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Abstract— Photometric inconsistency and geometric misalign-
ment are the main problems of image mosaicking. In our previous
studies, we have introduced a method called curvature-domain
image stitching, which can successfully reduce the artifacts caused
by these two problems. However, it would be computationally
heavy if the whole mosaic region uses this method. In this paper,
we separate the region into two subregions, while getting their
optimized matching with different energy functions. Images in
the global subregion are first coarsely matched, followed by the
fine matching with the curvature-domain method in the local
subregion around the cutting curve. This arrangement can balance
the computational effort and the matching quality among the
subregions. In the simulation, we will show that both visual quality
and computation time are improved under subjective and objective
comparisons.

I. INTRODUCTION

Image mosaicking is the process that combines multiple
images to form a single one with a wide field of view. This
is particularly useful when the images taken have a relatively
low pixel count, such as in camera phones or PDA cameras.
Image alignment and stitching are the main procedures in this
application. Image alignment establishes geometric correspon-
dences among the images. Stitching blends the aligned images
seamlessly.

Sometimes, artifacts in stitching may arise. It is often due to
photometric inconsistency and geometric misalignment among
the images. The former is caused by various physical reasons
such as lens vignetting, exposure duration, scene illumination
and camera gain [1]. They manifest in differences in pixel
intensity values even if they represent the same location in
the object. Visible cutting curve is the most common artifact.
The latter is inherited from the imperfection of the alignment
process. Pixel intensity values at the same location may differ
when they belong to different objects. Blurred edges and
double edges are the most common artifacts in this case. These
problems make the stitching difficult: we cannot simply take
one of these values from the input images, as it would be
inconsistent with the others.

II. EXISTING APPROACHES

Image stitching methods usually modify the images or find
their optimized matching in different domains. Here, we clas-
sify them into three broad areas in terms of domain: intensity-
domain approach, gradient-domain approach and frequency-
domain approach.

A. Intensity-domain Approach

Methods in this approach are classical and simple, however,
they usually give obvious artifacts even in some common
situations. Optimal seam methods [2], [3], [4], [5] search for
the optimal curve in the overlap region where the intensity
differences between the two input images are minimal. Each
image is then copied to its corresponding side. Seams on
the curve could be noticeable when the differences are not
zero, which occurs when photometric inconsistency exists.
Feathering [6] blends the intensities of the overlapping pixels
into their weighted averages. The weighting of each of them
is inversely proportional to its distance from its corresponding
image center. Some blurred or double edges would appear when
the images are not well-aligned. Color correction [7] formulates
the photometric inconsistency among the images and then
tunes their photometric properties before stitching. However,
since the formulation is highly sensitive to the geometric
misalignment, wrong formulation would lead to poor tuning.

B. Gradient-domain Approach

Gradient-domain image stitching [1] optimizes an energy
function defined in terms of pixel gradient values. It aims to
obtain a result whose gradient values are close to those of
the input images. In the process, the creation of new edges
are suppressed and the images could blend regardless of their
differences in mean intensities. However, the cutting curve
may become noticeable when photometric inconsistency is non-
uniform.

C. Frequency-domain Approach

Laplacian pyramid blending [8] smooths the transition be-
tween the images in each frequency band independently. It gives
a wider transition zone to a lower band and a narrower zone
to a higher one. It can produces less double edges when the
images are misaligned, while it gives a smooth transition when
the inconsistency exists. However, users may feel difficulty in
understanding and controlling it, as the values in the frequency
domain is not as intuitive as in the spatial one.

In [9] and [10], we have developed the curvature-domain
image stitching method, which is particularly useful to match
images with non-uniform photometric inconsistency. We have
introduced its basic formulation, the selection of parameters
and some performance-enhancing tools. In this paper, we will
continue to explore how to improve its computational and visual
performance. In Sect. III, we will first briefly introduce the
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background of this method. In Sect. IV, we will introduce
our new method which matches the global and local contents
with energy functions designed to balance the computation
time and visual quality. In Sect. V, we will show that both
time and quality are improved under subjective and objective
comparisons.

III. BACKGROUND

Curvature-domain image stitching [9], [10] minimizes an
energy function defined in terms of pixel intensity, gradient
and curvature values.

Let ĝ(x, y) be the resulting image, g1(x, y) and g2(x, y)
be the two aligned input images. Let α(x, y) ∈ [0, 1] be the
weighting mask that determines the weighting between g1 and
g2. Let βi(x, y) ∈ [0, 1] be an another weighting mask that
determines the weighting of the ith derivative among all the
considered derivatives i.e. the intensity, gradient and curvature
values. Let ‖ · ‖p be the Lp vector norm. The energy function
E(ĝ) is defined as:

2∑
i=0

( ∑
(x,y)∈Ω1

α(x, y)βi(x, y)‖Di(ĝ(x, y) − g1(x, y))‖p
p+

∑
(x,y)∈Ω2

(1 − α(x, y))βi(x, y)‖Di(ĝ(x, y) − g2(x, y))‖p
p

)
,

(1)

where Ω1 and Ω2 are the capturing regions of g1 and g2,
respectively. Dif is the ith derivative operator for the real
function f such that D0f = f , D1f = [∂f

∂x , ∂f
∂y ] and D2f =

[∂2f
∂x2 , ∂2f

∂y2 ], representing the intensity, gradient and curvature
values respectively.

The choice of Lp-norm determines the type of the optimal
solution and thus the result. In [9], we have shown that when
the inputs are misaligned, using L1-norm gives no smearing
artifacts around the cutting curve, but they appear severely when
using L2-norm.

We have tested some choices of α(x, y). We have shown that
the optimal-cut mask, which assigns a step from 1 to 0 when
crossing an optimal cutting curve, does not produce artifacts
such as blurred or double edges under the misaligned situation.
On the other hand, the other types of masks, with values ranging
between 1 and 0 in the overlap region, require longer time to
reach their optimum but give the double-edges artifacts.

For choosing βi(x, y), we have shown that only the sharp-
cut mask, which assigns each sub-region with a single type of
derivative, gives no abrupt cutting edge. In [10], we have also
shown how its design determines the degree of modification
allowed in the image contents.

IV. METHOD

First, we let a user-defined local region be ΩL, which is the
shrunk or stretched overlap region and let the global region
be ΩG = Ω1 ∪ Ω2 \ ΩL. Our new method matches the two
regions by optimizing two different energy functions. Since
the global region usually has more pixels to be optimized, we

(a) (b)

Fig. 1. (a) Image 1 taken without flash. (b) Image 2 taken with flash. The
boxes show the cropping regions for extracting Image C1 and C2, respectively.

apply a simpler energy function and thus it results in a coarser
matching. The first energy function, E1(f̂1, f̂2), is defined as:∑

(x,y)∈Ω0

‖f̂1(g1(x, y)) − f̂2(g2(x, y))‖p
p, (2)

where p is the type of norm, Ω0 is the overlap region, and f̂1

and f̂2 are the polynomials to be optimized to match the input
images within the overlap region. The resulting image ĝ in the
global region is formed by tuning g1 and g2 according to f̂1

and f̂2 as below:

ĝ(x, y) =
{

f̂1(g1(x, y)) if (x, y) ∈ Ω1 \ ΩL

f̂2(g2(x, y)) if (x, y) ∈ Ω2 \ ΩL
, (3)

Since the local region usually has fewer pixels, we can afford
a more sophisticated energy function which can result in a finer
matching. We apply a special case of our developed curvature-
domain method in this region. We evaluate ĝ by optimizing the
second energy function, E2(ĝ), shown below:∑

(x,y)∈Ω1∩ΩL

αo(x, y)|D2(ĝ(x, y) − f̂1(g1(x, y)))|+
∑

(x,y)∈Ω2∩ΩL

(1 − αo(x, y))|D2(ĝ(x, y) − f̂2(g2(x, y)))|, (4)

where αo(x, y) is the optimal cut mask searched in the local
region. Note that the input derivative values are given by the
tuned g1 and g2. In addition, the boundary values are fixed by
f̂1(g1) and f̂2(g2), which is omitted in the description.

V. SIMULATION

In our simulation, we take two digital photos for the same
scene. One is taken without flash (Image 1) while another is
taken with flash (Image 2), such that non-uniform inconsistency
forms among them (See Fig. 1). Then, we crop out a region
from each of them to form the two inputs (Image C1 and C2,
respectively) for stitching. Then, we define the overlap region
as the local region.

A. Comparisons on First Energy Function

Here, we test Eq. 2 with different types of norms and
polynomials. For the norms, we test on L1-norm (p = 1)
and L2-norm (p = 2) only. For the polynomials, we test on
the quadratic polynomial (f̂i(x) = ax2 + bx + c), the linear
polynomial (f̂i(x) = bx + c) and the scaling (f̂i(x) = bx),
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Fig. 2. Plot of tuning error in local region against misalignment distance.

where a > 0, b > 0 and c ∈ R. We match Image C1 and C2
with Eq. 2 and then tune them with the optimized polynomials.
For simplicity, we keep Image C1 unchanged and thus let
f̂1(x) = x. We search for the optimized f̂2 for tuning Image
C2. In order to test the tuning performance under different
geometric alignment conditions, we shift Image C2 away from
their well-aligned condition with some pixels (in both x- and
y-directions). The tuning error in local and global regions are
measured by the Mean Square Error (MSE) between the tuned
Image C2 and Image 1 in the respective regions under their
well-aligned condition.

Fig. 2 shows the plot of the MSE in the local region against
the misalignment distance. We can notice that using L2-norm
and quadratic polynomial provides the best tuning performance
when the images are well-aligned. But, when misalignment
becomes large, using L1-norm instead produces the least tuning
error. This should be because the quadratic polynomial can
achieve a more precise matching and thus a better tuning.
Moreover, L1-norm does not give higher penalty to larger error,
which may be mostly caused by misalignment.

Fig. 3 shows the plot of the MSE in the global region
against the misalignment distance. The combination of the L2-
norm and the scaling produces the least error, while using
polynomials with more coefficients gives increasing error for
larger misalignment. This is probably because the global region
is far away from the region being matched, therefore precise
matching polynomials would fail. This suggests that if we use
different optimized polynomials in Eq. 3 and 4, the tuning result
may be better. However, for simple implementation, we would
choose to use L2-norm and the scaling for both as it is robust
for a large region.

B. Comparisons on Second Energy Function

In this simulation, we compare the visual result and the
computation time of our new method with the curvature-domain
method introduced previously in [9]. We test only under the
well-aligned condition. Fig. 4 shows the visual results of the
methods. For the previous method, the brightness and contrast
on its left and right side differ a lot. However, this does
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Fig. 3. Plot of tuning error in global region against misalignment distance.

Fig. 4. Results of our previous and new methods, respectively. Their MSEs
with Image 1 are 868.21 and 258.34, respectively.

not happen in the new one. Next, we measure the visual
performance objectively by the MSE between the result and
Image 1. The MSE of the new method is 258.34 while the
previous one gives 868.21. In the physical point of view, the
result of the new method looks more similar to a single photo
with a wider field of view. Moreover, our new method is 7.618
times faster than the previous one to reach their optimum in
this simulation.

VI. CONCLUSION

We have introduced a new method which optimizes the
global and local content with energy functions designed based
on different concerns on the computation time and the matching
quality. In the first simulation, we find that the tuning result
is better if we use different optimized polynomials for the
local and global content. In the second simulation, we compare
the method with the curvature-domain method introduced in
our previous papers. We find that this method can produce
a result as a single photo with a wider field of view while
another cannot. This is reflected objectively in the Mean Square
Error measurement. Moreover, it is several times faster than the
previous one. In our future work, we will apply some multi-
resolution techniques to the curvature-domain method, such
that we can balance between the time and quality in multiple
resolutions.
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