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Abstract As one of the most fundamental operations in
computer graphics and computer vision, sharpness enhance-
ment can enhance an image in respect of sharpness char-
acteristics. Unfortunately, the prevalent methods often fail
to eliminate image noise, unrealistic details, or incoherent
enhancement. In this paper, we propose a new sharpness
enhancement approach that can boost the sharpness char-
acteristics of an image effectively with affinity-based edge
preserving. Our approach includes three gradient-domain
operations: sharpness saliency representation, affinity-based
gradient transformation, and gradient-domain image recon-
struction. Moreover, we also propose an evaluation method
based on sharpness distribution for analyzing all sharpness
enhancement approaches in respect of sharpness character-
istics. By evaluating the sharpness distribution and compar-
ing the visual appearance, we demonstrate the effectiveness
of our sharpness enhancement approach.

Keywords Sharpness enhancement · Gradient-domain
filter · Image sharpening

1 Introduction

Sharpness enhancement is an image processing technique
which can adjust the sharpness characteristics of one im-
age to produce a new sharper result. For decades, numer-
ous image filters [1], which directly manipulate pixel values
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in spatial domain or modulate frequencies in frequency do-
main, have been developed to achieve sharpness enhance-
ment. However, most of them cannot eliminate image noise
effectively due to intensifying in all pixels synchronously.
Adobe Photoshop [2], a popular commercial software for
image processing, provides a sharpen filter for sharpness en-
hancement, but this sharpen filter is often accompanied by
image noise. As shown in Fig. 1(b), the enhanced result of
Photoshop’s sharpen filter is severely degraded because of
image noise. To obtain an enhanced result without noise, its
another sharpen filter can only boost high-contrast regions
by constructing an unsharp mask; however, the effective-
ness of the unsharp mask filter depends on how accurately
users set the given parameters. Since its unsharp mask can
cause the incoherent sharpness enhancement in some local
regions, it might fail to achieve the high-quality edge pre-
serving. As shown in Fig. 1(c), although Photoshop’s un-
sharp mask filter can eliminate image noise effectively, it
cannot preserve the smooth edge feature due to the incoher-
ent enhancement.

Later some optimization-based filters [3–5] are proposed,
which can generate edge-preserving enhanced results by
constructing a global optimization function and solving a
large linear system, but they often introduce the halos arti-
facts and suffer from long computation time. Recently, two
better image filters have been further proposed: based on bi-
lateral filter [6], a guided filter [7] with O(N ) time can effi-
ciently enhance image sharpness and preserve smooth edge
feature by a guidance image; another local Laplacian filter
[8] can directly manipulate Laplacian pyramids for edge-
aware image processing without degrading edges or intro-
ducing halos. However, these filters only focus on boosting
all details synchronously. Thus they often produce unreal-
istic results because of immoderate enhancement in some
local details. As we have seen in Figs. 1(d), 1(e), and 1(f),
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Fig. 1 Sharpness enhancement. (a) Source image. (b) The enhanced
result of Photoshop’s sharpen filter with boost 5 (iters = 5, i.e., it is
performed five times iteratively). (c) The enhanced result of Photo-
shop’s unsharp mask filter with boost 5 (iters = 5, amount = 200,
radius = 1.0, threshold = 5). (d) The enhanced result of bilateral filter
with boost 5 (multiplier = 5, W = 5, σr = 3 and σs = 0.1). (e) The
enhanced result of guided filter with boost 5 (multiplier = 5, r = 16,

ε = 0.01). (f) The enhanced result of Laplacian filter with boost 5
(α = 0.2, σr = 0.4, β = 1). (g) The enhanced result of saliency fil-
ter with boost 5 (multiplier = 5, elNorm = 1000, pinchExp = 5.0,
accuracy = 1e−12, maxIters = 50, maxLevels = 2). (h) The enhanced
result of our approach with boost 5 (iters = 5). Note: Unlike the Pho-
toshop’s sharpen filter and our approach, the other filters can provide
more adjustable parameters, and their boost operations are also diverse

although these three filters can achieve the edge-preserving
sharpness enhancement, they cannot still yield the high-
fidelity enhanced results due to some unrealistic local de-
tails.

Apart from traditional filters in spatial and frequency do-
mains, some gradient-domain filters [9, 10], which manip-
ulate pixel differences in addition to pixel values of an im-
age, also have been proposed for sharpness enhancement.
Since they boost the pixel differences instead of direct ma-
nipulation in all pixels, the gradient-domain filters can main-
tain original features of the source image effectively. How-
ever, these filters might still suffer from image noise because
of synchronous intensification in all gradients. The recent
saliency sharpen filter [11] can use a long-edge detector to
only enhance salient gradients without boosting image noise
or background texture, but the incorrect long-edge detec-
tion might cause its failure to achieve the high-quality edge-
preserving behavior. Like the Photoshop’s unsharp mask fil-
ter, it might also generate the incoherent enhancement be-
tween long edges and local regions. As shown in Fig. 1(g),
the saliency filter fails to produce a high-fidelity enhanced
result with the smooth edge feature.

In this paper, we present a novel gradient-domain ap-
proach for sharpness enhancement, which can enhance
the sharpness characteristics of source image with effec-
tive affinity-based edge preserving. On the one hand, since
only local salient gradients in source image are selected
into sharpness enhancement, our approach can avoid syn-
chronous intensification. On the other hand, since affinity-
based optimization can provide the smooth gradient trans-
formation, our approach can also preserve the better edge

feature. As shown in Fig. 1(h), compared with the other
six filters, our edge-preserving sharpness enhancement ap-
proach can produce a high-fidelity enhanced result without
image noise, unrealistic details, and incoherent enhance-
ment.

In order to yield a sharper result with high-quality edge
feature, our system pipeline shown in Fig. 2 includes three
primary steps: sharpness saliency representation, affinity-
based gradient transformation, and gradient-domain image
reconstruction. First of all, we specify the pixels with local
maximum gradient magnitude as salient pixels and represent
the sharpness saliency by gradient paths each of which can
pass through a corresponding salient pixel and trace along
its gradient directions (two sides) pixel by pixel until the
gradient magnitude does not decrease anymore. Secondly,
we initialize the gradient transform ratio of each pixel in
the gradient paths and obtain the smooth gradient transfor-
mation by optimizing an affinity-based energy function. Fi-
nally, guided by the new transformed gradients, we recon-
struct a sharper result by minimizing another energy func-
tion with the constraints both in image domain and gradient
domain. Moreover, since traditional verification of a sharp-
ness enhancement approach is primarily based on visual ap-
pearance, which is often insufficient and inaccurate, we pro-
pose an efficient evaluation method based on sharpness dis-
tribution to further compare our approach with the other six
filters.

In summary, our specific contributions in this paper are:

• A novel edge-preserving sharpness enhancement ap-
proach, which can effectively achieve the high-fidelity
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Fig. 2 Pipeline with three steps: (1) sharpness saliency representation; (2) affinity-based gradient transformation; (3) gradient-domain image
reconstruction

enhancement in respect of sharpness characteristics by
a pipeline with three gradient-domain operations.

• An effective evaluation method based on sharpness distri-
bution, which can evaluate a sharpness enhancement ap-
proach accurately by analyzing the sharpness distribution
in its enhanced output.

After a brief review of related work in next section,
we elaborate our edge-preserving sharpness enhancement
approach in Sect. 3. Our new evaluation method is intro-
duced in Sect. 4. The related experiment results are shown
in Sect. 5. A final conclusion and discussion about this paper
are given in Sect. 6.

2 Related work

As the most fundamental operation of computer graphics
and computer vision, image filtering allows users to ap-
ply various effects on images. A lot of image filters have
been developed to enhance/modify/warp/mutilate images
during the past few decades. In respect of sharpness en-
hancement, traditional methods [1], such as Laplacian fil-
ter, Sobel filter, ideal filter, butterworth filter, Gaussian fil-
ter, etc., can be divided into two categories: spatial-domain
filters, which involve direct operation on image pixels, and
frequency-domain filters, which involve the Fourier trans-
form of one image for its operation. As a popular commer-
cial software for image processing, Adobe Photoshop [2]
also provided some sharpen filters to adjust the sharpness
characteristics of one image. However, these previous fil-
ters often fail to produce a high-fidelity enhanced result with
edge-preserving due to image noise or incoherent enhance-
ment.

Later some optimization-based filters [3–5] were pro-
posed for high-quality edge-preserving results. However,
they often introduce the halos artifacts, and solving the cor-
responding linear system for optimization is time-consum-
ing. Recently, based on bilateral filter [6], He et al. [7] pro-
posed a new type of explicit image filter with O(N ) time,
called a guided filter. The guided filter, derived from a local
linear model, can employ the input image itself or another
different image as a guidance image and preserve better edge
feature by considering the content of the guidance image.
In addition, Paris et al. [8] also proposed a local Laplacian
filter for edge-aware image processing, which can directly
manipulate Laplacian pyramids to eliminate halos artifacts

and preserve smooth edge feature. These two filters can be
seamlessly applied to sharpness enhancement and achieve
high-quality edge-preserving behavior. However, they focus
on boosting all details synchronously and might generate the
immoderate enhancement in some local details.

Unlike the spatial-domain and frequency-domain filters,
the gradient-domain filters manipulate pixel differences in
addition to pixel values of an image. In the past ten years,
many gradient-domain filters have been successfully applied
to a variety of image applications. Fattal et al. [12] proposed
one of the first gradient-domain image filters to achieve the
compression of HDR image. Perez et al. [13] constructed
a guidance gradient field to create the seamless insertion
of a source image patch into a target image. Levin et al.
[14] used a similar gradient-domain filter to achieve seam-
less image stitching. They [15] also proposed a gradient-
domain technique for stroke-based colorization. Lischin-
ski et al. [16] improved Levin’s gradient-domain technique
to achieve interactive local tone adjustment. Orzan et al.
[17] proposed a gradient-domain approach to convert pho-
tographs into abstract renditions. Agrawal et al. [18] used
a gradient-based projection approach to integrate gradients
for well-lit images without strong highlights. Agrawal et al.
[19] involved this approach into image edge-suppressing
operations. Later Agrawal et al. [20] further investigated
robust surface reconstruction from a nonintegrable gradi-
ent domain. Zeng et al. [9] proposed a variational model
with a data term in gradient-domain problems for image
editing. Based on Zeng’s work, Bhat et al. [10] achieved
Fourier analysis of the 2D screened Poisson equation for
gradient domain problems. Bhat et al. [11] also developed
GradientShop to enable new image and video processing
filters like saliency sharpening, suppressing block artifacts
in compressed images, nonphotorealistic rendering, pseudo-
relighting, and colorization. Recently, Ding et al. [21] im-
plemented a novel interactive tool for image editing, and Xie
et al. [22] improved the previous gradient-based methods for
seamless video composition. Later Zhang et al. [23] further
achieved an environment-sensitive image cloning technique.

In sharpness enhancement, Zeng et al. [9] first proposed
a gradient-domain filter to sharpen an image. Their model
interprets sharpness enhancement as a variational problem
concerning adaptive adjustments of the zeroth and first
derivatives of the images which correspond to the color and
gradient items. Starting with Zeng’s variational formulation,
Bhat et al. [10] further generalized the Laplacian sharpen
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filter by solving the 2D screened Poisson equation. Unfor-
tunately, these approaches still intensify all gradients in an
image and might fail to eliminate image noise. Later Bhat
et al. [11] proposed a saliency sharpen filter which only
intensifies those gradients that correspond to salient image
features. The saliency filter uses a long-edge detector to
boost those gradients that lie across long edges. Thus it can
eliminate noise efficiently. However, the saliency filter might
still fail in some situations due to the incorrect long-edge de-
tection or incoherent enhancement between long edges and
local details, which will cause that its enhanced result can-
not preserve the high-quality edge feature. In this paper, in
order to yield a high-fidelity enhanced result without im-
age noise, unrealistic details, or incoherent enhancement, we
propose a new edge-preserving approach for sharpness en-
hancement.

3 Edge-preserving sharpness enhancement

In this section, we introduce a novel pipeline to efficiently
enhance the sharpness characteristics of source image. Fig-
ure 2 illustrates an overview of our edge-preserving sharp-
ness enhancement approach, including sharpness saliency
representation, affinity-based gradient transformation, and
gradient-domain image reconstruction.

3.1 Sharpness saliency representation

Inspired by some gradient-domain edge priors [24, 25], we
represent sharpness saliency accurately by gradient paths
that pass through the pixels with local maximum gradient
magnitude and trace along their gradient directions (two
sides) pixel by pixel until the gradient magnitude does not
decrease anymore. Based on this local representation, our
sharpness enhancement can efficiently operate these gradi-
ent paths to avoid synchronous intensification in all gradi-
ents. Here, we define the pixels with local maximum gradi-
ent magnitude as salient pixels and also specify their corre-
sponding gradient paths as salient paths.

Given an image I , we denote the gradient at each pixel
p = (x, y) as ∇I (p) = (∇Ix(p),∇Iy(p)), where ∇Ix(p) =
I (x + 1, y) − I (x, y) and ∇Iy(p) = I (x, y + 1) − I (x, y),
and also define its gradient magnitude as M(p) = ‖∇I (p)‖.
First of all, we parameterize the ray in the gradient direction
at each pixel by the following equation:

pt = (
xt , yt

) =
{

xt = x + t · ∇Ix(p)/M(p),

yt = y + t · ∇Iy(p)/M(p),
(1)

where t is a regularization parameter. Then, starting from
any pixel p, we find out its two neighbor pixels p1 and p−1

in the gradient direction. If M(p) > M(p1) and M(p) >

Fig. 3 Sharpness saliency representation. (a) Source image. (b) All
salient pixels in source image. (c) The corresponding salient path P (z0)

of a salient pixel z0. (d) The gradient magnitude distribution in the
salient path P (z0)

M(p−1), we denote p as a salient pixel z0 with local maxi-
mum gradient magnitude. Finally, after obtaining all salient
pixels, we further construct each corresponding salient path
by a recursive algorithm: (1) initialize a salient path P(z0)

that can pass through the salient pixel z0; (2) set an in-
cremental variable i and a decremental variable j to zero;
(3) add a forward neighbor pixel p1

i , where p1
i is the

(i + 1)th pixel pi+1 along the positive gradient direction;
(4) repeat step 3 until M(p1

i+1) > M(p1
i ); (5) add a back-

ward neighbor pixel p−1
j , where p−1

j is the |j − 1|th pixel
pj−1 along the negative gradient direction; (6) repeat step 5
until M(p−1

j−1) > M(p−1
j ); (7) define the final salient path

as: P(z0) = (p−n, . . . , z0, . . . , pm), where m + n + 1 is the
number of gradients in the salient path. As shown in Fig. 3,
we can find out all related salient pixels and initialize their
corresponding salient paths by this representation method.

According to the foregoing definition, the sharpness
saliency in an image consists of all salient paths in the gradi-
ent domain. The steeper the gradient magnitude distribution
in a salient path, the sharper the local saliency. This saliency
representation will help to not only avoid the direct manipu-
lation in all pixels but also carry out the asynchronous inten-
sification in all gradients. In fact, our approach can exactly
achieve the sharpness enhancement by adjusting these local
gradient distributions in the salient paths.

3.2 Affinity-based gradient transformation

Based on sharpness saliency representation, we further
transform gradients in the source image for sharpness en-
hancement. In this section, we first initialize a transform ra-
tio map without synchronous intensification in all gradients.
Then, to preserve high-quality edge feature, we optimize the
transform ratio map by minimizing an affinity-based energy
function. Finally, we utilize the final optimized ratio map to
transform all gradients in the source image.
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Fig. 4 Affinity-based gradient transformation. (a) Initialization of the
gradient transform ratios in a salient path and the corresponding trans-
formation of its gradient magnitude distribution. (b) The initial trans-
form ratio map. (c) The optimized transform ratio map

Given a ratio interval ξ ∈ [0,1], we denote the gradi-
ent transform ratio as α(p) ∈ [1 − ξ,1 + ξ ] and define
its new transformed gradient as ∇I ′(p) = α(p) · ∇I (p).
As shown in Fig. 4(a), for each salient path P(z0) =
(p−n, . . . , z0, . . . , pm) in the source image, we first split it
into three subsalient paths: P1 = (p−n/2, . . . , z0, . . . , pm/2),
P2 = (p−n, . . . , p−(n+1)/2), and P3 = (p(m+1)/2, . . . , pm).
After that, we initialize {α(p) = 1 + ξ,p ∈ P1} and
{α(p) = 1 − ξ,p ∈ P2|P3}. Finally, we can yield a new
salient path P ′(z0) with the steeper magnitude distribu-
tion, where each new gradient can be defined as ∇I ′(p) =
α(p) · ∇I (p) using its corresponding gradient ∇I (p) and
transform ratio α(p). By processing all salient paths, we
can obtain a transform ratio map α∗ in the source im-
age. Obviously, as shown in Fig. 4(b), the asynchronous
adjustment in all gradients can be achieved very well by
the initial transform ratio map. However, since the dis-
crete ratio map α∗ does not consider the continuity be-
tween neighbor ratios, the new transformed gradients ∇I ′ =
α∗ · ∇I cannot preserve the smooth edge feature suffi-
ciently.

Therefore, in order to achieve high-quality edge-preserv-
ing, we construct the following affinity-based energy func-
tion with a smooth term and a data term to optimize the
transform ratio map:

E(α) =
∑

i∈N

∑

j∈N

Wij (αi − αj )
2 + λ

∑

i∈N

(αi − α∗
i )2, (2)

where α is the optimized transform ratio map, α∗ is the ini-
tial transform ratio map, N is the number of pixels in source
image, λ is a regularization parameter, which is fixed to

1e−4, W refers to the popular matting affinity [26, 27]; here
Wij can be defined as

∑

k|(i,j)∈wk

(
δij − 1

|wk|

×
(

1 + (Ii − μk)
T

(
Σk + ε

|wk|I3

)−1

(Ij − μk)

))
, (3)

where Ii and Ij are the colors of the source image at pixels
i and j , δij is the Kronecker delta, μk and Σk are the mean
and covariance matrix of the colors in the window wk , I3 is
the 3 × 3 identity matrix, ε is a regularizing parameter, and
|wk| is the number of pixels in the window wk .

Finally, for minimizing the energy function E(α) and
yielding the optimized transform ratio map α, we use the
conjugate gradient method to solve the set of linear equa-
tions

(W + λU)α = λα∗, (4)

where U is the identity matrix. As shown in Fig. 4(c), com-
pared with the initial transform ratio map, we can obtain the
smoother ratio map by the affinity-based optimization. Due
to the continuous ratio map α, the final transformed gradi-
ents ∇I ′ = α · ∇I will not only avoid the synchronous in-
tensification in all gradients but also generate the coherent
sharpness enhancement.

In brief, as a most important step in our pipeline, the gra-
dient transformation focuses on how to yield an ideal gra-
dient transform ratio map for high-quality edge preserving.
Here, it can be divided into two stages, initialization and op-
timization. In the first stage, we initialize a discrete trans-
form ratio map according to the sharpness saliency represen-
tation. The purpose of the initialization is to adjust the gra-
dient distribution in each salient path. In the second stage,
we construct an affinity-based energy function to optimize
the initial transform ratio map. The optimization aims to
improve the continuity between new transformed gradients.
Compared with the other filters, our sharpness enhancement
with affinity-based gradient transformation can effectively
suppress image noise and sufficiently preserve smooth edge
feature.

3.3 Gradient-domain image reconstruction

Guided by the transformed gradients of source image, we
next reconstruct a new enhanced image by minimizing an
energy function with the constraints both in image domain
and gradient domain. More specifically, the new recon-
structed image can be associated with source image by an
image-domain constraint; the gradients of new reconstructed
image can also be associated with the transformed gradients
of source image by a gradient-domain constraint.
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Fig. 5 Illustration of our edge-preserving sharpness enhancement in iterations. (a)–(d) The enhanced results with boost 1, 3, 5, and 7, i.e., our
pipeline is iteratively performed for a sharper output

Given a source image I and its transformed gradients
∇I ′ = α · ∇I , we can minimize the following energy func-
tion to generate a new reconstructed image:

E(Φ) =
∫

p∈I

‖∇Φp − ∇I ′
p‖2 + λ|Φp − Ip|2 dp, (5)

where Φ is the new reconstructed source image with its gra-
dient and ∇Φ , and λ is a regularization parameter, which
is set to 0.5 in this paper. Since this energy function is
quadratic, its global optimum can be achieved by solving
a set of linear equations. Here, as a numerical iterative al-
gorithm, we use the conjugate gradient method to efficiently
solve the following linear system:

∇2Φ − λΦ = ∇2I ′ − λI, (6)

where ∇2 is the Laplacian operator, and ∇2I ′ is the diver-
gence of transformed gradients ∇I ′. As shown in Fig. 5(a),
after the image reconstruction in the gradient domain, our
whole pipeline is completely performed to obtain a final en-
hanced result with high-quality edge preserving.

Often, as we have seen in Fig. 5, for a high-fidelity en-
hanced output, we need to iteratively boost an image by
our novel pipeline with three gradient-domain operations
until its sharpness characteristics can fully reach the re-
quired standard. In the interactive process, our approach will
achieve the progressive sharpness enhancement, which can
eliminate image noise, unrealistic details, and incoherent en-
hancement existed in the other filters.

4 Evaluation

At present, we can only verify a sharpness enhancement ap-
proach by our eyes, which causes that the evaluation in the
visual appearance is insufficient. Therefore, in this section,
to accurately compare our edge-preserving sharpness en-
hancement with the other six filters, we propose an efficient
evaluation method based on sharpness distribution. For each
sharpness enhancement approach, we calculate the sharp-
ness distribution difference between its boosted result and

ground truth. After that, we evaluate all sharpness enhance-
ment approaches by comparing and analyzing their corre-
sponding sharpness distribution differences.

First of all, we estimate the sharpness characteristics of
one image by a measure equation based on salient path. For-
mally, given any salient path P(z0), we compute the sharp-
ness Ψ (P (z0)) of the salient path using the following mea-
sure equation:

Ψ (P (z0)) =
∫

p∈P(z0)

M(p)

N
· ‖p − z0‖2 dp, (7)

where N = ∑
p∈P(z0)

M(p) is the sum of all gradient mag-
nitudes in the salient path P(z0). Obviously, this measure
equation indicates that the steeper the gradient magnitude
distribution in the salient path, the smaller the sharpness
value. After calculating the corresponding sharpness values
of all salient paths, we can further yield a sharpness distri-
bution Ψ I in the specified image I .

Then, we can calculate the sharpness distribution differ-
ence between two images with different sharpness charac-
teristics. Given two sharpness distributions Ψ I1 and Ψ I2 ,
we compute their sharpness means and standard deviations
(μ1, σ1) and (μ2, σ2), and estimate their sharpness distribu-
tion difference using the following equation:

d(Ψ I1,Ψ I2) = ‖ν1 − ν2‖, (8)

where d is the Euclidean distance between two vectors ν1 =
(μ1 − c · σ1,μ1 + c · σ1) and ν2 = (μ2 − c · σ2,μ2 + c · σ2),
ν1 and ν2 indicate the upper and lower bounds of sharp-
ness distributions in two images, and c is a constant which
is often fixed to 1. Equation (8) indicates that the closer two
sharpness distributions are, the smaller d is. Here, for each
sharpness enhancement approach, we need to calculate the
sharpness distribution difference between each boosted re-
sult and its ground truth.

Finally, we further compare and analyze the correspond-
ing sharpness distribution differences of all sharpness en-
hancement approaches. As shown in Figs. 6 and 7(a), we
provide all enhanced results of the seven approaches be-
tween boost 1 and boost 5, and also compute their sharp-
ness distribution differences by (7) and (8). According to
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Fig. 6 Comparison. (a) Source image. (b) Its ground truth with sharp-
ness enhancement. (c) The enhanced results of these seven approaches
with boost 1 (Photoshop’s sharpen filter and Photoshop’s unsharp mask
filter: iters = 1; bilateral filter and guided filter: multiplier = 1; Lapla-
cian filter: α = 1; saliency filter: multiplier = 1; our approach: iters =
1). (d) Their enhanced results with boost 2 (Photoshop’s sharpen fil-
ter and Photoshop’s unsharp mask filter: iters = 2; bilateral filter and
guided filter: multiplier = 2; Laplacian filter: α = 0.8; saliency fil-
ter: multiplier = 2; our approach: iters = 2). (e) Their enhanced re-
sults with boost 3 (Photoshop’s sharpen filter and Photoshop’s unsharp

mask filter: iters = 3; bilateral filter and guided filter: multiplier = 3;
Laplacian filter: α = 0.6; saliency filter: multiplier = 3; our approach:
iters = 3). (f) Their enhanced results with boost 4 (Photoshop’s sharpen
filter and Photoshop’s unsharp mask filter: iters = 4; bilateral filter
and guided filter: multiplier = 4; Laplacian filter: α = 0.4; saliency
filter: multiplier = 4; our approach: iters = 4). (g) Their enhanced re-
sults with boost 5 (Photoshop’s sharpen filter and Photoshop’s unsharp
mask filter: iters = 5; bilateral filter and guided filter: multiplier = 5;
Laplacian filter: α = 0.2; saliency filter: multiplier = 5; our approach:
iters = 5)
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Sharpness distribution difference Source image Boost 1 Boost 2 Boost 3 Boost 4 Boost 5

Photoshop’s sharpen filter [2] 1.45 1.15 0.84 0.62 0.67 0.91
Photoshop’s unsharp mask filter [2] 1.45 1.36 1.22 1.14 1.11 1.10
Bilateral filter [6] 1.45 1.03 0.95 0.88 0.85 0.83
Guided filter [7] 1.45 1.44 1.53 1.52 1.51 1.50
Laplacian filter [8] 1.45 1.45 1.49 1.59 1.69 1.67
Saliency filter [11] 1.45 0.97 0.91 0.90 0.91 0.92
Our approach 1.45 1.43 1.08 0.76 0.53 0.39

(a)

Run-time performance Elapsed time (s) Implementation platform

Photoshop’s sharpen filter [2] <1 /
Photoshop’s unsharp mask filter [2] <1 /
Bilateral filter [6] 39.45 Matlab
Guided filter [7] 1.48 Matlab
Laplacian filter [8] 1773 Matlab
Saliency filter [11] 56 C++
Our approach 2.85 C++

(b)

Fig. 7 Evaluation. (a) Sharpness distribution difference between the
ground truth and each boosted result of seven approaches: Photoshop’s
sharpen filter, Photoshop’s unsharp mask filter, bilateral filter, guided

filter, Laplacian filter, saliency filter, and our sharpness enhancement.
(b) Run-time performance comparison of these approaches

the variations in sharpness distribution difference, we can
analyze each sharpness enhancement approach: (1) Photo-
shop’s sharpen filter fails to eliminate image noise, which
causes that its sharpness distribution differences are first de-
creased and later increased. (2) Photoshop’s unsharp mask
filter only enhances some high-contrast regions by con-
structing a unsharp mask, which causes that its sharpness
distribution differences are decreased slowly after boost 2.
(3) The bilateral filter smoothes the image while preserving
edges by a weighted average of neighboring pixels, which
causes that the variations in its sharpness distribution dif-
ference are decelerated after boost 2. (4) The guided filter
employs the source image itself as a guidance image and
considers its content to preserve edge feature, which causes
that its sharpness distribution differences are always stable
from boost 1 to boost 5. (5) The Laplacian filter focuses
on synchronous detail enhancement with edge preserving,
which causes that its sharpness distribution difference are
not decreased effectively. (6) The saliency filter only boosts
in the salient gradients using a long-edge detector, which
causes that its sharpness distribution differences are almost
fixed after boost 1. (7) Our approach can achieve an effi-
cient sharpness enhancement with affinity-based edge pre-
serving, which causes that its sharpness distribution differ-
ences are always decreased from boost 1 to boost 5. Com-
pared with the other six filters, our approach can not only
get a minimum sharpness distribution difference but also
produce a high-fidelity enhanced result that approximates to

the ground truth in the visual appearance. In summary, we
believe that our edge-preserving sharpness enhancement is
superior to the other filters in respect of offering the optimal
sharpness distribution.

Moreover, to improve the run-time performance of our
approach, we accelerate our pipeline by an O(N )-time algo-
rithm [7] for affinity-based gradient transformation and an
FFT-based screened Poisson solver [10] for gradient-domain
reconstruction. After that, we choose Fig. 6(a) (800 × 600)
as a common test case and experiment the running time
of each approach in a laptop with a 2.1-Hz Intel Core 2
Duo CPU and a 4-Gb Memory. As shown in Fig. 7(b), we
compare all approaches in the run-time performance: Pho-
toshop’s sharpen filter and unsharp mask filter have the out-
standing running speed by some unknown techniques. In the
Matlab platform, the comparison of their run-time perfor-
mances is as follows: the guided filter > the bilateral filter
> the Laplacian filter. As two gradient-domain approaches,
the saliency filter and our sharpness enhancement are imple-
mented in the C++ platform. Due to introducing the accel-
eration techniques, our approach has a better performance
than the saliency filter.

5 Experiment results

In this section, we verify our edge-preserving sharpness en-
hancement approach on a variety of images and compare it
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Fig. 8 Global sharpness enhancement with boost 5. (a) Source im-
age. (b)–(h) The enhanced results of Photoshop’s sharpen filter,
Photoshop’s unsharp mask filter, bilateral filter, guided filter, Laplacian
filter, saliency filter, and our approach. Compared with the other six

filters, our edge-preserving sharpness enhancement approach can yield
the high-fidelity enhanced results without image noise, unrealistic de-
tails, and incoherent enhancement
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Fig. 9 Global sharpness enhancement with boost 5. (a) Source im-
age. (b)–(h) The enhanced results of Photoshop’s sharpen filter,
Photoshop’s unsharp mask filter, bilateral filter, guided filter, Laplacian
filter, saliency filter, and our approach. Compared with the other six

filters, our edge-preserving sharpness enhancement approach can yield
the high-fidelity enhanced results without image noise, unrealistic de-
tails, and incoherent enhancement
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with the other six filters (Photoshop’s sharpen filter, Pho-
toshop’s unsharp mask filter, bilateral filter, guided filter,
Laplacian filter, and saliency filter) in the visual appear-
ance.

5.1 Global sharpness enhancement

Global sharpness enhancement can sharpen the whole re-
gion of one image. At present, most of traditional ap-
proaches often fail to produce the high-fidelity enhanced re-
sults due to image noise, unrealistic details or incoherent en-
hancement. On the contrary, our approach can enhance the
sharpness characteristics of one image with affinity-based
edge preserving, which can avoid or eliminate those artifacts
existed in the traditional approaches.

As shown in Figs. 8 and 9, Photoshop’s sharpen filter
[2] produces the enhanced results with image noise; Pho-
toshop’s unsharp mask filter [2] improves the results of the
sharpen filter by providing an unsharp mask, but its en-
hanced results might still suffer from the incoherent en-
hancement in some local regions; the bilateral filter [6], the
guided filter [7], and the Laplacian filter [8] can also elimi-
nate image noise while preserving smooth edge feature, but
their enhanced results are degraded by some unrealistic lo-
cal details more or less; in the gradient-domain sharpness
enhancement approaches, the saliency filter [11] can sup-
press image noise and avoid unrealistic details effectively,
but its enhanced results might still be influenced by the in-
coherent enhancement between long edges and local details;
unlike the other six filters, our approach can yield the high-
fidelity enhanced results without image noise, unrealistic de-
tails, and incoherent enhancement.

5.2 Local sharpness enhancement

Based on global sharpness enhancement, we can further
achieve local sharpness enhancement by prespecifying the
local region of one image. In our system, we have devel-
oped a simple interactive tool to specify the local region.
First of all, we use this tool to manually draw a region of
interest in source image as the user-specified mask. Then,
we enhance the local region in source image by our edge-
preserving sharpness enhancement algorithm.

As shown in Fig. 10, by specifying a local region, we can
only focus on the dog and ignore other background. How-
ever, we might fail to achieve seamless sharpness enhance-
ment due to the crude boundary between the user-specified
region and the rest. Therefore, for seamless sharpness en-
hancement, our system needs to introduce image segmen-

Fig. 10 Local sharpness enhancement. (a) Source image. (b) The
user-specified mask. (c) The local enhanced result

tation and image matting techniques [26, 28–31] to specify
more accurate regions.

6 Conclusion and discussion

In this paper, we propose a novel sharpness enhancement
approach, which can yield a high-fidelity enhanced result
by affinity-based edge preserving. In order to achieve the
edge-preserving sharpness enhancement, we develop a new
pipeline with three committed steps: sharpness saliency
representation, affinity-based gradient transformation, and
gradient-domain image reconstruction. Compared with the
prevalent filters, our approach can efficiently eliminate im-
age noise, unrealistic details, and incoherent enhancement.
Moreover, we also propose an efficient evaluation method
based on sharpness distribution, which can accurately eval-
uate each sharpness enhancement approach by comparing
and analyzing the sharpness distribution difference between
the boosted result and the ground truth. Apparently our ap-
proach can also be seamlessly applied to smooth an im-
age when its gradient transformation is reversed. Thus, we
have developed a new sharpness adjustment system, which
not only provides image sharpening but also supports image
smoothing.

As a future work, we are exploring other applications
of our edge-preserving sharpness enhancement approach,
including sharpness harmonization, image upsampling and
image deblurring. However, one limitation of our method
is that its run-time performance is not high enough to sup-
port real-time applications. We are exploring different ac-
celeration techniques to speed up its performance. Another
limitation of our method is that the user-specified masks
are often deficient in local sharpness enhancement. We are
currently also exploring some image segmentation and im-
age matting algorithms for seamless sharpness enhance-
ment.
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