smaller amplitudes). To yield effective
enhancement, larger scaling factors are expected to be applied.
However, the same scaling factors might be too large to be
used for a detail layer that was generated by a non-edge-
preserving filter, because more details with large amplitudes
tend to appear on the detail layer. Hence, over-enhancement
with unwanted image artifacts will be incurred in this case.
This clearly justifies the need of adaptation on the computation
of scaling factor matrix � from the perspective of the layer-
decomposition filter type.

Since the scaling factor matrix � is obtained through a
mapping process, two mapping algorithms are needed, one
for each aforementioned layer-decomposition filter case. In our
approach, if an edge-preserving filter were used in the layer
decomposition stage, only the blurriness information M , com-
puted from the input image I , will be used as the input of the
mapping process (see Fig. 3). On the other hand, if a non-edge-
preserving filter were used instead, the contrast information
(computed from the detail layer T ) will be incorporated as an
extra guidance information besides the blurriness information.
This will effectively avoid or alleviate the overshoot artifacts
due to the less-sophisticated non-edge-preserving filter used
for decomposition. Note that this part is not shown in Fig. 3
for simplifying the block-diagram drawing, and it can be
easily understood and added into Fig. 3 according to the more
detailed descriptions in what follows.

B. Case 1: Scaling Factor Matrix Computation for
Edge-Preserving Filter

As highlighted previously, if an edge-preserving filter
(e.g., [9]–[15]) were used in the layer-decomposition stage,
only the blurriness information is exploited for the computa-
tion of the scaling factor matrix �. As explained in Section I,
enhancing a highly-blurred image region is undesirable,
because it is quite unlikely to yield an appreciable quality
improvement, while often getting unwanted artifacts in return.
Therefore, it is more appropriate to assign smaller scaling
factors to the pixels in those highly-blurred regions to impose
less amount of enhancement, or even no enhancement at all.
To accomplish this objective, a mapping process based on
the generalized Gaussian function is proposed to translate the
blurriness estimation map Mp into a scaling factor �p for each
pixel location p. Our proposed mapping function is defined as

�p = ρ · Gb(Mp) + η, (8)

where

Gb(Mp) = e
−

(

Mp
α

)β

. (9)

The parameters α and β determine the scale and the shape
of the function Gb(Mp), respectively, as shown in Fig. 4 (a)
under different settings of these parameters. One can see that
the scale parameter α determines how wide the range of
blurriness will be assigned with large scaling factors, while
the shape parameter β controls how fast of the transition
changing from the higher values of the scaling factors to
the lower ones. On the other hand, since Gb(Mp) ∈ (0, 1],
the obtained �p will fall into the range of (η, ρ + η]. This
means that ρ and η decide the maximum and minimum scaling
factors (i.e., the dynamic range) that could be imposed by (8).
Setting large values to these two parameters will clearly yield
more perceivable enhancement; however, this might also cause
undesirable over-enhancement artifacts more easily in return.



Fig. 4. An illustration of the proposed mapping functions for generating the
adaptive scaling factor matrix �: (a) the blurriness-guided mapping function
as defined in (8) for Case 1, when an edge-preserving filter is used; (b) the
blurriness- and contrast-guided mapping function as defined in (10) for Case 2,
when non-edge-preserving filter is used. Note that ρ = 3, η = 1 are used for
generating the above plots, thus �p ∈ (1, 4] in both cases.

In practice, there is no optimal setting for the above-
mentioned parameters (i.e., α, β, ρ, and η), and their values
should be determined based on the requirements of each
specific application or up to the user’s preference. For our
enhancement task conducted on common natural images,
it has been found through extensive simulations that using
0.8 ≤ α ≤ 1.4 and 4 ≤ β ≤ 8 generally yields visually pleas-
ant enhancement results. As for ρ, we have found that letting
1 ≤ ρ ≤ 3 is able to deliver fairly perceivable improvement
on image sharpness, while not yielding the overshoot arti-
facts in most cases. Finally, η is typically set as η = 1,
in which case no enhancement will be imposed at all if the
estimated blurriness Mp is very large, since �p → η = 1
when Mp → ∞. It is worthwhile to point out here that it
is also possible to set η < 1 in (9)as practiced in [7] and [16].
This will even suppress some unwanted details (such as noise)
presented in the blurred background. This will be demonstrated
in Section V.

An example of the scaling factor matrix � generated by
the above-described mapping process can be found in Fig. 3,

from which one can see that relatively small scaling fac-
tors have been allocated to those highly-blurred regions,
as expected. Consequently, such regions will receive less
amount of enhancement, or even no enhancement at all. Our
extensive simulation results have shown that this effectively
avoids the unwanted amplified noise that often appears in those
highly-blurred regions.

C. Case 2: Scaling Factor Matrix Computation for
Non-Edge-Preserving Filter

If a non-edge-preserving filter (such as the Gaussian filter,
the average filter, to name a few) is used for conducting layer
decomposition, both blurriness and contrast information will
be jointly exploited for the computation of the scaling factor
matrix �. The rationale behind the use of contrast information
as an additional guidance, besides the blurriness information,
is justified with detailed explanations as follows.

The overshoot artifacts are typically introduced due to the
enhancement imposed on those strong details incurred on the
detail layer T [8]. This could happen, especially when a non-
edge-preserving type of low-pass filter is deployed in the layer-
decomposition stage. This means that more edge information
could be incurred on the detailed layer, since the strong edge
information were not well preserved on the base layer B .

As non-edge-preserving filters are commonly exploited as
preferable due to their algorithmic simplicity and computa-
tional efficiency, the above-mentioned overshoot artifacts must
be addressed and prevented. Obviously, working on the detail
layer T is the most direct and effective way to pursue. For
that, an addition multiplier is proposed and inserted into (8)
to adaptively prevent overshoot artifacts. That is,

�p = ρ · Gb(Mp) · Gc(|Tp|) + η. (10)

where

Gc(|Tp|) = e
−

( |Tp |
μ

)ν

. (11)

That is, Gc(|Tp|) is another generalized Gaussian function
similar to Gb(Mp), except that it works in the contrast domain
rather than in the blurriness domain and Gc(|Tp|) ∈ (0, 1].
According to (11), the larger the value of |Tp|, the smaller
the weighting factor Gc(|Tp|) to be further multiplied in (10).
By incorporating this extra term, the scaling factors computed
via (10) will be smaller compared with the case, when only (8)
is used, especially at those pixels where the detail amplitude
|Tp| are large. This effectively helps to avoid or alleviate the
overshoot artifacts.

Similar to the α and β in (9), the μ and ν in (11) control
the shape of Gc(|Tp|). In this work, μ and ν are empirically
determined as μ = 1/2(ρ + η) and ν = 3, respectively. Note
that, according to (8), �p reaches to its maximum value ρ +η
as the largest scaling factor, when Gb(Mp) = 1. Hence, μ is set
to be inversely proportional to ρ + η as a general trend, since
the larger the ρ + η is, the more likely the overshoot artifacts
will be incurred. The extra factor 1/2 in μ is empirically
determined for a more robust enhancement.

Note that a similar scaling factor adaptation scheme can
be found in [8], which also utilizes the information presented



Fig. 5. Demonstrations of adaptive scaling factor matrix � computed for
Case 1 and Case 2: (a) the input image; (b)-(c) the |T | obtained via the bilateral
filter for Case 1 and the Gaussian filter for Case, respectively; (d)-(e) the
scaling factor matrix � computed for Case 1 and Case 2, respectively; (f) an
image patch cropped from (a); (g)-(h) enhanced patches in Case 1 and Case 2,
respectively; (i) enhanced patch in Case 2 using the mapping function (8) (i.e.,
without incorporating |T |).

on |T | and exploits the same computation formula as �p =
ρ · Gc(|Tp|) + η, where Gc(|Tp|) is defined in (11). However,
the parameter μ in (11) is fixed and set to 1 in [8], while ours is
adaptive as the values of ρ and η are adjustable. Furthermore,
the scaling scheme in [8] does not involve the blurriness-
guided term Gb(Mp) as ours in (10). Consequently, the scaling
scheme in [8] is less effective than ours on preventing both
noise amplification and overshoot artifacts. All these will be
demonstrated in Section V.

Fig. 5 demonstrates a set of enhanced images for Case 1 and
Case 2, respectively. The representative layer-decomposition
filters employed are the edge-preserving bilateral filter for
Case 1 and the non-edge-preserving Gaussian filter for Case 2,
respectively. Fig. 5 conveys some fundamental insights as
follows. First, comparing Figs. 5 (b) and (c), it can be
observed that their amplitude map |T | are quite different,
as expected. This clearly justifies why the layer-decomposition
filter deployed in the first stage in Fig. 3 needs to be considered
in the design of the mapping algorithm for the computation
of the scaling factor matrix �. Second, it can be observed
from Figs. 5 (d) and (e) that the scaling factors computed
in Case 2 at those pixels with large detail amplitudes have been
effectively reduced compared to their counterparts in Case 1,
by incorporating the Gc(|Tp|) into the mapping function (10).
Consequently, the enhanced images yielded in both cases,
as shown in Fig. 5 (g) and (h) are fairly close to each
other, have demonstrated proper enhancement without creating
artifacts, compared to the original image patch cropped from
the original image as shown in Fig. 5 (f). In contrast, if the
mapping function (8) instead of (10) is used for Case 2, distinct
overshoot artifacts will be yielded as shown in Fig. 5 (i).

All these results have clearly demonstrated the effectiveness
and consistence of our filter-type adaptive scaling factor com-
putation; i.e., the proposed BUM algorithm is able to deliver
satisfactory enhancement results regardless of which type of
layer-decomposition filter is deployed in the first stage of the
enhancement process.

V. EXPERIMENTAL RESULTS

Extensive simulations have been conducted on a variety
of test images to evaluate the enhancement performance
using the proposed blurriness-guided unsharp masking (BUM)
approach. As previously mentioned, our proposed BUM
algorithm can be viewed as a generalized UM framework,
since it is much more adaptive than the conventional UM
algorithm. The powerful adaptations are incurred not only
for determining the scaling factor for each pixel but also
for adjusting the degree of enhancement according to the
type of the layer-decomposition filter that was used in the
layer-decomposition stage for generating the base layer and
the enhancement layer. For the latter, two types of layer-
decomposition filters are considered; i.e., the edge-preserving
filter (i.e., Case 1, as defined previously) and the non-edge-
preserving filter (i.e., Case 2). In our simulations, the bilateral
filter [10] is chosen as the most representative one forCase 1,
while the Gaussian filter is the selected representative for
Case 2. The enhancement results of our BUM approach
have been compared to those of the conventional UM [1],
the generalized unsharp masking (GUM) [8]2 and the cubic
unsharp masking (CUM) [5]. Besides, we noticed a recent
work developed by Li et al. [29] for contrast enhancement and
deblocking, and found its proposed texture mask can be used
as an adaptive strength map for the UM process. It turns out
that such texture-mask-guided UM (TUM) algorithm is able
to deliver quite promising results, therefore, it is also included
in our comparison.

For performance evaluation, to our best knowledge, there is
no widely-accepted metric for quantitatively measuring image
enhancement results, however there are some existing works
in this area (e.g., [30]). Therefore, subjective or perceptually-
based comparisons of the enhanced images using the above-
mentioned methods are conducted and compared to justify the
superiority of our proposed approach.

A. Parameter Setting

For the blurriness estimation stage, the parameter values as
previously set in Section III are used as the default setting;
that is, λ = 0.2 in (2); σt = 1.8 and Nt = 2.5% · N (where
N is the total number of the pixels of the input image) in (3);
κ = 10−5 and γ = 2 in (4). For computing the scaling
factor for each pixel using the generalized Gaussian function,
the common parameters for both Case 1 and Case 2 are set as
follows: ρ = 2.5, η = 1 or 0 (to be discussed in detail in sub-
sections V-B and V-C, respectively) ), α = 1, and β = 6.

2The original GUM algorithm has an extra contrast enhancement step
conducted on the base layer via the histogram equalization (HE) algorithm.
However, for a fair comparison, this step has been removed in our simulations.



Fig. 6. Visual comparison of some enhancement results experimented on the test image “Old Man:” (a) the original image and its enhanced versions using
the following methods; i.e., (b) the conventional UM with the Gaussian filter, (c) the modified GUM [8] with the Gaussian filter, (d) the CUM [5] with the
Laplacian filter, (e) the TUM [29] with the Gaussian filter, and (f) the proposed BUM with the Gaussian filter (when η = 1).

For Case 2, two extra parameters are required and mentioned
in Section IV-C, they are μ = 1/2(ρ + η) and ν = 3 in (10).

It is important to note that throughout our simulations all the
parameters of our proposed algorithm are fixed to their default
values as described above (i.e., no fine-tuning for any specific
test image). However, in real applications we believe that some
of these parameters could be made available to the viewers for
fine-tuning. In fact, this is already practiced in some image
enhancement software.

To conduct a fair subjective comparison of the proposed
BUM with the conventional UM and other adaptive UM
methods, the parameters of these methods that control the
enhancement strength (i.e., the scaling effect imposed on the
detail layer) have been carefully adjusted so that the overall
amount of enhancement yielded by each of these methods is
perceptually close to that by our approach. For the remaining
parameters in these methods, they have been set to their
originally proposed default values, respectively.

The above-highlighted two possible settings (i.e.,
either 1 or 0) of the parameter η are further investigated
in our simulations. In most existing adaptive UM methods,
η = 1 is to ensure that the original details on the input image
will be, at least, preserved, if not enhanced. In our proposed
BUM, on the other hand, η could be less than 1, allowing the
‘enhancement’ process to perform opposite—i.e., smoothing
image details; this could be highly desirable and beneficial
on suppressing noise often presented in those highly-blurred

background regions. The performance evaluations of our
proposed BUM for η = 1 and η = 0, respectively, will be
discussed in detail, in what follows.

B. Performance Evaluation for η = 1

Fig. 6 shows a set of enhanced test image “Old Man,”
produced by the proposed BUM and by other four UM meth-
ods, all using the Gaussian filter as the layer-decomposition
filter. It can be clearly observed from Fig. 6 (b) that the
conventional UM method has amplified noise on the highly-
blurred region (referred to the red- framed region cropped from
the background), as well as some overshoot artifacts on the
foreground region that has clear details (referred to the green-
framed region). The GUM [8] and CUM [5] algorithms have
delivered slightly improved enhancement results compared
with that of the UM, but they tend to yield artifacts for high-
contrast regions or cause under-enhancement for low-contrast
areas. For example, the GUM algorithm is unable to avoid
the unwanted noise amplification often incurred in blurred
background regions (see the first close-up in Fig. 6 (c)), while
the CUM method can result in under-enhancement for those
less-blurred regions with low-contrast details (see the close-
up in the second row of Fig. 6 (d)). The TUM [29] algorithm
delivers very similar results to ours, but it also leads to slight
over-enhancement artifacts (see the close-up in the third row
of Fig. 6 (e)). On the other hand, our proposed BUM approach



Fig. 7. Visual comparison of some enhancement results experimented on the test image “Parrot:” (a) the original image and its enhanced versions using
the following methods; i.e., (b) the conventional UM with the Gaussian filter, (c) the modified GUM with the Gaussian filter [8], (d) the CUM [5] with the
Laplacian filter, (e) the TUM [29] with the Gaussian filter, and (f) the proposed BUM with the Gaussian filter (when η = 1).

is able to constantly deliver the most desirable enhancement
results from the viewpoint of perceptual quality as shown
in Fig. 6 (f). That is, our proposed BUM algorithm can avoid
noise amplification and overshoot artifacts, without yielding
under-enhancement for those regions containing low-contrast
image details.

Another illustration of the enhancement results yielded by
these methods is shown in Fig. 7, which is obtained from
the experiment conducted on the test image “Parrot.” Similar
conclusion about performance comparison as drawn from
Fig. 6 can be also drawn from Fig. 7; except that the TUM
yields insufficient enhancement at foreground’s regions with
weak details (see the third close-up in Fig. 7 (e)). Again,
one can see that our proposed BUM is the only method that
can simultaneously avoid noise amplification on the blurred
background region and under-enhancement on the foreground
region that has low-contrast details. Meanwhile, it also sensi-
tively avoids the overshoot artifacts that tend to incur at the
foreground-background boundary as shown in the third close-
ups of Fig. 7 (b) and (c). In closing, the proposed BUM
is able to simultaneously address under-enhancement, over-
enhancement, and noise-amplification issues in a unified and
consistent treatment.

C. Performance Evaluation for η = 0

As mentioned previously, a common practice in the existing
enhancement algorithms is to set the detail scaling factor to 1
(i.e., no enhancement) as an extremal case, if necessary. In our

proposed BUM approach, this is equivalent to set η = 1
in (8) and (10). However, we have also investigated the
possibility of using η < 1 in our approach; i.e., smoothing
the image details, rather than enhancing. In this sub-section,
the enhancement results using η = 0 are demonstrated and
discussed as follows.

Note that a highly-blurred region tends to contain much
less image details and stand out unwanted noise. By setting
η = 0 for such case, it is beneficial to de-emphasize the
presence of noise, while yielding a more visually-pleasant
image. Fig. 8 demonstrates the results obtained by using
our proposed BUM approach with η = 0 experimented on
the test image “Bear.” One can see that our approach has
delivered a highly-appealing result; it suppressed the unwanted
noise in the highly-blurred background and in the meantime
enhanced the details in the foreground. In contrast, all the
other methods under comparison failed to accomplish both
objectives simultaneously. Through our extensive simulations,
it has been observed that using η = 0 in our proposed BUM
works especially well for those images containing with small
amount of noise but with distinct foreground and background.

Lastly, it is worth to mention that for the images with
a very complicated scene, the computed blurriness maps
tend to be less accurate. Consequently, some desired image
details might be improperly enhanced due to improper scaling
factors computed and assigned. Therefore, using η = 1 is more
recommended in practice, as it tends to deliver more robust
enhancement results.



Fig. 8. Visual comparison of the enhancement results on the test image “Bear:” (a) the original image and its enhanced versions using the following methods;
i.e., (b) the conventional UM, (c) the modified GUM, (d) the CUM, (e) the TUM, and (f) the proposed BUM (when η = 0). Note that the bilateral filter is
exploited in each above-mentioned method for the decomposition of the base layer and the detail layer.

D. Subjective Performance Evaluations
To justify the effectiveness of our proposed algorithm,

we have invited 9 volunteers who have no experience

in image processing to conduct subject performance evalua-
tion. The entire experiments are in blind test (i.e., enhanced
images are unlabeled), and they were asked to choose the



TABLE I

AVERAGE RUNNING TIME (IN SECONDS) OF DIFFERENT METHODS
FOR ENHANCING AN 800 × 533 IMAGE

preferred image among the original and enhanced images from
the aesthetic point of view. It turns out that the majority of the
9 participants prefers the enhanced images produced by our
proposed BUM image enhancement method. To be exact, 7, 6,
and 6 positive votes favoured our proposed BUM algorithm,
for the three test images in Figs. 6-8, respectively.

E. Computational Complexity

This sections provides a comparison of the computational
complexity of the proposed BUM method and other state-
of-the-art UM methods. All these methods are tested using
their MATLAB implementations and run on the same machine
with an Intel Core i7-6700 3.4 GHz CPU and 8 GB RAM.
The Gaussian filter is employed to conduct the layer decom-
position in all methods except the CUM method, which
employs a polynomial filter instead. The running times (aver-
age of 10 runs) of all methods for enhancing an 800 × 533
image are documented in Table I.

It can be seen that the proposed BUM method is computa-
tionally much more expensive than other UM methods under
comparison, except the TUM. A closer examination shows that
over 99.8% of the running time is spent on the generation of
the blurriness map; to be specific, the generation of the initial
blurriness map costs about 3.14 seconds, and the refinement
process of the blurriness map costs about 2.12 seconds. Hence,
in order to make our proposed algorithm more practical for
real-time enhancement applications, it is definitely necessary
to investigate faster and more efficient blurriness estimation
methods.

VI. CONCLUSION

In this paper, a novel blurriness-guided unsharp mask-
ing (BUM) method is proposed that exploits the local blur-
riness, computed from the input image, as the guidance
information to guide the image enhancement process. The use
of the blurriness attribute is motivated by several key obser-
vations, including the photographer’s original intention on
creating an aesthetic effect by making background region
blurred. All these suggest that enhancing those highly-blurred
and highly sharp image regions are both undesirable, while
the former could further lead to noise amplification effect
via enhancemant. In our proposed BUM image enhancement
algorithm, the enhancement strength is adjusted for each
pixel according to the degree of local blurriness measured on
the local region of individual pixel’s location. Consequently,
the blurred regions are less enhanced or even not enhanced
at all to avoid noise boosting at those regions. Another novelty
of our proposed BUM algorithm is that it is also highly
adaptive to the type of layer-decomposition filter employed on
the generation of the base layer and detail layer; this also helps

to alleviate the over-enhancement issues. This strategy has not
been found in any existing UM methods, to our best knowl-
edge. Extensive simulations conducted on various test images
have demonstrated that the proposed BUM method is able to
consistently deliver the most visually-pleasant enhanced image
compared with that by using the conventional UM and other
state-of-the-art adaptive UM methods.
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