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Abstract. This paper presents an image blending approach which combines optimal seam ﬁnding and transition smoothing for merging a set of
aligned source images into a composite panoramic image seamlessly. In
this approach, graph cut optimization is used for ﬁnding optimal seams in
overlapping areas of the source images to create a composite image. If the
seams in the composite image are still visible, a gradient domain transition smoothing operation is used to reduce color diﬀerences between
the source images to make them invisible. In the transition smoothing
operation, a new gradient vector ﬁeld is created using the gradients of
source images and the seam information. A new composite image can
be recovered from the new gradient vector ﬁeld by solving a Poisson
equation with boundary conditions.
Our approach presents several advantages. The use of graph cut optimization over the source images guarantees that optimal seams are found.
The gradient domain transition smoothing operation allows smoothing
out color diﬀerences globally and further improves image quality after
merging with graph cut optimization. The ﬁnal composite image is a
global optimal solution. The approach is implemented in two ways called
sequential image blending and global image blending. Sequential image
blending allows us to use little memory in the whole blending process,
which is very important for mobile devices. Global image blending guarantees a globally optimal solution. Experimental and application results
in creating mobile image mosaics and mobile panorama are also given.

1

Introduction

As computational capabilities and memory of mobile devices increase and the
camera quality of mobile devices improves, mobile image processing and mobile
computational photography become increasingly interesting. Many applications
which could only work on computer before can now be implemented on mobile
devices, including mobile augmented reality [1,2], mobile image matching and
recognition [3], and so on. Here, we are interested in creating high quality image
mosaics and panoramic images on a mobile device. User can take an image
sequence of a wide range of scenes with a mobile phone. Almost immediately
after the capture the user can see a panoramic image on the device and share it
with friends.
S. Ystad et al. (Eds.): MobiCASE 2009, LNICST 35, pp. 293–306, 2010.
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Image blending is the ﬁnal and a key step in creating high quality image mosaics and panoramic images. A simple copying and pasting of overlapping areas
of source images usually produces visible artiﬁcial edges in the seam between
images, due to diﬀerences in camera response (white balance, vignetting, etc.)
and scene illumination, or due to geometrical alignment errors. Image blending
can hide the seams and reduce color diﬀerences between source images.
In our mobile panorama system, two kinds of image blending algorithms are
used. A fast and low quality blending algorithm is used to produce a quick
result, so that user can preview it as soon as the image sequence is captured. If
the user is satisﬁed with the image sequence, a more reﬁned blending approach
is used to produce a high-quality panoramic image. The ﬁne blending approach
is typically slower than the simple one, but its blending quality is much higher.
Here we focus on the latter one.
In this work, we present a gradient domain image blending approach and
its implementation on mobile devices to produce high-quality panoramic images. The approach combines processes of optimal seam ﬁnding and transition
smoothing, so that it can make full use of their advantages and avoid their disadvantages. We use graph cut optimization to ﬁnd optimal seams and gradient
domain blending for smoothing the transitions. With graph cut optimization, we
can create labeling for all pixels and ﬁnd optimal seams in the overlapping areas of source images. A composite image can be created by copying pixels from
corresponding source images with labeling information. As each pixel in the
composite image comes only from one source image, the algorithm avoids most
blurring and ghosting problems. If all seams in the composite image are invisible,
then we use it as our ﬁnal result. Otherwise, with gradient domain blending, we
can reduce the color diﬀerences between source images and hide the seams. In
the gradient domain image blending, a new gradient vector ﬁeld is created by
copying the gradient values from the constituent images. The gradients across
seams are set to zero for smoothing color diﬀerences. A new composite image
can be recovered from the gradient vector ﬁeld by solving a Poisson equation
with boundary conditions. The composite image is a globally optimal solution,
where the color transition is smoothed over the whole image.
1.1

Related Work

Existing methods for image stitching in the literature can be categorized into
two main classes[4,5]: optimal seam ﬁnding and transition smoothing. Each class
has its own advantages and disadvantages.
Optimal seam ﬁnding algorithms [4,6,7,8,9] search for a seam in the overlapping area where the diﬀerences between source images are minimal. All pixels of
the composite image are labeled based on the seams so that for each output pixel
there is a unique input pixel. The composite image is produced by copying corresponding pixels from the source images using labeling information. This kind of
approach works well when the source images are similar enough. However, when
they are too dissimilar for the algorithms to ﬁnd ideal seams, artifacts may still
be created.

Gradient Domain Image Blending and Implementation on Mobile Devices

295

Transition smoothing algorithms reduce the color diﬀerences between source
images for hiding the seam. Alpha blending [10] is one of the simplest and fastest
transition smoothing approaches. It uses weighted combination to create the
composite image. The main disadvantage of alpha blending is that moving objects will cause ghosting and small registration errors can cause blurring of high
frequency details. In order to solve this problem, Burt and Adelson [11] presented a multi-band blending algorithm. They blend low frequencies over a large
spatial range, and high frequencies over a short spatial range. Recently, gradient domain image blending approaches [9,5,12,13,14,15,16] have been applied to
image stitching and editing. A new gradient vector ﬁeld is created with the gradients of source images and a new composite image can be recovered from the
gradient vector ﬁeld by solving a Poisson equation. This kinds of algorithms can
adjust the color diﬀerences due to illumination changes and variations in camera
gains for the composite image globally. It can produce high quality composite
images. However, the memory and computational cost is also high.
1.2

Organization of the Paper

In Section 2, we introduce the work ﬂow of our approach. The details of the gradient domain image blending approach are described in Section 3. An implementation of the approach on mobile devices is explained in Section 4. Applications
and result analysis are discussed in Section 5. A summary of the paper is given
in Section 6.

2

Summary of Our Approach

The approach can be divided into two parts, optimal seam ﬁnding and transition
smoothing processes. Figure 1 shows the work ﬂow of the approach. The input
source images are already aligned and warped. We need to stitch them together
seamlessly to create a composite image.
The ﬁrst part of our approach is to ﬁnd optimal seams in the overlapping areas
of the source images. An objective function is created by combining two items: a
data property of a pixel and the color diﬀerences between corresponding pixels
in the overlapping areas. The objective function is minimized to obtain optimal
seams by graph cut optimization. Using the results, we create labeling for all
pixels. The composite image is created by copying corresponding pixels from
source images according to labeling information. If all seams in the composite
image are invisible, we use it as our ﬁnal result. Otherwise, further processing
in the next part is needed.
The second part of our approach is to reduce the diﬀerences of the source images to make the seams minimally visible. We perform gradient domain blending
to smooth the diﬀerences. A gradient vector ﬁeld is created by copying gradient
values from the constituent source images with labeling information. We set the
gradient values across seams to zero for smoothing color transition. A divergence
vector divG is created from the gradient vector ﬁeld and is used as a guidance
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Start

Transition smoothing operation

Compute gradients for all source images

Input source images which
are already aligned and
warped into a composite

Create a gradient field (Gx, Gy) by copying
the gradient values from the constituent
images using labeling information

Optimal seam finding operation

Construct and minimize a criterion function

C(L) = pixel property + color differences
Obtain optimal seams in the
overlapping areas of the source
images and labels for all pixels

Create a divergence vector divG with the
gradient field (Gx, Gy)

Create a composite image with
the source images and labels

Use the divergence vector divG as a guidance
vector to construct a Poisson equation
yes

Seams are still visible?

Add Neumann boundary conditions by setting
the gradients across the seams to zero

 2 f ( x, y )

divG with boundary conditions

and solve the equation with multigrid algorithm

no
Obtain a composite as the final
blended image

Fig. 1. A work ﬂow of the gradient domain image blending approach

vector to construct a Poisson equation ∇2 f = divG. A new composite image
can be recovered from the gradient vector ﬁeld by solving the Poisson equation
with Neumann boundary conditions. Since the discrete Poisson equation is an
over-constrained linear system, we solve for the least-squares optimal results.
In order to speed up the performance, we employ a multigrid algorithm for the
linear solver.

3

Gradient Domain Image Blending

We use graph cut optimization to ﬁnd optimal seams and gradient domain image
blending to reduce color diﬀerences between source images for hiding visible seams.
3.1

Labeling with Graph Cut Optimization

As Figure 2 shows, we assume that the source images S0 , S1 , . . . , Sn are already
registered and warped into a composite image Ib . We apply graph cut optimization to ﬁnd optimal seams m0 , m1 , ..., mn−1 , using which a mapping or labeling
between pixels in image Ib and the source images can be created. With the
labeling, we can copy corresponding pixels from the source images to image Ib .
Considering implementation on mobile devices, we create a simple and eﬃcient objective function which includes two items: pixel property Pp and color

Gradient Domain Image Blending and Implementation on Mobile Devices
m0

S0

m1

S1

…
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mn-1

Sn

Ib

Fig. 2. Optimal seam ﬁnding with graph cut optimization

diﬀerences Dp between corresponding pixels, both of which depend on pixel labeling L.


O(L) =
Pp (i, L(i)) +
Dp (i, j, L(i), L(j))
(1)
i

i,j

where
Pp (i, L(i)) depends on the property of pixel i;
Dp (i, j, L(i), L(j)) is the color diﬀerence.
The pixel property item, Pp (i, L(i)) is set it to a very large number when the
pixel is invalid, which means that the seam is not allowed to go to invalid areas.
Otherwise, we set it to zero, i.e.,

N ∀i ∈ Φ
Pp (i, L(i)) =
(2)
0 otherwise
where
N is a large number;
Φ is an invalid area.
The invalid areas are created in warping and interpolation processes after registration. Figure 3 shows an example. The black regions shown in (a) and (b)
are invalid areas. The seam shown in (c) between the two source images is not
allowed to go into these areas.
The color diﬀerences Dp are deﬁned by the Euclidean distances in RGB space
of all pairs of neighboring pixels i, j, i.e.,
Dp (i, j, L(i), L(j)) = SL(i) (i) − SL(j) (i) + SL(i) (j) − SL(j) (j)

(3)

where
Sk is source image k;
L(i) is the label of pixel i.
We could add other items into the objective function to consider other properties
when cutting the source images, such as an item to consider edge information,
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(a)

(b)

(c)

Fig. 3. An example of graph cut results with source images

and so on, but it would require more computation and memory, and this deﬁnition has been suﬃcient.
The optimal seam ﬁnding or labeling problem can be cast as a binary graph
cut problem. We apply a max-ﬂow approach [17] to solve it. The approach uses
“alpha expansion” to minimize the objective function and obtain a globally
optimal solution.
3.2

Transition Smoothing in the Gradient Domain

When source images to be stitched are too dissimilar for the optimal seam ﬁnding
process to ﬁnd ideal seams, the seams remain visible in the composite image.
Figure 3 (c) shows an example. In this case, transition smoothing is needed to
reduce the diﬀerences between the source images for hiding the seams.
We apply gradient domain transition smoothing to improve blending quality.
In this operation, we create a color gradient vector ﬁeld (Gx , Gy ) by copying the
color gradients of corresponding pixels in source images using the same labels
which are created by optimal seam ﬁnding process. With the color gradient
vector ﬁeld, a divergence vector div(G) can be computed. Suppose f (x, y) is the
composite image. We use the divergence vector as a guidance vector to construct
a Poisson equation
(4)
∇2 f (x, y) = div(G)
where
∇2 is the Laplacian operator such that ∇2 f (x, y) =
div(G) is the divergence vector ﬁeld with div(G) =

2
∂ 2 f (x,y)
+ ∂ f∂y(x,y)
;
2
∂x2
∂Gy
∂Gx
∂x + ∂y .

Equation 4 is a linear partial diﬀerential equation. In order to solve this equation,
we must ﬁrst specify boundary conditions. In our case, we use the Neumann
boundary conditions,
→
∇f · −
n = 0,
(5)
where
∇f is the gradient of f (x, y);
→
−
n is the normal on the boundary.
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Equation 5 tells us that the gradient in the direction normal to the boundary is
zero. The discrete form will be used in actual implementation.
In the color gradient vector ﬁeld (Gx , Gy ), we set gradient values across seams
to zero for smoothing color transition between two source images and gradient
values on the boundaries to zero for ﬁtting the boundary conditions.
Finally, a new composite image fb can be recovered from the color gradient
vector ﬁeld (Gx , Gy ) by solving the Poisson equation with boundary conditions.
We use the result as our ﬁnal blended image Ib .

4

Implementation

4.1

Discretization of the Poisson Equation

Since the Poisson equation is linear, we use standard ﬁnite diﬀerences to approximate each item.
For the left hand side,
∇2 f (x, y) =

∂ 2 f (x, y) ∂ 2 f (x, y)
+
,
∂x2
∂y 2

(6)

we apply central diﬀerence

and

∂ 2 f (x, y)
≈ f (x + 1, y) − 2f (x, y) + f (x − 1, y)
∂x2

(7)

∂ 2 f (x, y)
≈ f (x, y + 1) − 2f (x, y) + f (x, y − 1).
∂y 2

(8)

where we use a unit step size, i.e.,


x = 1
y = 1

(9)

Now the Laplacian operation for f (x, y) is approximated as
∇2 f (x, y) ≈ f (x + 1, y) + f (x − 1, y) + f (x, y + 1) + f (x, y − 1) − 4f (x, y)
(10)
For the right hand side, we ﬁrst use standard ﬁnite diﬀerences to approximate
the gradients of the source images.

Gsx (x, y) ≈ S(x + 1, y) − S(x, y)
(11)
Gsy (x, y) ≈ S(x, y + 1) − S(x, y)
where S(x, y) is the source image.
As described in Section 3.2, we create a gradient vector ﬁeld (Gx (x, y), Gy (x, y))
using the gradients of source images and labels obtained from the optimal seam
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ﬁnding process. With the gradient vector ﬁeld, we construct a divergence vector
ﬁeld div(G) as follows:
div(G) ≈ Gx (x, y) − Gx (x − 1, y) + Gy (x, y) − Gy (x, y − 1)

(12)

So the discrete form of the Poisson equation can be described as
f (x + 1, y) + f (x − 1, y) + f (x, y + 1) + f (x, y − 1) − 4f (x, y)
= Gx (x, y) − Gx (x − 1, y) + Gy (x, y) − Gy (x, y − 1)

(13)

For each color channel, we solve the Poisson equation with Neumann boundary
conditions and obtain a recovered composite image for this channel. Finally, we
combine these single channel results into a ﬁnal blended image Ib .
We have two implementations for the approach presented in this paper on
mobile devices. We call the ﬁrst implementation sequential image blending and
the second one global image blending. In the following sections, we describe these
two implementations in detail.
4.2

Implementation 1: Sequential Image Blending

In this implementation, we select a base image Sbase from the source image
sequence S0 , S1 , . . . , Sn and blend others onto the base image sequentially. The
blending order is decided by sorting the oﬀsets of the source images.
Figure 4 shows the process. First, we sort the oﬀsets of the source images to
create an order for the blending operation. The size of the ﬁnal blended image Ib
Start
yes
Set a blending order by sorting the offsets
of the source images (S0, S1, …, Sn)

Is the seam invisible?

Allocate a space for a final blended image Ib

Compute gradients (Gsx, Gsy) of the current
image and create a gradient field (Gx, Gy)
using the gradients (Gsx, Gsy) and labels

Set the first image S0 as the base image
and copy it into the allocated space Ib
Allocate memory for the next source image
and load the image as the current image Si

no

no

Construct and solve the Poisson equation

 2 f ( x, y )

divG with boundary conditions

to get a new blended image fb

Find an optimal seam between the current
and the base images and create labels for
the pixels in the current image

Update the new blended image fb

Merge the current image onto the base
image by copying the labeled pixels

De-allocate memory for the current image Si

onto the final blended image Ib

yes
All source images are done?

Obtain the final
blended image Ib

Fig. 4. The work ﬂow of sequential image blending

Stop

Gradient Domain Image Blending and Implementation on Mobile Devices

301

can be computed by the sizes and oﬀsets of the source images. For convenience,
we set the ﬁrst image S0 as the base image and put it into the space of the ﬁnal
blended image Ib . Then, the next source image Si is loaded as the current image.
With graph cut optimization, we compute the optimal seam between image Ib
and the current image Si and merge Si onto image Ib . At the same time, we
create labels for all pixels in the overlapping area.
If the seam of the merged image Ib is invisible, the blending process for the
current image Si is done. We can load next image Si+1 to replace the current
image Si and repeat the blending process.
Otherwise, if the seam is still visible, then gradient domain smoothing is
needed for further processing. In this case, we compute gradients (Gsx , Gsy )
of the current image and create a gradient vector ﬁeld (Gx , Gy ) using labeling
information. Then we construct and solve a Poisson equation to obtain a new
blended image. We update it onto image Ib . The blending operation for the
current image Si is done, and we continue with the next source image Si+1 ,
until all source images S0 , S1 , . . . , Sn have been blended into the ﬁnal image Ib .
One of the main advantages of this implementation is low memory consumption, which is very important for running on mobile devices. There is a disadvantage, though. When more than two images overlap in the same area, the
area may be blended several times. Usually, we use this implementation in one
dimensional stitching, where only at most two images can overlap at a given
pixel.
4.3

Implementation 2: Global Image Blending

In this implementation, we store all source images S0 ,S1 , . . . , Sn into memory,
ﬁnd optimal seams for all overlapping areas of the source images, and merge and
blend them together in one time.
Figure 5 shows the process of this implementation. First, we load all source
images S0 , S1 , . . . , Sn into memory and create a space for the ﬁnal blended image
Ib . Then we compute optimal seams for all overlapping areas of the source images
and create labels with graph cut optimization. With the labeling information, we
merge the source images together to create a composite image Ic . If the seams
in the composite image are invisible, we use it as our ﬁnal blended image Ib .
If the seams are still visible, we apply the gradient domain blending operation
to improve the quality of the composite image Ic . In this case, we compute gradients (Gsx , Gsy ) for all source images and create a gradient vector ﬁeld (Gx , Gy )
to construct a Poisson equation. A new composite image can be recovered from
the gradient vector ﬁeld (Gx , Gy ) by solving the Poisson equation with boundary
conditions, and we use it as our ﬁnal blended image Ib .
Since the optimal seam ﬁnding operation is performed globally, the obtained
optimal seams and labeling are global solutions. The whole composite image only
needs to be blended once and the transition smoothing operation is performed
globally. It can smooth color diﬀerences on the whole composite image. The main
disadvantage is that all source images need to be loaded into memory at same
time, which is problematic on mobile devices with limited amount of RAM.
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Start
Load all source images (S0, S1, …, Sn)
into an image vector

Allocate memory for the final blended image Ib
Find optimal seams for all overlapping areas of
the source images and create labels for all
pixels in the final blended image Ib
Merge the source images into a composite by
copying the labeled pixels

Are all seams invisible?
yes

no
Compute gradients of source
images create a gradient field
using the source gradients and
labeling information

Obtain the final
blended image Ib
Stop

Construct and solve the Poisson equation

 2 f ( x, y )

divG with boundary conditions

to obtain a new blended image

Fig. 5. The work ﬂow of global image blending

4.4

Solving the Poisson Equation

The partial diﬀerential equation 4 can be solved after specifying the boundary
conditions. As mentioned in Section 3.2, we employ Neumann boundary conditions. In the case of image blending, the boundary conditions are equivalent to
dropping any equations involving pixels outside the boundaries of the image.
The approximation of ﬁnite diﬀerences shown in equation 13 produces a large
system of linear equations. One equation corresponds to a pixel in the ﬁnal
blended image. The large system of linear equations is over-constrained. We
solve for least-squares optimal vector f using the Full Multigrid Algorithm [18]
as our ﬁnal result.

5

Applications and Result Analysis

We have implemented these algorithms on mobile devices and used them to
produce high-quality panoramic images in our mobile panorama system. Here
we describe some example applications and results obtained by running them
on Nokia N95 8GB mobile phones with an ARM 11 332 MHz processor and 128
MB RAM. It can also be run on other mobile devices. The results are shown by
ﬁgures. In each ﬁgure, the top shows the blending result and the bottom shows
the source images. In these applications, the size of source images is 1024 × 768.
Since the seam ﬁnding process with graph cut optimization needs more memory
and computation, we down-sample the source images with scale factor 0.25 to
solve the optimization problem to obtain labeling and scale the results back for
the ﬁnal composite image.
We use diﬀerent kinds of image sequences captured in diﬀerent conditions to
test the approach and verify its performance.
5.1

Applications to Panorama Stitching for Outdoor Scenes

We apply the approach to create panoramic images for outdoor scenes. Figure 6
shows an example result with 6 source images in the image sequence. First, we
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(a)

(b)

(c)
Fig. 6. An outdoor panoramic image created with 6 source images

apply graph cut optimization to ﬁnd optimal seams and create labeling for the
composite image. Since the color and luminance between the source images are
very diﬀerent, the seams are still visible as shown in Figure 6 (a). The graph cut
operation takes 323.76 seconds when the source images with the original size are
used. However, it only takes 16.4 seconds when the down-sampled source images
are used.

(a)

(b)

(c)
Fig. 7. An indoor panoramic image created with 10 source images
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(a)

(b)
Fig. 8. A panoramic image created with 7 source images captured after sunset

We perform gradient domain image blending to further smooth the color transition between the source images. Figure 6 (b) shows the ﬁnal result. From the
result we can see that all merging artifacts are removed. The color transition
between source images is smoothed. All seams are invisible after the gradient
domain blending. The gradient domain blending operation takes 54.4 seconds.
5.2

Applications to Panorama Stitching for Indoor Scenes

We applied the approach to panorama stitching for indoor image sequences.
Figure 7 shows the source images and results. Figure 7(a) shows the result created
by the optimal seam ﬁnding process. It takes 15.92 seconds with down-sampled
source images. Since the color diﬀerences between source images shown in Figure
7(c) are small, some seams are invisible. We apply the gradient domain blending
operation to further smooth the color transitions. Figure 7(b) shows the blended
panoramic image. From the result we can see that all stitching artifacts are
removed. The blending operation takes 80 seconds.
5.3

Applications to Panorama Stitching for Low Light Scenes

We apply the approach to panorama stitching for the scene where the environment light is not suﬃcient. Figure 8 shows a result created with 7 source images
which are captured after sunset. From the panoramic image we can see that the
approach still works ﬁne. In panorama stitching, the seam ﬁnding process takes
15.92 seconds and the gradient domain operation takes 52.2 seconds.
From the result of this application we can also see another property of the
approach. In this case, there are many moving objects in the scene and the
approach can ﬁnd proper seams to avoid ghosting artifacts.
The approach has been tested with many image sequences and applied to
diﬀerent scenes. Figure 9 shows more panoramic images created by the approach.
The results are satisfying.
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Fig. 9. More example results

6

Conclusions and Discussion

We have presented a gradient domain image blending approach and implemented it on mobile devices. It can be applied to image stitching and image editing for producing high quality mobile panoramic images and composite
images.
The approach combines optimal seam ﬁnding and transition smoothing processes to provide operations for diﬀerent source images which are in diﬀerent
conditions. Usually, camera responses and environmental illumination changes
when capturing pictures. If the change is small, it may suﬃce to only use optimal seam ﬁnding operation to merge the source images, and the result will be
good enough. When the source images are too dissimilar, the seams between the
source images in overlapping areas may still be visible. In this case the algorithm
also uses the transition smoothing process to further improve the quality of the
result image. In this approach, a gradient domain image blending is used for
transition smoothing.
We have presented examples in panorama stitching for indoor scenes, outdoor
scenes, low light scenes, and others. From the applications we can see that the
approach works ﬁne on mobile devices. The results are satisfying.
The main disadvantage of the approach is that memory consumption and
computational costs are high. Especially, the optimal seam ﬁnding process with
graph cut optimization is slow when large source images are used without downsampling.
The future work includes saving memory and speeding up the algorithm.
OpenGL ES and parallel processing implementation will be considered.
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