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ABSTRACT

This paper presents a unified model for image editing in terms of
Sparse Matrix-Vector (SpMV) multiplication. In our framework, we
cast image editing as a linear energy minimization problem and ad-
dress it by solving a sparse linear system, which is able to yield a
globally optimal solution. First, three classical image editing opera-
tions, including linear filtering, resizing and selecting, are reformu-
lated in the SpMV multiplication form. The SpMV form helps us set
up a straightforward mechanism to flexibly and naturally combine
various image features (low-level visual features or geometrical fea-
tures) and constraints together into an integrated energy minimiza-
tion function under the L2 norm. Then, we apply our model to im-
plement the tasks of pan-sharpening, image cloning, image mixed
editing and texture transfer, which are now popularly used in the
field of digital art. Comparative experiments are reported to validate
the effectiveness and efficiency of our model.

Index Terms— gradient domain, pan-sharpening, seamless
cloning, texture transfer, sparse linear system.

1. INTRODUCTION

Image editing can be addressed as a task of producing a target im-
age based on source images. Recently in image editing, the gradient
domain techniques have been addressed in several related directions,
like shadow removal [1], tone mapping [2], seamless stitching [3],
image cloning [4], seamless video editing [5] and pan-sharpening
[6]. All gradient domain techniques eventually solve a large sparse
linear system, mathematically defined as a Poisson equation. This
motivates a number of works proposing fast Poisson solvers for var-
ious scenarios [7][8] and for working out the Poisson equation on
the GPU [9][10]. Despite the success of gradient domain techniques
in many applications, their effectiveness is still limited, since these
techniques only use x and y direction gradients. There is no evi-
dence that only x and y direction gradients are enough to capture the
geometric features of source images. In addition, the boundary con-
dition of Poisson equation is too strict for some image editing tasks
which will be described in Section 4.

In this paper, we introduce a unified image editing model that
works well with a wide variety of image editing tasks. In our frame-
work, we cast image editing as a linear energy minimization prob-
lem and address it by solving a sparse linear system. We uniformly
represent three basic image operations, namely linear filtering, re-
sizing, and selecting in the Sparse Matrix-Vector (SpMV) multipli-
cation form. As we know, each of the three image operations can re-
flect different typical image features like gradient, texture, geometric
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feature and region constraints (keep region unchanged). Therefore,
based on the SpMV forms, our model fuses various image features
(low-level visual features or geometrical features) and constraints
into an integrated energy function which can obtain better results
than Poisson model.

2. SPMV FORM OF OPERATIONS FOR IMAGE EDITING

We consider three types of image operations namely convolution,
resizing (linear interpolation) and selecting operation as the basic
image operations for image editing. Most image editing tasks can be
achieved through one or several of the basic image operations. For
example, image pan-sharpening can be well implemented by inte-
grating the gradient filtering operation with the resizing operation;
image cloning can be obtained by combining the selecting operation
with the gradient filtering operation. In general, the three basic op-
erations are linear operations which can be expressed in the SpMV
multiplication form as

Ît = HÎs, (1)

where, Îs and Ît are row raster-ordered image vectors resulting from
the source image Is and the target image It respectively; H is a
sparse matrix uniquely deriving from the operation mask h. In the
following, we will outline in detail the SpMV form for each basic
operation. Remember that all the symbols with a hat in the rest of
the paper denote row raster-ordered image vectors.

Convolution operation can keep the geometric features of im-
ages. The convolution operation can be expressed in the SpMV mul-
tiplication form as Eq.(1) [11]. If Is is of size M×N , then the sparse
matrix H has dimensions MN × MN . The non-zero elements of
H are given by the elements of the convolution kernel h.

Resizing operation can change the size of an image and mean-
while keep its profile and color information. Conventional image
resizing methods, for example, Nearest Neighbor, Bilinear and
Bicubic interpolation, work by computing each unknown pixel as
a weighted average of the surrounding known pixels. Resizing op-
eration can also be written as SpMV multiplication form as Eq.(1).
Suppose that we resize an M ×N image Is to an m× n image It,
then the sparse matrix H is of size mn × MN . And the non-zero
elements of H can be derived from the interpolation methods.

Selecting operation is to select some pixels from an image,
which means some parts of the source image are unchanged. There-
fore, selecting operation can be viewed as constraint in some image
editing tasks. It can be easily represented in the SpMV multiplica-
tion form as Eq.(1). If we select K pixels from an image Is with
dimensions M ×N , the selected pixels in turn form a K-dim vector

Ît , and then the sparse matrix H is of size K ×MN . The elements
of H can be defined as follows:

Hij =

{
1, if Ît(i) is selected from Îs(j)

0, otherwise.
(2)
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3. GENERAL IMAGE EDITING FRAMEWORK

3.1. Our Image Editing Model

As presented in Section 2, we regard three kinds of image opera-
tions, namely convolution, resizing and selecting as the basic image
operations for image editing since they can capture the most impor-
tant image properties like gradients, textures, color information, etc..
These operations is represented in the SpMV form as Eq.(1), and the
SpMV multiplication does facilitate a uniform representation of im-
age editing by representing most of these constraints and properties
in a compact multiplication form.

The goal of our image editing method is that under certain image
operations the properties of the resultant image should be as close as
possible to the properties of the source image(s). This in fact is a
minimization problem formulated as

argmin
Ît

(∑
i

αi‖HiÎt − V̂i‖2
)
, (3)

where It denotes the target result, Hi stands for image operations
such as linear filtering, resizing or selecting, Vi is the properties of
the source images, which may be extrcated from the source image(s)
Is under the operation Hi, and αi denotes weighted coefficients. Hi

and αi vary with the demand of an image editing task.
The solution to the minimization problem as Eq.(3) is addressed

by solving a sparse linear system as expressed in Eq.(4) using Pre-
conditioned Conjugate Gradient (PCG) method.(∑

i

αiH
T
i Hi

)
Ît =

(∑
i

αiH
T
i V̂i

)
. (4)

In the next, we will revisit Poisson image editing method in our
framework (Section 3.2) and give a detailed description of different
applications in our framework (Section 4).

3.2. Poisson image editing revisited in our model

Poisson image editing is a powerful and interesting image editing
technique and it solves the problem [4] defined as

min
I

∫∫
Ω

‖∇I − V ‖2, with I|∂Ω = I∗, (5)

where I is the target image, ∇ = [ ∂
∂x

, ∂
∂y

] is the gradient operator
and V denotes the guidance field [4]. Equivalently, its solution can
be obtained by solving the following Poisson equation:

ΔI = divV, with I|∂Ω = I∗, (6)

where Δ = ∂2

∂2x
+ ∂2

∂2y
is the Laplacian operator, div = ∂

∂x
+ ∂

∂y

denotes the divergence operator.
Given x, y direction gradient filter kernels h1 = (−1 1) , h2 =

(−1 1)T , their corresponding sparse matrices H1 and H2, can be
easily obtained. In our framework, the discrete form of Eq.(5) in
Poisson image editting model can be expressed as

argmin
Î

(
2∑
i

‖HiÎ − V̂i‖2
)
. (7)

The solution of this minimization problem (7), i.e., the discrete form
of Eq.(6) is given as(

2∑
i=1

HT
i Hi

)
Ît =

2∑
i

HT
i V̂i. (8)

Obviously, the left item
(∑2

i=1 H
T
i Hi

)
of Eq.(8) is in fact the dis-

crete matrix form of Laplacian operator and the right item
∑2

i H
T
i Vi

is equivalent to the divergence of guidance field. This indicates that
our method can get the same form as the sparse matrix of Discrete
Poisson solver [4] when utilizing certain filter kernels. Moreover,
it can be shown that Poisson image editing only utilizes x, y direc-
tion gradients, while our method can utilize x, y direction gradients
as well as other geometric information by simply adopting the filter

kernels such as xy-direction h3 =

(
0 −1 −2
1 0 −1
2 1 0

)
and yx-direction

h4 =

(−2 −1 0
−1 0 1
0 1 2

)
. As a result, Poisson image editing is just a

special case of our model, and our model can achieve better results
than Poisson image editing. This can be proven in Section 4.

4. APPLICATIONS

This section will contribute to analyze some of the applications of
our method, including pan-sharpening, color preserving seamless
cloning, image mixing and texture transfer, and the improved results.

Pan-sharpening. Pan-sharpening is to create a high-resolution
fused multi-spectral image It by combining a low-resolution multi-
spectral image C with a high-resolution grayscale panchromatic im-
age P . For optical sensor systems, image spatial resolution and spec-
tral resolution are two contradictory factors. Our model provides a
setting for the fusion of multi-spectral and panchromatic images by
combining the clear geometric features of the panchromatic image
with the color information of the multi-spectral image. Based on our
mode, the pan-sharpening problem can be expressed as

argmin
Ît

(
4∑

i=1

‖HiÎt −HiP̂‖2 + α‖DÎt − Ĉ‖2
)
, (9)

where D is the sparse matrix for resizing operation (Bicubic interpo-
lation ), and Hi, i = 1, 2, 3, 4 are the same as mentioned in Section
3. The first term of Eq.(9) ensures that the fusion result preserves the
geometric features of the high-resolution gray scale panchromatic
image P , and the second term guarantees that under-sampling im-
age of the fusion result is close to the low-resolution multi-spectral
image C. We set α = 10 in our pan-sharpening experiments (our
experiments show that the proposed pan-sharpening method is not
sensitive to the weighted coefficient α, and the experimental results
have no dramatic changes when 1 < α < 1000).

As pointed in Section 3, we can find the solution to the mini-
mization problem (9) by solving the linear system as(

4∑
i=1

HT
i Hi + αDTD

)
Î =

4∑
i=1

HT
i HiP̂ + αDTĈ (10)

Fig. 1, 2 and 3 illustrate the pan-sharpening results obtained with
our method. From Fig. 1, we see that the result of our method is
much better than the one of Poisson fusion. There are two reasons:
(1) Poisson fusion only uses x-direction and y-direction gradients
to keep geometric features of the high-resolution panchromatic im-
age, and there is no evidence that only the two gradients are enough
to keep geometric features; (2) in Poisson fusion, the multi-spectral
image denotes the boundary condition. This condition means only
if we under-sample the fusion result by using Nearest Neighbor in-
terpolation can we get the multi-spectral image. This treatment will
be too strict and simple to keep color information. By contrast, our

1318



method is more flexible and relaxed. It can use not only the x, y di-
rection gradient filters h1, h2 but also the xy and yx direction filters
h3 and h4 to keep geometric features. Meanwhile, our method uses
resizing operation (Bicubic interpolation) which is more reasonable
and can capture more multi-spectral information than Poisson fu-
sion. Fig. 2 shows that the result obtained with our method keeps
much more spectral information from multi-spectral image than that
obtained with Poisson fusion method, e.g., the cropped image in the
red box. Fig. 3 shows that our method can capture more geomet-
ric features compared with Poisson fusion method. To evaluate the

Fig. 1. Images from left to right denote, respectively, multi-spectral
image, panchromatic image, poisson fusion result and our method
result.

Fig. 2. The internal area of the ellipses shows that our method keeps
much more spectral information from multi-spectral image than that
obtained with Poisson fusion.

Fig. 3. The internal area of the ellipses shows that our method can
capture more spatial features compared with Poisson fusion.

effectiveness of our pan-sharpening method, we analyze the spatial
and spectral qualities of the resultant images. The spatial quality of
the pan-sharpened images is subject to the spatial difference Espatial

between the fused image and the panchromatic gray image, which is
defined as

Espatial =

∑
i ‖I ′i − P ′

i‖2
MP ×NP

, (11)

where MP and NP are width and height of the panchromatic image
P . P ′ and I ′ denote the high frequency data respectively from the
panchromatic gray image P and from each band of the fused image
I , which are the convolution results of P and I with the Laplacian
convolution kernel. The spectral quality depends on the spectral dif-
ference Espectral between the fused image I and the original multi-

spectral image C, which is defined as

Espectral =

∑
i ‖Si − Ci‖2
MC ×NC

, (12)

where MC and NC are width and height of the multi-spectral image
C, and S denotes the down-sampling image of the fused image I .
From Fig. 4, we can see that our method can get better results than
Poisson fusion both in spatial and spectral qualities.
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Fig. 4. Evaluation with spatial difference and spectral difference for
the experiments shown in Fig. 1, 2, 3.

Color preserving seamless cloning. Seamless cloning of a
source image patch into a target image is an important and useful
image editing problem. It is typically carried out by solving a Pois-
son equation with Dirichlet boundary conditions [4]. However, in
Poisson seamless cloning the color of source image can be changed
according to the boundary condition of the target image color tone.
So the object will lose its original color tone (see Fig. 5(c)). Our
method can overcome the problem of Poisson seamless cloning by
introducing selecting operation into the energy function.

Let Is denote the source image, It the target image, Ib the
boundary image, and Ic the part the color tone of which would be
preserved, in our model, we can express the image cloning task as

argmin
Ît

(∑
i

‖HiÎt −HiÎs‖2 + α‖SbÎt − Îb‖2 + β‖ScÎt − Îc‖2
)

,

(13)

where Hi (i = 1, 2, 3, 4) denote the four gradient filter kernels same
as in pan-sharpening. Sb and Sc are selecting operations, which can
keep the color information of some part of the target image. Note
that keeping seam seamless is much more important than preserving
color tone. So in the objective function (13), we set α � β (α =
10, β = 0.1 in our experiment). Fig. 5 illustrates the experimental
results. In Fig. 5, the left image is the source image in which the
red line denotes the boundary condition. And pixels inside the blue
line denote the part the color tone of which should be preserved.
The experiment demonstrates that using selecting operation can not
only accomplish seamless cloning but also keep the color tone of the
source image.

Image mixing. Perez et al. [4] proposed a mixing gradients
method to choose the guidance field. At each pixel, they retain the
stronger of the variations between two source images. Fig. 6(c) is
the experimental result obtained with their method. Note that Pois-
son image editing only uses the x, y direction gradients which are
not enough to keep the detailed geometric information of the source
images. In order to capture more detailed geometric feature of the
source images, we adopt four gradient filters Hi (i = 1, 2, 3, 4)
same as that used in pan-sharpening. In our framework, the image
mixing task converts to solve the minimization problem expressed
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(a) (b) (c) (d)

Fig. 5. Results of seamless cloning, (a) source image, (b) target
region, (c) Poisson seamless cloning, (d) our method.

as

Ît = argmin
Ît

∑
i

‖HiÎt − V̂i‖2, where (14)

V̂i(j) =

{
HiÎ1(j) if

∑
i ‖HiÎ1(j)‖2 >

∑
i ‖HiÎ2(j)‖2,

HiÎ2(j) otherwise.

The experimental results in Fig. 6 demonstrate that the resultant im-
age obtained with our method can capture more geometric features
than that with Poisson mixed gradients.

(a) (b) (c) (d)

Fig. 6. (a) source image 1, (b) source image 2, (c) Poisson mixed
gradients result, (d) our method result.

Texture transfer. Texture transfer can add the texture image
such as textures of fabric, stone etc. to the source images which
need to be stylized. It is easy for our model to accomplish texture
transfer task. In order to capture texture, we adopt a bank of Gabor
filters which are extensively exploited to analyze image texture. We
use 4 directions and 2 scales to generate Gabor filter bank which
has 8 Gabor filter kernels. Let the Gabor filter kernels be hi (i =
1, 2, · · · , 8) and their corresponding sparse matrices are Hi (i =
1, 2, · · · , 8), in our image editing model, the texture transfer task
can be described as

argmin
Ît

(
8∑
i

‖HiÎt −HiT̂‖2 + α‖Ît − Îs‖2
)
, (15)

where T is the texture image and Is is the source image which needs
to be stylized. The weighted coefficient α is set to α = 0.5 in our
texture transfer experiments. The first term of Eqn.(15) ensures that
the target image captures the texture properties of the texture image
T , and the second term ensures the target image has the profile of the
source image Is. The solution of texture transfer is also obtained by
solving a linear system as Eq.(4). The experimental results in Fig. 7
show that the source images are stylized with the texture images.

5. CONCLUSION

We present a novel unified model for image editing based on three
basic image operations, namely linear filtering, resizing, and select-

Fig. 7. Images from left to right denote, respectively, source images,
texture images, and texture transfer results.

ing. In our framework, these image operations are flexibly combined
together into an integrated formula in the SpMV multiplication form.
In order to implement different image editing tasks in our frame-
work, we only need to adjust the basic image operations and their
weighting factors according to the required properties by the tasks.
Therefore, our model is straightforward, flexible and easy to formu-
late various image editing tasks such as pan-sharpening, color pre-
serving seamless cloning, image mixing, texture transfer etc.. More-
over, our method will yield a sparse linear system which can be
effectively solved with Preconditioned Conjugate Gradient (PCG)
method. For instance, in Pan-sharpening experiments, it takes about
5 seconds to fuse a 75 × 75 RGB image and a 600 × 600 panchro-
matic grayscale image on a PC with 2.33GHz Intel Core2 CPU and
2.0GB RAM using C++. In addition, our method can easily refor-
mulate and improve Poisson image editing by utilizing certain filter
kernels. The experiments demonstrate that our model is well-suited
for various image editing tasks and it can provide a more relaxed
and powerful platform for the image editing as a whole to allow for
future extension.
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